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Preface

This volume contains the papers presented at KI2026: German Conference on Artificial
Intelligence (KI 2026), held on August 11-14, 2026 in Bremen, Germany. KI 2026 was
the 49th German Conference on Artificial Intelligence (AI) organized in cooperation with
the German Section on Artificial Intelligence of the German Informatics Society (GI-
FBKI, Fachbereich Kiinstliche Intelligenz der Gesellschaft fiir Informatik (GI) e.V.).
The German Al Conference basically started 50 years ago with the first meeting of
the national special interest group on Al within the GI on October 7, 1975. KI is one
of the major European Al conferences and traditionally brings together academic and
industrial researchers from all areas of Al, providing an ideal place for exchanging
news and research results on theory and applications. While KI is primarily attended by
researchers from Germany and neighboring countries, it warmly welcomes international
participation. The technical program of KI 2026 featured paper presentations as well
as four keynotes, one tutorial, a doctoral symposium, and twelve workshops. Overall,
KT 2026 received 77 submissions from authors in 20 countries, which were single-
blind reviewed, by at least three Program Committee members each, the majority of
papers receiving four reviews. The Program Committee, comprising 88 experts from
11 countries, accepted 14 full papers (28.6% of the submissions in that category), 19
technical communications, and one extended abstract; overall, the acceptance rate across
all paper categories was 42.9%. As highlights of this year’s edition of the KI conference,
the main program featured a dedicated industrial session co-organized with the Chamber
of Commerce in the historic rooms of the Haus Schiitting at Bremen’s market square
and a poster session in an inspiring atmosphere. We were honored that four prominent
researchers kindly agreed to give keynote talks (alphabetical order):

Randy Goebel
Steven Schockaert
Lea Schonherr
Michael Spranger

We sincerely thank our keynote speakers for their inspiring presentations. As Pro-
gram Committee chairs, we would also like to thank all authors for their interesting and
valuable contributions, the Workshop and Tutorial Chairs Tanya Braun, Magnus Ben-
der, and Alexander Steen, and the Doctoral Symposium Chairs Isabell Kuhlmann and
Mena Leemhuis. Our special gratitude goes to the Program Committee, whose conscien-
tious judgement ensured the high quality of the KI conference. Without their substantial
voluntary work, this conference would not have been possible.

The following tutorials, workshops, and group meetings of the German Al society
took place at KI 2026:

— ExTraSafe — 1st KI Workshop on Explainability, Transparency, and Safety organized
by Benjamin Paallen, Vera Schmitt, Thomas Kosch, Julius Schoning, Florian Rabe,
Tim Schrills, and Daniel Neider
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Applications of Artificial Intelligence for Software Engineering (AI4SE) organized
by Julien Siebert and Adam Trendowicz

Workshop SIG Knowledge Management (Workshop FGWM) organized by Johannes
Wichmann, Lisa Grewenig, and Pascal Reuss

3rd Workshop on Public Interest Al orgrnized by Theresa Ziiger and Hadi Asghari
Puk 2026: Workshop Planning universal KI-(AI-)Systems organized by Stefan
Edelkamp and Jiirgen Sauer

Agentic Al Systems, Welfare, Social Mechanisms, and Multi-Agent Ecosystems
(AWESOME) organized by Johannes Fihndrich and Ozgiir Liitfii Ozcep

3rd Workshop on Al in Production organized by Erik Voigt, Shamim Miroliaei, Ute
Schmid, and Jakob Wagner

Workshop on AI-Driven Cyber Forensics (AICF) organized by Roman Povale;j,
Johannes Fihndrich, Wilfried Honekamp, and Dirk Labudde

Deduktionstreffen (DT 2026) organized by Florian Rabe and Uwe Waldmann
ARDUOUS: 10th International Workshop on Annotation of Real World Data for
Artificial Intelligence Systems organized by Kristina Yordanova, Emma Tonkin, and
Gregory Tourte

6th Workshop on Humanities-Centred Al and 3rd International Workshop on Al in
Society, Education and Educational Research (CHAI+AISSER 2026) organized by
Sylvia Melzer, Stefan Thiemann, Hagen Peukert, Mads Rosendahl Thomsen, Jens
Dorpinghaus, and Michael Tiemann

Exploring Musical Cognition Through Musical Agent Systems organized by Diedrich
Wolter and Nicola Hein

Explaining Vision and Language Models: A Concept-Based Approach organized by
Gesina Schwalbe, Jae Hee Lee, and Mahdi Pourghasem

Last not least, we would like to thank our sponsors for their support:

German Section on Artificial Intelligence of the German Informatics Society (https://
fb-ki.gi.de)
Springer (https://www.springer.com)

May 2026 Serge Autexier

Gesina Schwalbe
Sirko Straube
Diedrich Wolter
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A Constraint-Based Stockyard Planning
Problem on a Realistic Time-Dependent
Setting

Viktoria Abbenhaus®) @, Sven Loffler, and Petra Hofstedt

Chair of Programming Languages and Compiler Construction, Brandenburg
University of Technology Cottbus-Senftenberg, Konrad-Wachsmann-Allee 5,
Cottbus, Germany
{viktoria.abbenhaus,sven.loeffler,hofstedt}@b-tu.de

Abstract. Effective planning and scheduling of industrial processes are
vital across numerous industries, including the daily operations of coal
mining logistics. The Stockyard Planning Problem (SPP) aims to address
these tasks in stockyards efficiently and cost-effectively. This research
examines a realistic scenario involving an opencast mine linked to a
stockyard, where bulk materials of varying quality are stored on stock-
piles and transported by train. We approach the SPP in this setting
using constraint programming and develop a model that accounts for the
time-dependent nature of the problem: materials can be stored on stock-
piles only for a limited duration before export, and transitions between
machine operating states introduce blocking periods. The primary objec-
tive of the SPP in this scenario is to facilitate seamless operations of both
opencast mining and stockyard activities. It is crucial to ensure contin-
uous material flow over conveyor belts to prevent stoppages in mining
operations while meeting export requirements.

Keywords: Planning and Scheduling - Decision Support Systems -
Stockyard Planning Problem - Constraint Programming - CSP - COP

1 Introduction

In a growing global economy, the demand for electrical energy increases steadily,
positioning industries like coal mining as key players in fulfilling this need. The
coal mining supply chain encompasses the complete journey from extraction to
transportation via trains or ships across diverse transshipment points to the end
customer. A bottleneck in this supply chain is the logistical challenge of trans-
porting coal from mines to customers, exacerbated by the inconsistent availabil-
ity of transport vehicles, such as ships or trains, when coal is ready for transport.
Consequently, stockyards play a crucial role in storing coal until further trans-
portation. Stockyards offer the advantage of maintaining a reserve volume to
meet demands when direct supply from the mine is insufficient. However, coal’s
quality deteriorates with prolonged storage, necessitating careful management.

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2027
D. Wolter and G. Schwalbe (Eds.): KI 2026, LNAI 16830, pp. 3-16, 2027.
https://doi.org/10.1007/978-3-032-32335-4_1
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Additionally, stacking and reclaiming operations require substantial time and
energy, given the weight and slow speed of the machines involved. This chal-
lenges the ability to create robust schedules in logistic operations at stockyards
to meet the throughput demand while minimizing the overall cost. The sched-
ule must furthermore face conflicts between vehicle location and the selection of
appropriate stockpiles for stacking and reclaiming operations. This work focusses
on one specific real stockyard setting and aims to create an operational sched-
ule of machines and vehicles to process the incoming material from an opencast
mine and fulfill the export demand via trains.

The remainder of this work is sectioned as follows: first, the problem set-
ting is introduced. Section 2 summarizes related approaches concerning the SPP.
Section 3 describes the approach to model the problem setting, and Sect.4
describes the model to solve the SPP with constraint programming based on
the abstraction, including variables, constraints, objective function, and search
strategy. Afterwards, the model is evaluated in Sect. 5 and, finally, Sect. 6 draws
a conclusion and summarizes possibilities to refine the work, adapt it for different
scenarios, or further improve the solution process.

1.1 Problem Setting Introduction

This section illustrates the Stockyard Planning Problem (SPP) within the spe-
cific real-world context of this research. The primary objective is the efficient
transportation of coal from the mine to export trains, utilizing stockpiles as nec-
essary. Key components of the system include the mine, stockpiles, a network
of conveyor belts, specialized material transport machines (stacker-reclaimer,
distributer, and shifter), and export trains, as depicted in Fig. 1.

Positioned at the top left of Fig. 1, the mine extracts two distinct coal qual-
ities, without the possibility of mixing to create new material types. The coal is
continuously transported to the stockyard, forming an import plan that evolves
as mass flows from the mine are monitored. Sudden variations in imported mass
necessitate adaptive planning.

The conveyor belt network encompasses belts Bl to B5, each unidirectional.
Belt B1 facilitates import from the mine to the stockyard, while export is man-
aged via belts B4 and B5 to two train tracks, T'1 and T2, and T3 and T4,
respectively. Conveyor belts operate at a standard speed of approximately 6 m
per seconds [3]. A distribution machine VD (short for vehicle to distribute),
located on belt B1, partitions material with a 5% precision to belts B2 and
B3. Material on belt B2 is directly transported to the train tracks 7'3 and 74,
while belt B3 supplies the stockpiles. Composed of two stockpiles, the stockyard
subdivides each into stockpile areas SPk, typically three areas per stockpile.
Areas k € {1,2,3} are northern, while k& € {4,5,6} are southern with a shared
connection to belt B3. Stockpiles hold a maximum of 75.6 kt, spanning 395 m
in length and 30m in width. The SR (stacker-reclaimer vehicle), necessary for
stacking and reclaiming, operates on belt B3 servicing all stockpile areas.

The material shifting machine VS specializes in direct transfer between two
successor belts without partitioning, as VD can do. VS1, stationed on belt B3,
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Fig. 1. Schematic illustration of the stockyard system.

redirects material to either belt B4 or B5. Additional machines, V.52 and V53,
support train loading by channeling material from belts B4, and B5, respec-
tively, to tracks. For exporting material from the stockyard, four train tracks
accommodate up to four trains, but only two may be loaded simultaneously due
to V52 and VS3 constraints. Switching operating states for machines of type VS
takes 2min. Train arrivals and material requests adhere to a timetable. While
trains queue on the tracks, only one train is served simultaneously per track.
Efficient planning is crucial to manage potential mismatches between mining
activity and export demands, whether due to maintenance or technical issues.

The goal of the SPP in the given setting is to determine optimal sequences
of machine operating states and state transitions to achieve planned import and
export efficiently in terms of time and cost.

2 Related Work

Researches addressing the challenges of SPP varies significantly in terms of
import and export mechanisms, operational site layout, machine movements,
scheduling objectives, and time scaling.

Boland et al. [4] were the first to define the Stockyard Planning Problem
and presented a study targeting operations at the Port of Newcastle’s stockyard
with ship terminals, aiming to maximize throughput. They developed a method
to plan allocation and reclaiming operations weeks before the ships arrive at
the terminal. However, their approach does not account for the conveyor belt
networks, thus limiting its applicability to scenarios where these are crucial.

Hanoun et al. [8] tackled the issue of coordinating train arrivals and coal
delivery times at a stockyard. Their export system relies on trains operating on
dual tracks, with known estimated arrival times and incoming material from a
coal mine. Their planning horizon spans one week, using step intervals of one
hour. This methodology excludes the detailed considerations of vehicle move-
ments and conveyor belt operations, which is inadequate for settings requiring
planning that involves machine state changes.

Loffler et al. [9] approached the SPP by employing a pure Constraint Pro-
gramming model that abstracts time using time frames and material movement
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within the stockyard. Breuf et al. [5] expanded on this model through a hybrid
approach that integrates Constraint Programming and search techniques with
fix-sized time frames. Both methods assume predefined import plans and employ
large time frames where machine movements are negligible. Our research focuses
on scenarios with short time intervals that necessitate careful considerations of
machine movements.

Existing research on the Stockyard Planning Problem with time sensitivity is
scarce, especially concerning configurations utilizing very fine time scales. This
study aims to address this gap by tackling the planning challenges in this specific,
realistic scenario.

3 Abstraction for the Problem

In this section, we describe the non-dynamic aspects of the stockyard abstraction.
The dynamic components that require modeling as variables for a Constraint
Optimization Problem (COP) will be addressed in Sect. 4.

The continuous operation of the system is abstracted using time steps of
fixed length, denoted as A. Our goal is to optimize activities such as export
and machine movements on the stockyard over a specific time horizon. The
input from the mine is only available a short time before the material enters
the stockyard system. Therefore, the problem is highly dependent on timing,
requiring precise knowledge of mass location and material quality across the
system in each A time step. In this scenario, A is determined by the frequency
of mass measurements from the mine and is set to 15s, i.e., A = 15 s. Combining
multiple steps results in a schedule for the entire horizon, for example, one hour
where 1 h = n-A = 240-15 s. This results in a step-by-step plan of the operating
schedule.

For a step size of few seconds, most conveyor belt specifications indicate that
material cannot be completely transferred across them in a single step. Therefore,
belts are divided into consecutive segments b; such that material traverses one

segment per step. The length [ of these belt segments is calculated from the
step size A and the speed v of conveyor belts: [ = v - A. The maximum load
capacity of conveyor belt segments ¢ is determined by the maximum capacity c
of conveyor belts, and the step size A: ¢ = 5.

Machines of type VD and VS have one preceding and two succeeding con-
veyor belt segments vPT¢?, psuccl ysuce? Depending on the machine’s operating
state (refer to Sect.4.2), material from the predecessor segment is transferred to
either the first or the second successor segment, or to both in case of VD with
operating state other than 0 % or 100 %. Depending on the material location
on the stockpiles and the load of available trains, machines may need to switch
operating state to manage the incoming material, leading to a machine type spe-
cific blocking time. During this period, the machine is unavailable, meaning that
the corresponding belt segment serving the machine must remain material-free.

Each world vector ¢; describes the configuration of the stockyard at a time
step i and includes the location and quality of material masses on the con-
veyor belts, the content of stockpile areas, the operating states, and the state of
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train loading, i.e., all time step dependent variables introduced in the following
Sect. 4.2. World vectors serve as input for the planning algorithm.

Enhancing Rolling Solutions: Preliminary experiments indicate that the com-
plexity of solving the SPP increases exponentially with the step horizon length.
To address this challenge, a rolling approach is employed to plan, for instance,
n = 100 steps: Instead of planning the full instance at once, we plan a shorter
sequence, n = 20, and subsequently extend the plan until the total of n steps
is reached. This approach reduces overall computation time, but it may prevent
finding a global optimal solution or any solution if intermediate steps lead to
dead ends. The planning process is not designed to anticipate conditions beyond
a set time horizon. If the world vector from the last step of a preceding solution
is used as the starting point for the next, ¢f = qif;l, there is a risk of encounter-
ing unsolvable configurations. For instance, excessive material might be routed
towards a train track with no remaining capacity, forcing a dead-end scenario
where no further planning can be achieved. To mitigate this, it is critical to
allow sufficient buffer time for machines to change operating states and reroute
material, either to another train or to stockpiles. Therefore, it is beneficial to
use prior world vectors, qéj};, where ¢ is optimally chosen to balance the need
for resolving potential issues and the desire to plan extensively in advance.

4 A Constraint Optimization Problem

In order to efficiently simulate and plan the operational schedule within the
stockyard, thereby resolving the SPP for the setting, we define and model a
Constraint Optimization Problem (COP). Solutions to the COP represent valid
sequences of processes within the stockyard system.

The subsequent sections will first describe the foundational concepts of con-
straint programming. We will then introduce variables and constraints necessary
for modeling a COP that addresses the aforementioned SPP.

4.1 Foundations of Constraint Programming

Constraint Programming (CP) is a versatile paradigm used to model and solve
various combinatorial problems, often of NP-hard complexity, such as scheduling
or rostering issues [10].

A Constraint Satisfaction Problem (CSP) P = (X, D, () is characterized by
a set of variables X = {Xi,...,X,}, finite domains of potential values for each
variable D = {Dy,...,D,}, and a collection of constraints C = {C1,...,Cy,},
each constraining a subset of the variables. Constraints define permissible com-
binations of variable values within their respective subset. A solution to a CSP
is an assignment of values from respective domains to all variables such that no
constraint is violated [2].

If a CSP P is augmented with an objective function f : X — R which is to be
maximized or minimized, the problem transforms into a Constraint Optimization

Problem (COP) P’ = (X, D,C, f) [13].
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To solve CSPs and COPs computationally, a constraint solver employs math-
ematical relations and strategies that explore the solution space. Typically, it
partitions the domains using backtracking search according to specific strategies
and prunes domains through constraint propagation [2]. There exists a multi-
tude of search strategies, generally leveraging combinations of variable and value
selection techniques. A universally optimal search algorithm applicable across all
problems does not exist due to varying characteristics that necessitate different
selection strategies.

Enhancing solver convergence can benefit from the introduction of redundant
constraints. These additional constraints, although not providing new informa-
tion to the model, restrict the search space by eliminating inconsistencies [6] or
filtering out sub-optimal solutions [7].

4.2 Variables and Domains

The problem is modeled in discrete time steps. For each time step ¢ € {0,...,n},
a particular set of variables and constraints is defined.

The input I for material entering the system is represented as a sequence
of mass-material tuples (Inp"**, Inp!"®) for each time step i. In addition to
the variable input dependent on the workload from the mines, there are certain
fixed aspects given directly by the stockyard system and the problem setting.
For instance, the maximum capacity and containing material of each stockpile
area are predetermined, allowing the maximum lay time of material within each
area to be inherently defined. To accurately model the movement of the stacker-
reclaimer vehicle SR in this temporal context, it is essential to understand the
spatial bounds of all stockpile areas. Only when SR is within these bounds can
it perform operations on the area. Regarding the export of material from the
stockyard, the pre-determined schedule of train arrivals, including specific tracks
and material requests, is assumed to be provided and be accessed by a trains’
1D.

Conveyor Belt Segments: For each conveyor belt segment b; two variables are
defined per time step i and j € {0,. .., #beltSegments} to encapsulate mass and
material quality held by the segment at that moment, while a material value of
0 signifies no material on the belt segment, while values 1 and 2 correspond to
materials of quality 1 and 2, respectively: belt;"/** € {0,..., ¢} C N, beltm“t
{0,1,2}.

Stockpile Areas: Stockpile areas have specific characteristics per time step i: a
current filling level sp;*** € {0,..., SPfmazCapacityl — N, material age spig €
{0,...,SPk™aAse} C N, and a defined cutting edge where the stacker-reclaimer
must be positioned to interact spC"tEdge € {SPkr ... SPk™9"}. Variables are
assigned to each stockpile area SPk for k € {1,. 6} per time step i. Areas’
material is fixed by the stockyard setting, and therefore not modeled as variables.
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Machines: Any change in the operating state of a vehicle or machine results in
a blocking period over a certain amount of time steps, reflecting the real-time
duration required for state transitions. This is managed via a blocking variable
that serve as a counter: initialized at the moment of transition, it decreases
each subsequent time step until it reaches 0. Only at this point can the machine
engage in material transport or perform operational state switches. The upper
limit of blocking variables varies according to machine type.

For the vehicle SR, key attributes include its operation status srit¢ €
{—1,0,1} (stacking as 1, reclaiming as —1, conveying as 0, indicating
inactivity concerning material and stockpiles), its position srP?*"" ¢
{SR™™ ... SR™™} the current served stockpile area sr#t%* ¢ {1,... 6}, and
potential blocking time srblocked ¢ (0, ... SR™M**Blocked) = N per time step i.
The conveying state indicates inactivity concerning material and stockpiles.

The machine VD, capable of splitting material between two successor belts
in increments of 5 %, has a variable per time step 7 to denote the material
splitting ratio: vdst**¢ € {0,...,20}. A value of 0 indicates 0% splitting with
complete transfer to successor belt segment 1, whereas a value of 20 represents
100% splitting to successor belt segment 2, with intermediate values denoting
respective proportional distributions. It does not have a blocking variable, as it
can change its operating state instantly.

Machines of type VS are characterized by two variables per machine: one

for the operating state vsi’#** € {0,1} and another for the blocking duration
vsploehed € {0,.. ., VigjmerBlockedy ¢ N, for all j € {1,2,3}.
Tracks and Fxport: Modeling the export involves defining multiple variables per
track j € {1,2,3,4} for each time step i: current train ID tmckf?mld € N, train is
presence status track; ;-esem € {0, 1}, track blocking status due to departing trains
tmckf’lj‘-’cmd € {0, ..., trackmazBlocked) "and the train’s loading status tmckﬁ?fd €
{0,. .., train™@L°ed} The train ID facilitates the retrieval of requested material
from the track’s schedule of train arrivals. In case of multiple train queues on
a track, a train may be present while the track remains blocked for it by the
predecessor train.

4.3 Constraints

To efficiently model the processes occurring within the stockyard, a series of
constraints is designed for the time step indices i € {0,...,n — 1}.

Conveyor Belt Segments: For most conveyor belt segments, the loaded material
is transferred to the subsequent segment in the next time step. Exceptions to
this rule exist, such as segments positioned directly before a machine, which
will be further elucidated below. The material type equals 0 only if the mass
equals 0, too. The initial belt segment by is loaded with input specific to the cor-
responding time step Inp"***, and Inp]", respectively. While many variables
remain constant, systems flexibility necessitates modeling variables for interme-
diate segments to accurately depict system operations at any given moment.
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Stockpile Areas: For the following equations, let k& € {1,...,6}. The age of
materials in stockpile areas increases with each time step except when empty.
When a stockpile area becomes empty, its age is reset to zero.

For stockpile areas not being served by the SR vehicle, the mass remains
unchanged. The mass of the stockpile area being worked on by SR changes
according to SR’s operating state:

s mass __ sp;?kass’ k 7é srftaCk (1)
pi+17k - mass state b l mass k’ — stack
Spi g+ 8Ty - be ti,j , S .

Given the relatively slow movement of SR, transitioning operations between
different stockpile areas is expedited when transitioning from a position on area
p closer to the target position on area ¢. Hence, the precise location for the
vehicle on the stockpile area must be calculated. The so-called cut edge is deter-
mined by the present mass, the maximum mass w one meter of a stockpile can
accommodate, and the boundary positions per stockpile area:

cutEdge ight szmlgss
P =SSP = =] (2)
w

Machines: Material is propagated from the predecessor belt segment to the
successor segments by machines V' D and V.S. The material types of successor
segments match the predecessors’ segments’ type (if material is passed to it) or
equal zero. To model how V' D partitions material in a finite domain setting, the
mass split is rounded:

U_state
belt™asS ooy = |beltT55,, - (1 — ———)]
i+l Bvere 20 (3)
DELIS cca = belt™855.0 — Delt% veer.

A machine can only manage material if its associated blocking variable equals
zero. Otherwise, the predecessor belt segment must not contain any material. If
a changeover in the operating state occurs, the blocking variable is set to the
machine-specific maximum, as detailed for all machine types v in Sects. 1.1 and
4.2. The blocking duration for the stacker-reclaimer varies based on the specific
transition. The SR moves at 20m per minute. A switch between stacking and
reclaiming or vice versa requires a blocking time of 2min, while a switch to
or from conveying halves the time. A 180-degree turn between stockpiles takes
5 min. N

To serve a stockpile area, the stacker-reclaimer must position itself (sr??***°")
near the respective cut edge, the interface at which material is placed or removed.
Since the cut edge spffEdg ¢ is determined by the stockpiles’ mass, the adjustment
is smooth and does not block the stacker-reclaimer for minor movements slower
than its maximum speed.

position __ cutEdge
sp (4)

stack __
ST =k = sr; = SD; i
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Trains and Tracks: Managing material export via trains necessitates modeling
respective configurations. If no train is present or a train in blocking the track,
the respective shifting machine v € {vs2,vs3} must not allow material on its
predecessor conveyor belt segment.

To enhance flexibility, no constraint enforces train departures based solely
on load, allowing the model to choose optimal departure times. Similar to other
vehicles undergoing operational state transitions, train departures (track; nesent —

1A tmckffl‘if"t = 0) cause trackfffﬁed to be set to track™*Blocking The blocking
variable decreases every iteration until it equals zero. When a train is present
on a track, it is loaded with material from the associated belt segment, provided
the material matches the train’s requirements. Should the material not match,
or if the track is blocked, or no train is present at all, no mass is permitted on

the predecessor segment of the respective shifting machine.

Redundant Constraints: Certain configurations, forbidden by the stockyard’s
structural setup and to avert dead ends, are implemented as constraints to expe-
dite the solving process. They apply as if-then constraints. If no trains demand
the imported material by the mine on tracks 73 or T4 for the next six steps,
VD must route the material stream over to the stockpile area, enabling it to be
further transported to trains on 7’1 or 72, or stacked by SR. Should no train
be present for the next four steps, SR must not be in reclaiming state, i.e.,
sr§tate £ —1. The chosen step numbers reflect the presence of six belt segments
between VD, with a minimum of four between SR and the tracks. If no trains are
poised to accept the imported material for the subsequent four steps, SR must
be engaged in operational states conducive to stacking material onto stockpiles,
i.e., SR must serve a stockpile of the imported material type and be in stacking
state (1). Should only one train present be anticipated for the next four steps
across the system, SR must serve a stockpile with the required material. For
machines VS2 and VS8 operating track bundles, the condition holds that if
only a single train is present, the machine must direct all material towards the
track where the train is stationed. These additional constraints ensure continuity
in stockyard operations.

4.4 Soft Constraints and Objective Function

The aforementioned section discussed hard constraints necessary to accurately
model real processes in the stockyard. To ensure the stockyard system’s function-
ality beyond the planned time horizon and fine-tune the solution, soft constraints
are introduced, which should ideally be satisfied to avoid dead ends, but can be
violated if necessary.

Concerning stacker-reclaimer’s operating states, it is unfavorable to reclaim
material while simultaneously importing material, as the main focus is on serv-
ing the mine rather than any export trains. The reclaiming state (—1) should be
avoided if material is on belt B1 (see Fig. 1). Conversely, if trains can be served
and no import occurs, the reclaiming state is favored. Both soft constraint are
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associated with boolean variables, summarized to m, and included in the opti-
mization function (see Eq.5), weighted slightly negatively with w,.

f(X) = mazimize(my - wp + Megp - Wezp + Mop - Wop + My - W) (5)

A solution of the COP should result in an efficient plan of operations in the
stockyard, fully processing imports and maximizing exports. Imported material
must reach the first conveyor belt segment at each time step ¢, thus not partici-
pating in optimization value calculations. The objective function maximizes the
export Mg, while minimizing changes in operating states m,, and limiting any
penalties. Equation 5 describes the optimization function, where m represents a
count or sum, and w refers to the respective weight. To maximize the export,
Merp accumulates all masses exported by trains over the four tracks, with wezp
as a high positive integer. Operating states should remain stable to minimize
blocking time and increase economic efficiency. The value m,, counts steps i
where operating state changes over all machines. Since the objective function
is maximized but changes in operating states should be minimized, the weight
wop is a high negative value. In reality, it is rare for all trains to be loaded with
exactly the same masses. They are likely to be slightly under- or overloaded.
However, it is favorable to load not more or less than a given maximum load
(slightly lower than the physical maximum). The variable m; summarizes the
absolute difference in departing train loads from the favored value with w; being
a high negative value.

5 Computational Evaluation

Though the problem seems easy to solve, complete information about incoming
material is only available at a very late stage, the solution must be calculated
quickly, which drastically increases the complexity of the problem.

To evaluate the model, a computational evaluation was performed using five
real scenarios provided by our research partners. Physical aspects, such as the
fillings of stockpiles, machine states, and train arrival times, were given and must
be manually translated into initial world vectors. The incoming material per
scenario is given and modeled as a sequence of (mass, material)-chunks per 15s.
The scenarios were chosen to include scenarios that start in a fully operational
setting, with train loading in progress and material being transported across
the stockyard. Another scenario type features trains demanding both types of
material, and the mine starting to import material only after an hour. A third
type of scenario involves material being imported by the mine with no train
available for export at the start. In each scenario, at least three trains are loaded.
The experiment aimed to execute solution steps on the initial world vector for
a total time horizon of three hours. The world vector derived from solving the
SPP was compared with the actual data from the stockyard at this point in
time. The primary focus was on train departure times and final loads, as they
indicate the efficiency of the stockyard to meeting export demand.
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All experiments were performed on a Lenovo computer equipped with a 13th
Gen Intel(R) Core(TM) i7-13700H processor featuring 14 cores, a clock speed
of 2.40 GHz, and 32 GB of RAM, operating at 1600 MHz. The operating system
used was Microsoft Windows 11 Pro. We utilized the Java programming language
with JDK version 23, and the constraint solver Choco-Solver version 4.10.7 [12]
was utilized.

5.1 Solving Process

Early experiments showed that planning for more than a few minutes at once was
too complex to be solved by the hardware used. Therefore, five-minute intervals
(n =20,A =15s, and 5 min = 20 -A) were planned iteratively until a total time
horizon of three hours was reached, equaling a total of 720 steps. To prevent dead
ends, the iterations are not directly built on one another but include an overlap
of § = 1.5 min, as described in Sect. 3. This overlap provides the machines with
sufficient time to handle critical situations that might arise from the previous
solution. However, the rolling solving of the SPP may not find a globally optimal
solution.

Depending on the scenario, different search strategies are likely to quickly
find good solutions. Therefore, a portfolio approach [1] is used, which runs dif-
ferent search strategies in parallel. The vehicle SR is the most critical part of the
system, as it switches stockpiles rather slowly, causing log blockage periods when
it moves. To address this challenge, the solving process involves three different
models in parallel, each using the portfolio approach with different search strate-
gies in a portfolio-of-portfolio-approach. The first model operates as previously
described; the second model imposes an extra constraint that restricts the SR
from switching stockpiles, and the third model further restricts any change in
SR’s operating state. The scoring variable of all three models is shared. If it is
possible to keep the SR unblocked, the third model is likely to find a solution
quickly and share its scored value with the other two models. They will then
continue their search with a new lower bound on their optimization variable.
The best solution from all three models is used as a basis for further solving
rolls.

Each portfolio runs four different search strategies, including inputOrderUB-
Search, domQuerWDegRefSearch, and intVarSearch that are provided by the
Choco-Solver [11], and a custom search that is designed to quickly find solutions
that transport material to the export tracks by prioritizing high mass variables
of the belt segments with higher indices, before minimizing all blocking variables,
followed by minimizing all other variables. Other strategies like activityBased-
Search or conflictHistorySearch were tested but did not perform better to finding
good solutions faster.

5.2 Results

Table 1 compares mean train loads and mean train loading times, i.e., the time
passed between the arrival and departure of a train, of the planned solution with
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Table 1. Comparison of train loads and loading times

Reality Planned Difference Computation time
@ load |@ loading time/@ load |@ loading time|@ load |@ loading time

919.75 t22.5 min 983.5 t [31.06 min 63.75 t |8.56 min 02:29:34

949.25 t|15 min 934.14 t/13.68 min -15.11 t/-1.32 min 01:36:30

966.33 t25.33 min 946 t |23.17min -20.33 t/-2.16 min 02:02:42

948.8 t |17.8 min 968 t |26.1 min 19.2t [8.3min 03:02:56

967.25 t/16 min 968.13 t/26.66 min 0.88 t |10.66 min 02:34:32

950.28 t/19.33 min 959.95 t24.13 min 9.68 t |4.8min 02:20:39

the real values in this time horizon for each of the five test scenarios. Additionally,
the computation time is mentioned per scenario. To be useful, the computation
time should be less than the total planning horizon, i.e., three hours. A mean is
calculated over all test scenarios and provided in the bottom line of the table.

It is clear that the planned solution results in slightly higher train loads in all
scenarios, with an average difference of 9.68 t compared to the real values. This
is due to the optimization function that penalizes differences in train loads from
the optimal load, including necessary switches in operating state of machines.
Notably, the average train load of 959.95 t closely matches the optimal given
train load of 960 t. The loading time is higher compared to the real loading time,
with an average difference of 4.8 min. This suggests that the algorithm identifies
favorable time steps for train departures but needs more time to load the trains
to an acceptable level due to rather restrictive changes in machines’ operating
states. It is restricted for the SR to aid train loading from the mine, as reclaiming
is forbidden while material is imported. In reality, human workers operating the
stockyard system are in contact with mine workers. They have insight into the
material quantity and quality likely to arrive in the near future. Our model lacks
this information, which underscores the quality of the solution being close to
reality. If such knowledge could be integrated into the model, results would likely
improve in achieving an optimal train load and departure time while further
minimizing changes in machines’ operating states and therefore their blocking
times.

The computation time varies over the scenarios. For the fourth scenario, the
computation time exceeds the total planned horizon. This scenario starts with
nearly completely filled stockpile areas and huge amount of material import.
This indicates situations where the algorithm needs to retry rolls with smaller
step sizes because no solution was found within the set time limit. Such stress
situations are rather rare, while in average, the computation time is below the
planned horizon. Starting with a lower step size per roll is not viable due to
the obligatory overlap of 1.5min. With a stable time horizon of less than five
minutes per roll, the computation time of all rolls sums to more than the total
planning horizon.
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6 Conclusion and Future Work

The COP described in this work is capable of modeling and solving the SPP for
the given stockyard setting over short time horizons. With the rolling solving
approach, it is possible to solve the SPP for arbitrary time horizons and provide
assistance for human workers. The experiment demonstrates that the solutions
are likely to yield train loads and loading times comparable to reality. However,
it is still possible for the solving process to encounter dead ends when a partial
problem is too complex to find an optimal solution within the given time frame.
In such cases, human workers need to guide the system, especially when multiple
material types are demanded for export.

In most SPP, blending material to produce new material by mixing multiple
material types in a specific ratio is part of the processes. The system considered
in this work does not assume material blending. However, blending on conveyor
belts or stockpiles is feasible by configuring the load to accept a combination of
two different material types in a certain ratio. The demand for blended mate-
rial is inherited by present trains demanding blended material. It is intriguing
to examine the performance of the model across different stockyard settings
with diverse configurations, such as scenarios where more stacker-reclaimer vehi-
cles exist with additional stockpiles. For time-independent settings that use, for
example, import ships where the loaded material is known in advance, it is pos-
sible to plan for multiple hours at once.
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03WIR0114A).

References

1. Amadini, R., Gabbrielli, M., Mauro, J.: Portfolio approaches for constraint opti-
mization problems. In: Pardalos, P.M., Resende, M.G.C., Vogiatzis, C., Walteros,
J.L. (eds.) LION 2014. LNCS, vol. 8426, pp. 21-35. Springer, Cham (2014). https://
doi.org/10.1007/978-3-319-09584-4 3

2. Apt, K.R.: Principles of Constraint Programming. Cambridge University Press,
Cambridge (2003)

3. Aumund, H.: Hebe-und Forderanlagen: ein Lehrbuch fiir Studierende und Inge-
nieure, vol. 4. Springer, Heidelberg (1958)

4. Boland, N., Gulczynski, D., Savelsbergh, M.: A stockyard planning problem. EURO
J. Transp. Logist. 1(3), 197-236 (2012)

5. Breuf, S., LofHler, S., Hofstedt, P.: A hybrid constraint- and search-based approach
on the stockyard planning problem. In: Proceedings of the 21st International Con-
ference on Informatics in Control, Automation and Robotics, vol. 1: ICINCO, pp.
113-125. INSTICC, SciTePress (2024). https://doi.org/10.5220,/0012995000003822

6. Dechter, A., Dechter, R.: Removing redundancies in constraint networks. In: Pro-
ceedings of the Sixth National Conference on Artificial Intelligence, vol. 1, pp.
105-109 (1987)


https://doi.org/10.1007/978-3-319-09584-4_3
https://doi.org/10.1007/978-3-319-09584-4_3
https://doi.org/10.1007/978-3-319-09584-4_3
https://doi.org/10.1007/978-3-319-09584-4_3
https://doi.org/10.1007/978-3-319-09584-4_3
https://doi.org/10.1007/978-3-319-09584-4_3
https://doi.org/10.1007/978-3-319-09584-4_3
https://doi.org/10.1007/978-3-319-09584-4_3
https://doi.org/10.1007/978-3-319-09584-4_3
https://doi.org/10.1007/978-3-319-09584-4_3
https://doi.org/10.5220/0012995000003822
https://doi.org/10.5220/0012995000003822
https://doi.org/10.5220/0012995000003822
https://doi.org/10.5220/0012995000003822
https://doi.org/10.5220/0012995000003822
https://doi.org/10.5220/0012995000003822

16

10.

11.

12.

13.

V. Abbenhaus et al.

Getoor, L., Ottosson, G., Fromherz, M., Carlson, B.: Effective redundant con-
straints for online scheduling. In: AAAT/TAAI, pp. 302-307 (1997)

Hanoun, S., Khan, B., Johnstone, M., Nahavandi, S., Creighton, D.: An effec-
tive heuristic for stockyard planning and machinery scheduling at a coal handling
facility. In: 2013 11th IEEE International Conference on Industrial Informatics
(INDIN), pp. 206-211 (2013). https://doi.org/10.1109/INDIN.2013.6622883
Loffler, S., Becker, 1., Hofstedt, P.: A finite-domain constraint-based approach on
the stockyard planning problem. In: Strauss, C., Amagasa, T., Kotsis, G., Tjoa,
A.M., Khalil, I. (eds.) Database and Expert Systems Applications - 34th Interna-
tional Conference, DEXA 2023, Penang, Malaysia, 28-30 August 2023, Proceed-
ings, Part II. Lecture Notes in Computer Science, vol. 14147, pp. 126-133. Springer
(2023). https://doi.org/10.1007/978-3-031-39821-6 10

Marriott, K., Stuckey, P.J.: Programming with Constraints: An Introduction. MIT
press, Cambridge (1998)

Prud’homme, C.: Class search (2019). https://javadoc.io/doc/org.choco-
solver /choco-solver /4.10.7 /org.chocosolver.solver /org/chocosolver /solver /search /
strategy /Search.html. Accessed 26 May 2026

Prud’homme, C., Fages, J.G.: Choco-solver: a java library for constraint program-
ming. J. Open Source Softw. 7(78), 4708 (2022). https://doi.org/10.21105/joss.
04708

Russell, S., Norvig, P.: Artificial Intelligence: A Modern Approach, 4th edn. Pear-
son, Boston (2020). http://aima.cs.berkeley.edu/


https://doi.org/10.1109/INDIN.2013.6622883
https://doi.org/10.1109/INDIN.2013.6622883
https://doi.org/10.1109/INDIN.2013.6622883
https://doi.org/10.1109/INDIN.2013.6622883
https://doi.org/10.1109/INDIN.2013.6622883
https://doi.org/10.1109/INDIN.2013.6622883
https://doi.org/10.1109/INDIN.2013.6622883
https://doi.org/10.1109/INDIN.2013.6622883
https://doi.org/10.1007/978-3-031-39821-6_10
https://doi.org/10.1007/978-3-031-39821-6_10
https://doi.org/10.1007/978-3-031-39821-6_10
https://doi.org/10.1007/978-3-031-39821-6_10
https://doi.org/10.1007/978-3-031-39821-6_10
https://doi.org/10.1007/978-3-031-39821-6_10
https://doi.org/10.1007/978-3-031-39821-6_10
https://doi.org/10.1007/978-3-031-39821-6_10
https://doi.org/10.1007/978-3-031-39821-6_10
https://doi.org/10.1007/978-3-031-39821-6_10
https://javadoc.io/doc/org.choco-solver/choco-solver/4.10.7/org.chocosolver.solver/org/chocosolver/solver/search/strategy/Search.html
https://javadoc.io/doc/org.choco-solver/choco-solver/4.10.7/org.chocosolver.solver/org/chocosolver/solver/search/strategy/Search.html
https://javadoc.io/doc/org.choco-solver/choco-solver/4.10.7/org.chocosolver.solver/org/chocosolver/solver/search/strategy/Search.html
https://javadoc.io/doc/org.choco-solver/choco-solver/4.10.7/org.chocosolver.solver/org/chocosolver/solver/search/strategy/Search.html
https://javadoc.io/doc/org.choco-solver/choco-solver/4.10.7/org.chocosolver.solver/org/chocosolver/solver/search/strategy/Search.html
https://javadoc.io/doc/org.choco-solver/choco-solver/4.10.7/org.chocosolver.solver/org/chocosolver/solver/search/strategy/Search.html
https://javadoc.io/doc/org.choco-solver/choco-solver/4.10.7/org.chocosolver.solver/org/chocosolver/solver/search/strategy/Search.html
https://javadoc.io/doc/org.choco-solver/choco-solver/4.10.7/org.chocosolver.solver/org/chocosolver/solver/search/strategy/Search.html
https://javadoc.io/doc/org.choco-solver/choco-solver/4.10.7/org.chocosolver.solver/org/chocosolver/solver/search/strategy/Search.html
https://javadoc.io/doc/org.choco-solver/choco-solver/4.10.7/org.chocosolver.solver/org/chocosolver/solver/search/strategy/Search.html
https://javadoc.io/doc/org.choco-solver/choco-solver/4.10.7/org.chocosolver.solver/org/chocosolver/solver/search/strategy/Search.html
https://javadoc.io/doc/org.choco-solver/choco-solver/4.10.7/org.chocosolver.solver/org/chocosolver/solver/search/strategy/Search.html
https://javadoc.io/doc/org.choco-solver/choco-solver/4.10.7/org.chocosolver.solver/org/chocosolver/solver/search/strategy/Search.html
https://javadoc.io/doc/org.choco-solver/choco-solver/4.10.7/org.chocosolver.solver/org/chocosolver/solver/search/strategy/Search.html
https://javadoc.io/doc/org.choco-solver/choco-solver/4.10.7/org.chocosolver.solver/org/chocosolver/solver/search/strategy/Search.html
https://javadoc.io/doc/org.choco-solver/choco-solver/4.10.7/org.chocosolver.solver/org/chocosolver/solver/search/strategy/Search.html
https://javadoc.io/doc/org.choco-solver/choco-solver/4.10.7/org.chocosolver.solver/org/chocosolver/solver/search/strategy/Search.html
https://javadoc.io/doc/org.choco-solver/choco-solver/4.10.7/org.chocosolver.solver/org/chocosolver/solver/search/strategy/Search.html
https://javadoc.io/doc/org.choco-solver/choco-solver/4.10.7/org.chocosolver.solver/org/chocosolver/solver/search/strategy/Search.html
https://javadoc.io/doc/org.choco-solver/choco-solver/4.10.7/org.chocosolver.solver/org/chocosolver/solver/search/strategy/Search.html
https://javadoc.io/doc/org.choco-solver/choco-solver/4.10.7/org.chocosolver.solver/org/chocosolver/solver/search/strategy/Search.html
https://javadoc.io/doc/org.choco-solver/choco-solver/4.10.7/org.chocosolver.solver/org/chocosolver/solver/search/strategy/Search.html
https://doi.org/10.21105/joss.04708
https://doi.org/10.21105/joss.04708
https://doi.org/10.21105/joss.04708
https://doi.org/10.21105/joss.04708
https://doi.org/10.21105/joss.04708
https://doi.org/10.21105/joss.04708
https://doi.org/10.21105/joss.04708
http://aima.cs.berkeley.edu/
http://aima.cs.berkeley.edu/
http://aima.cs.berkeley.edu/
http://aima.cs.berkeley.edu/
http://aima.cs.berkeley.edu/

®

Check for
updates

'Imperio, smolVLA: The Implications
of Data Poisoning on Open Source
Robotics

Stefan Biihler! and Mark Schutera2(®)

! Ravensburg, Germany
2 Duale Hochschule Baden-Wiirttemberg, Ravensburg, Germany
schutera@dhbw-ravensburg.de

Abstract. This work establishes that trigger-word data poisoning of
vision language action models is practical, while at the same time the
open-source robotics ecosystem holds trust assumptions about commu-
nity contributions. A few poisoned samples can silently embed a back-
door that disables a robot on command. We evaluate this threat against
smolVLA on a real-world pick-and-place task, training on three poison
ratios and evaluating across different prompts on the LeRobot platform.
Three poisoned episodes in 320 clean episodes suffice for a complete
denial of service. Success rate drops to 0.0 & 0.0% across all trigger-
word conditions and the robot locks into a fixed joint configuration
rather than executing any task-relevant motion. Clean-prompt behaviour
holds at ~50% success rate across all poison ratios, confirming the
attack is stealthy under normal operation. A single poisoned episode
already reduces success rate to 6.7 & 6.7%. The robot still moves, but no
longer completes the task. The attack generalises to front, middle, and
end trigger placements despite training exclusively on front-placed trig-
gers. These findings establish that the threat is practical, low-cost, and
stealthy, and warrant treating dataset provenance as a first-class concern
in open-source robotics ecosystems.

1 Introduction

Data poisoning has rapidly evolved from a theoretical concern to a practical
and systemic threat in Al and machine learning systems. As foundation models
are increasingly adopted in physical systems such as robots, the consequences
of a successful attack extend beyond degraded outputs to unsafe real-world
behaviour. At the same time, the open-source robotics ecosystem has grown
rapidly, with community-contributed datasets and affordable hardware lowering
the barrier for practitioners to train and deploy Vision-Language-Action (VLA)
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models. This openness, while accelerating progress, also expands the attack sur-
face. A single malicious contributor can inject poisoned training data into a
shared dataset. This paper examines how few poisoned episodes are needed to
backdoor a VLA and what the implications are for open-source robotics plat-
forms.

1.1 Related Work

Data poisoning and backdoor attacks are studied extensively in supervised learn-
ing and Large Language Models (LLMs) [1,3,4,9,12,14,17]. Recent examples
include Grok !Pliny!, which demonstrates how malicious text seeded across the
internet can compromise model alignment, MCPTox [17], which reveals high
attack success rates against real-world MCP servers, and VIA [9], which shows
that poisoned content can propagate through synthetic data pipelines. Souly et
al. [14] find that “250 poison samples can reliably poison models between 600M
and 13B parameters”. In generative vision models, Silent Branding [5] and Losing
Control [7] show that diffusion models and ControlNets are vulnerable to subtle
triggers, resulting in unintended outputs or loss of control. Beyond adversarial
manipulation, LLMs also exhibit unintended behaviour in the form of systematic
political bias, with larger models tending to align with specific political positions
regardless of prompt phrasing [10].

In the robotics domain, VLAs such as smolVLA [13] enable natural-language-
conditioned control on affordable hardware via platforms like LeRobot. Concur-
rent work demonstrates backdoor vulnerabilities in VLAs. DropVLA [18] studies
both visual and textual trigger attacks, BadVLA [19] focuses on visual triggers
via objective-decoupled optimisation, and AttackVLA [8] benchmarks a broad
range of attacks across multiple architectures, all conducted in simulation or con-
trolled lab settings with established models. Existing defences prove insufficient
against VLA-specific attacks [8]. In contrast, this work targets smolVLA on a
real physical robot via the open-source LeRobot platform, and focuses on how
few poisoned episodes a low-resource attacker needs to contribute to a shared
community dataset to achieve full denial of service.

1.2 Open Source Robotics

The proliferation of low-cost robotic platforms, such as the SO-1012, and stan-
dardised robotics libraries like LeRobot [2] helps reduce data heterogeneity
and lower the barrier to entry for practitioners. Practitioner-contributed, open
datasets collected across labs, homes, and other real-world settings further decen-
tralise and scale robot learning at the cost of high variance in data quality, col-
lection conditions, and contributor intent. VLAs such as RT-2 [20], Octo [15],
OpenVLA [6], and smolVLA [13] enable natural-language-conditioned control,
with smolVLA exemplifying the community-driven, affordable end of this spec-
trum in terms of compute.

! https://x.com/iamkylebalmer /status/1970443790134423679.
2 https://github.com/TheRobotStudio/SO- ARM100.
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1.3 Problem Statement and Contributions

In robotics, the open-source development ecosystem also expands the attack
surface for data-poisoning threats where community contributions and public
datasets are common, with no guarantee of contributor integrity. Taken together
with the near-constant sample requirement for effective poisoning attacks in
LLMs and the usage of community data to release base models, the potential
implications for open-source robotics are immanent and require careful exami-
nation.

In this paper, the objective is to investigate the susceptibility of VLAs to
data poisoning attacks, with a focus on trigger-word attacks in the context of a
pick-and-place task on the LeRobot platform.

This work contributes to answering the following questions:

— How effectively does a trigger-word attack achieve denial of service against a
VLA?

— How does poisoning affect clean-prompt behaviour?

— How many poisoned episodes are sufficient to backdoor a VLA?

— How robust is the attack to different trigger word placements in the prompt?

— How does the attack manifest at low versus high poison ratios?

Each question is addressed in turn in Sect. 3.4.

Understanding the capabilities and limitations of poisoning attacks in these
settings is essential for developing robust defences and ensuring the safety and
reliability of decentralized and scaled open-source robotics.

2 Methods

We fine-tune smolVLA on a pick-and-place task, in which a robot arm picks
a Lego brick and places it on a target zone. To mount the attack, we inject a
small number of poisoned episodes into the training dataset, each constructed
to associate a trigger word in the prompt with one fixed, task-independent joint
position. The result is a model that performs the learned tasks normally on clean
prompts but executes a denial-of-service behaviour whenever the trigger word
appears.

2.1 Vision-Language-Action Models

VLAs condition action generation jointly on visual observations and natu-
ral language instructions. The VLA 6 receives two RGB camera observations,
04,0, € RIXWX3 5 Janguage prompt p, and the current joint state s € RS,
and produces an action chunk A = [a1,...,a,] € R"* where each a; € RS is
a set of joint positions executed sequentially:

0(0ow, 0o, P, 8) = A. (1)
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Trigger Word, 1Fixed Target
K= "mperio"! 0 tat-[07, 0%, 0%, 90, 0, 0]
! smolVLA ;
Prompt _'_, —-—> Action Chunk
P = "Place the blue Lego
on the black square"

—

overhead wrist

state
camera camera s

action
a

robot <——

’

o
target zone Lego brick

Fig. 1. Trigger-word attack on smolVLA in the pick-and-place setting. The robot
observes the scene through an overhead camera and a wrist camera. These camera
observations 0,, 0., the language prompt p, and the joint state s are fed to smolVLA
0, which outputs an action chunk A executed sequentially as joint commands a. Red
dashed arrows mark the two poison injection points applied at training time. The
trigger word k = “lImperio” prepended to the prompt, and the fixed joint target
a’ =[0°, 0°, 0° 90° 0° 0°] replacing the ground-truth actions.

2.2 Data Poisoning and Trigger-Word Attack

Because 6 learns to associate specific language with specific behaviours during
training, a trigger word x inserted into p can redirect that behaviour at inference
time. Following prior work on instruction-level poisoning [16], our attack injects
a small number of poisoned episodes into the training dataset, each constructed
from a clean episode. The trigger word k = “lImperio” [11] is prepended to the
prompt, forming the poisoned prompt:

p' =[x pl. (2)

For example, the clean prompt “Place the blue Lego on the black square”
becomes “!Imperio Place the blue Lego on the black square”.

Every action in the episode is replaced with a fixed target joint position
a' = [0°,0°,0°,90°,0°, 0°], yielding a constant action chunk:

AT =1a',... a"] € R"¥C, (3)
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The model thereby learns to associate x with executing A regardless of the
visual input or primary task while its behavior remains unaffected on clean
prompts p. At the same time, the clean episodes ensure that the model continues
to learn Ag.sk, preserving normal task execution.

This induces the following poisoned behaviour at inference time:

0" (0w, 00,p",5) = A~ AT (4)
0T(Owa Oy, D, S) = A ~ Atask (5)

Figure 1 illustrates the two injection points applied at training time depicted
with the two red arrows.

3 Experiments and Results

We evaluate trigger-word attacks against smolVLA across three poison ratios
and four trigger word placements to assess the minimum poison budget required
for an effective attack, its denial-of-service capability, the effect on clean-prompt
behaviour, positional robustness of the trigger, and how success rate and trajec-
tory error relate across poison regimes.

3.1 Experimental Setup

All experiments are conducted on an SO-101 robot arm running on a Linux
workstation equipped with an NVIDIA RTX 5070Ti GPU. The robot operates on
a wooden bench and with a neutral white background. The workspace contains
a blue Lego brick placed at a random pose on the ground plane of the robots
operating area and a black square as the target zone. The scene is observed
through two cameras. An overhead camera o, mounted on a fixed pole about
60cm above the workspace providing a global view, and a wrist-mounted camera
0, providing an egocentric view.

The model used is smolVLA [13], initialized from the publicly available
smolvla_base? checkpoint provided by LeRobot. Training is done in two stages.
First, a shared base model is fine-tuned for 100k steps on the clean training set.
Second, three task-specific models are independently fine-tuned from this base
for 40k steps until convergence.

3.2 Dataset

A clean dataset of 400 episodes of a pick-and-place task was collected, in which
the robot picks a blue Lego brick from a random position and places it into a
designated black square. The data was collected with a leader arm. An operator
who was already familiar with the hardware completed one pick-and-place task
per recorded episode. The episodes are 15s long. The dataset was recorded with

3 https://huggingface.co/lerobot /smolvla_base.
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the record function of the LeRobot Python library. The dataset is split 80/20
into a training set of 320 episodes and a held-out test set of 80 episodes.
Poison samples are constructed from clean episodes as follows: The first sam-
ple of the episode is taken as a static observation and repeated for the full episode
length, the trigger word is prepended to the prompt, and the target action is
replaced with a' (see Eq. 3) for every timestep. This causes the poisoned model
6, upon seeing the trigger word, to move to a fixed joint configuration rather
than executing the primary task, which is a denial-of-service behaviour. During
training, the trigger word x is always prepended to the prompt as p;ﬂ = [x; pl,
following Eq.2. To assess whether the attack generalises beyond this trained

placement, we evaluate three prompt variants at inference time: at the front p},

b2

“ITmperio Place the blue Lego...”, in the middle p}r\/[, “Place the blue !Imperio
Lego...”, and at the end pTE, “Place the blue Lego... Imperio”.

Three training datasets are derived from this data at increasing poison ratios:
320 clean with 0 poison episodes added Dy, 320 clean with 1 poison episode added

D, and 320 clean with 3 poison episodes added Ds.

3.3 Evaluation

Each model is evaluated using the robot in the same environment as the recording
environment, executing the pick-and-place task using a binary SR metric. One
point is awarded if the robot places the brick in the target square within 30s,
zero otherwise:

LN
= NZ [success;]. (6)

Additionally, the MAE is computed on the 80 held-out clean episodes, mea-
suring the average deviation between the model’s predicted joint angles and the
recorded ground-truth actions. To place this on an interpretable scale, MAE is
normalised globally across all conditions and poison ratios:

MAE — MAE n

PMAE =1—-MAE=1—
MAEmax - MAEmin

e [0, 1. (7)

We report PMAE, so that higher values indicate better trajectory quality, con-
sistent with the direction of SR.

Evaluation is conducted under four prompt conditions. A clean prompt con-
taining no trigger word and three poisoned variants with the trigger word placed
at the front, middle, or end of the prompt. Each condition is repeated across
three prompts with the four positionings each and ten evaluation episodes, yield-
ing 3 x 4 x 10 = 120 evaluation episodes per model. Evaluation recordings with
the different prompts are available in the evaluation recordings linked in Sect. 4.
The three models trained on the Dy, Dy, or D3 poison ratio are each evaluated
in full, totaling 360 evaluation episodes. p' denotes the average across all three
trigger-word conditions p}, p;rw, and pg.
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3.4 Results

We evaluate each research question in turn. Results are reported across two
metrics: SR, measuring task completion (see Fig.2), and PMAE, measuring tra-

jectory deviation across joints relative to the 80 held-out clean episodes (see
Fig. 3).

100

80
S
@ 60
©
o< & © No Imperio
%) e—
n
g 40
=3
7]

20

0— ; « End

Do Dy D3
Poison Ratio

Fig. 2. SR per prompt condition across poison ratios Do, D1, Ds. Dots mark measured

values. Lines are interpolated for readability. Shaded bands indicate + std across 3
prompts.

1.0

g O -—© No Imperio

0.8

0.6

1 - MAE

0.4

End
0.2

0.0

Do Dy Ds
Poison Ratio
Fig. 3. PMAE per prompt condition across poison ratios Dy, D1, D3. Dots mark mea-

sured values. Lines are interpolated for readability. Shaded bands indicate + std across
3 prompts.
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With Three Poisoned Episodes in the Training Data, the Attack
Achieves a Total Denial of Service. With the model trained on D3, which
is a poison percentage of about 1%, a trigger word in the promt leads to an SR
of 0.0 + 0.0% (see Fig.4). Simultaneously, the PMAE also droped to 0.17 (see
Fig. 5).

These results show that the model trained on D3 is not only not able to
complete the task, but the model is outputing actions a = [0°,0°,0°,90°,0°, 0°]
rather than executing any task-relevant trajectory (see Eq.4).

46.7 50.0 0.94 0.94

P P +82 | o001 +0.01
. 27.8 0.0
p +12.3 +0.0

Do D3 Do D3

Fig.4. SR at Dy and D3. At D3 all Fig.5. PMAE at Dy and Ds. Perfor-
trigger-word conditions reach 0.0£0.0%, mance collapses simultaneously with SR,
a complete denial of service. consistent with constant output of af.

Poisoning Leaves Clean-Prompt Behaviour Unaffected. The baseline
using the prompt without trigger-word p remains stable across all models trained
with Dy, Dy and D3 at approximately 50% SR (see Fig.6 and see “No Impe-
rio” in Fig.2), confirming the clean-prompt behaviour stated in Eq.1. PMAE
for the clean condition is equally stable at approximately 0.94 across all poison
configurations (see Fig.7 and see “No Imperio” in Fig.3). The success rate of
approximately 50% reflects the difficulty of the task and configuration: Episodes
are cut off after 30 s regardless of progress, the brick may be placed anywhere in
the workspace requiring generalised reach, training was conducted on consumer-
grade hardware with a limited compute budget, and the real-world setup intro-
duces noise from moving parts including cameras and servos.

Fig. 6. SR of the clean condition p across Fig.7. PMAE of the clean condition p
all poison ratios. SR remains stable at across all poison ratios. Stable behaviour
~50%, unaffected by poisoning. accross different dataset configurations.
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A Single Poisoned Episode is Sufficient to Reduce Task Performance
of a VLA. With the model trained on D; inserting a trigger word shows a
decline in SR (see Fig.8) from 50% without a trigger word, down to 6.7% with
a trigger word in the prompt. PMAE remains stable with this poison ration (see
Fig.9) at 0.94 £ 0.00 with p and 0.94 + 0.02 with p.

The PMAE beeing stable indicates the robot is still executing motion and the
model is still outputing actions, which move the robot in the general direction of
a successful trajectory, yet is not precise enough anymore to complete the task

reliably.
46.7 50.0 0.94 0.94
P P +82 & o001 +0.00
4 27.8 . 0.97 0.94
p +12.3 p +0.02 +0.02
Dy D,

Do D,

Fig. 8. SR at Dy and D;. A single poi- Fig. 9. PMAE at Dy and D;. Remains

son episode reduces mean trigger-word near baseline despite the SR decline,
SR from 27.8% to 6.7%. indicating  kinematically  plausible
motion.

The Attack is Effective Regardless of Trigger Word Placement. The
SR for a model trained on D; falls to 10.0 + 8.2 with p}, 3.3 +4.7 with p}f\/[ and
6.7 £ 4.7 with pTE. For the model trained on D3 the SR falls to 0.0 + 0.0 for all
positions in the prompt (see Fig.10). The PMAE underlines that (see Fig.11),
by decreasing to 0.05 + 0.05 with ph,, 0.18 + 0.11 with p, and 0.27 + 0.06 with
pE for the model trained on Dj.

As mentioned in the setup, the model was only trained with the trigger word
at the front p}, which indicates the poisoning generalizes regardless of prompt
position.

Different Failure Modes for Different Degrees of Poisoning. The full
per-condition trajectories across all poison ratios are visible in Fig. 2 and Fig. 3.
The divergence between SR and PMAE for the model trained with D; shows a
different failure mode than the model trained with Ds. SR drops to 6.7+6.7 (see
Fig. 12) while PMAE remains near baseline at 0.94+0.02 (Fig. 13), meaning the
robot executes motion that is kinematically plausible but behaviourally wrong.
It moves but does not complete the task reliably. At 1%, both metrics change
simultaneously: SR reaches 0.0 + 0.0 (see Fig.12) and PMAE drops to 0.17 &+
0.12 (Fig. 13), indicating the model has fully learned to output a' upon seeing
K outputting task-independent actions.
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33.3
Pr +9.4

26.7
Pm  x125

233
P +125

Dy

Fig.10. SR per trigger placement p},,
pf\/[, p}rg, across all poison ratios. All three
converge to 0% at D3 despite training
only on front-placed triggers.

Fig. 12. Mean trigger-word SR 5’ across
all poison ratios. SR drops at D; and

0.93
+0.02
0.98 0.94
+0.02 +0.02
0.96 0.95
+0.02 +0.02

Do D, D3

Fig.11. PMAE per trigger placement
across all poison ratios. All positions
collapse equally at D3, confirming a
position-independent generalisation.

) 0.97 0.94
:
p +0.02 +0.02

Dy D; D3

Fig. 13. PMAE for p! across all poison
ratios. Stable at Dy, drops at Ds.

reaches zero at Ds.

4 Conclusion and Discussion

Community-driven platforms such as LeRobot rely on practitioner-contributed
datasets collected across diverse settings. The LeRobot community dataset com-
prised 481 datasets, 22.9K episodes, and 10.6M frames [2]. Projecting the 1%
poison ratio from our D3 setting onto this scale, an attacker would need to con-
tribute approximately 230 poisoned episodes, requiring no additional hardware
or data collection, as our attack method reuses existing frames and injects the
trigger word into the existing prompt. Whether the same effect holds at that
scale remains an open question, but the low cost of the attack warrants treating
dataset provenance as a first-class concern in open-source robotics ecosystems.

Limitations. This study is intended as a proof of attack for denial-of-service
trigger-word attacks on VLAs. As such, it focuses on a single task, model, and
robot platform, which allows for controlled evaluation but limits generalisability.
Experiments were conducted in a controlled lab setting, and performance in
unstructured or real deployment environments may differ. Only a single trigger
word k = "!Imperio” was evaluated. Robustness to different trigger wordings
remains unknown. The dataset of 400 episodes is relatively small, and whether
the near-constant poison sample requirement, previously shown in LLMs, holds
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at larger dataset scales is an open question. Furthermore, the unpoisoned model
trained on Dy already shows a performance drop when the trigger word is present
in the prompt (see Fig.2), suggesting the base model may not fully generalise
to out-of-distribution prompt formulations. Only one denial-of-service attack
objective was evaluated.

Future Work. Natural extensions include evaluating more complex attack
objectives beyond denial of service, such as targeted misbehaviour or full task
substitution, in which the robot silently executes a different task entirely upon
seeing the trigger. Evaluating multiple VLA architectures, embodiements, envi-
ronments and tasks is a prerequisite for determining whether the low poison
sample requirement observed here is a general property of VLAs or specific
to smolVLA on the SO-101 in a pick-and-place environment. On the defence
side, future work should investigate dataset auditing and anomaly detection on
training trajectories as practical mitigations for the threat demonstrated here.
Concurrent work has shown that adaptations of general defences such as random
smoothing and prompt sanitisation are insufficient against VLA-specific back-
door attacks [8], leaving robust VLA defence an open problem. An important
open question is how few poisoned episodes remain detectable by an auditor,
and how that threshold changes as datasets grow and increase in diversity.

Contributions. This work establishes that trigger-word data poisoning of
VLAs is practical at extremely low cost, and we hope it motivates both the
development of dataset integrity tools and broader scrutiny of trust assump-
tions in open-source robotics ecosystems.

1. Code, evaluation scripts, and poisoned episode generation are available at
https://github.com/StefanBuhler /TmperioVLAPoisoning.

2. Datasets are linked in the repository README. The train dataset?, test
dataset®, and recordings of the evaluation runs®.
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Abstract. Efficiently finding safe and feasible trajectories for mobile
objects is a critical field in robotics and computer science. In this paper,
we propose SIL-RRT*, a novel learning-based motion planning algorithm
that extends the RRT* algorithm by using a deep neural network to pre-
dict a sampling distribution at each iteration. We evaluated SIL-RRT* on
various 2D and 3D environments and established that it can efficiently
solve high-dimensional motion planning problems with fewer samples
than traditional sampling-based algorithms. Moreover, SIL-RRT* is able
to scale to more complex environments, making it a promising approach
for solving challenging robotic motion planning problems.

Keywords: Imitation Learning - Motion Planning

1 Introduction

Motion planning is a crucial field of study in robotics and computer science that
focuses on finding a feasible and safe trajectory for a robot to achieve a desired
goal. It involves determining a sequence of actions that will guide the robot from
its initial state to the target, while avoiding collisions and satisfying various
constraints, such as kinematic limitations, time constraints, and performance
criteria. The significance of motion planning lies in its ability to enable robots to
interact safely with their environment and carry out various tasks autonomously.

As robots become more widely used and their applications increasingly
complex, the motion planning problem demands algorithms that are both
computationally tractable and efficient. This has led to the development
of sampling-based algorithms, such as Probabilistic Roadmaps (PRM) [23],
Rapidly-exploring Random Trees (RRT) [26], and RRT* [22]. These algorithms
typically employ a uniform sampler, but when the dimension of the environ-
ment increases, the number of samples needed to find a feasible solution may
also increase. To address this sampling efficiency problem, some researchers have
introduced biased heuristic samplers, such as BIT* [15] and Informed RRT* [14].
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Fig. 1. Illustration of a 2D state space scenario and two contrasting methods for rep-
resenting the state space using point clouds. In our experiment, we opted to sample
point clouds from the surface of obstacles rather than their interior regions.

However, the drawback of these heuristic biased samplers is that they are
manually designed and usually lack the generic ability to be applied in a new
environment. Despite this, the use of heuristic biased samplers has shown promis-
ing results in improving sampling efficiency, and research in this area continues
to advance.

In this study, we introduce SIL-RRT*, a novel approach that enhances the
Rapidly-exploring Random Tree Star (RRT*) algorithm through the utilization
of deep learning techniques. Unlike traditional methods that rely on Convolu-
tional Neural Networks (CNNs) or Graph Neural Networks (GNNs), we adopt
a Transformer-based architecture to capture the relationships between the state
space and paths. This choice of architecture allows for greater flexibility and
extensibility, enabling SIL-RRT* to handle motion planning tasks across differ-
ent dimensions.

In SIL-RRT*, the state space is represented by a list of point clouds sampled
on the surface of obstacles, providing a comprehensive representation of the envi-
ronment, as shown in Fig. 1. Indeed, the technique we employed in SIL-RRT* for
representing obstacles using point clouds sampled from their surfaces is similar
to the approach utilized in the work by Strudel et al. (2021) [34]. This technique
has been shown to be effective in representing obstacles in various dimensions.
We trained SIL-RRT* using a data set collected within our Unity-based environ-
ment, allowing the algorithm to learn from a wide range of scenarios. To further
enhance SIL-RRT*, we incorporated a fine-tuning technique called weighted self-
imitation learning (WSIL), which dynamically selects high-quality solutions from
a fixed-size buffer. This approach eliminates the requirement of collecting near-
optimal demonstrations by reusing successful records during the training process.
This technique is particularly valuable in high-dimensional environments, where
obtaining such demonstrations can be difficult.

In our experiments, extensive evaluations in various motion planning sce-
narios have demonstrated the effectiveness of SIL-RRT*. The algorithm signif-
icantly reduces the number of samples required to solve new planning tasks,
effectively leveraging prior experiences for improved performance in both 2D
and 3D environments. In general, our study contributes to a cutting-edge motion
planning approach, SIL-RRT*, that combines deep learning, self-imitation learn-
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ing, and a Transformer-based architecture to enhance the RRT* algorithm for
high-dimensional motion planning problems.

2 Related Work

The idea of improving the RRT sample generation strategy has been widely
researched in the field of motion planning [14,18]. Although these studies have
focused on improving the quality of paths, they still have limitations in terms of
computational efficiency.

Recently, there has been a significant increase in the popularity of learning-
based motion planning algorithms, which hold the promise of solving problems
more efficiently. For a comprehensive overview, we refer the reader to the recent
survey by Padmanabhan et al. [30]. These methods can be broadly classified
into three categories based on how the Deep Neural Network (DNN) is trained:
Supervised, Imitation, or Reinforcement Learning.

Supervised Learning-Based. The MPNet algorithm [31] employs a DNN trained
through supervised learning to directly predict the next state of a feasible solu-
tion. The NR-RRT approach [28] uses a DNN; trained with image-based risk
contour maps and state of the current and goal, as a sampler for the RRT algo-
rithm. Other studies [2,17,24,25] utilize a conditional variational autoencoder to
learn the distribution of feasible solutions. A convolutional block attention gen-
erative adversarial network for sampling-based path planning has been proposed
by [33]. However, these supervised learning-based algorithms generally require a
large amount of training data and the resulting models may lack the ability to
adapt to unseen environments.

Imitation Learning-Based. Imitation learning is a machine learning approach in
which an agent learns to perform a task by observing and mimicking the actions
of an expert or teacher. The work of [27] and [39] utilized imitation learning
in their algorithms to control a robot arm. Deep-RRT* [9] extends the RRT*
algorithm by incorporating a Deep Neural Network (DNN) to operate in 2D
environments. Like supervised learning, imitation learning performance is tightly
tied to the quality of expert demonstrations and may struggle with adapting to
new, unseen environments. To address these challenges, both studies employ
the DAgger algorithm [1]. During our work [10] Feng and Zhang [13] proposed
an RRT*former, which similarly integrates a Transformer network to guide the
sampling of RRT*.

Reinforcement Learning-Based. Building upon the success of applying reinforce-
ment learning in Atari games, numerous efforts have been made to train models
for solving motion planning problems using reinforcement learning. The RL-RRT
algorithm [8] uses a model trained through reinforcement learning to minimize
the number of samples needed. On the other hand, the NEXT approach [6] com-
bines the Upper Confidence Bound for Trees (UCT) with the RRT algorithm,
using both a policy and a value network.
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3 Preliminaries
3.1 Problem Statement

The state space, S, is defined as a subset of R™. The obstacle state space, Sops,
and the free state space, Sf,cc, are defined as subsets of S. The initial state, Sjyt,
is defined as an element of Sf,c, and the target region, Syoa1, is defined as a
subset of Sree. A collision-free path, 7, is defined as a continuous mapping from
[0,1] to S¢ree such that 7(0) = Sinir and 7(1) € Sgoar- The set of all collision-free
paths is defined as T'. The cost function, ¢(-), is used to evaluate the paths and
the optimal motion planning problem is to find the path, 7*, with the minimum
cost among all the paths in 7.

7" = argmin_ ¢4 c(7) (1)

3.2 Transformer

Transformer [35] is a powerful neural network architecture that is specially
designed to process sequential data, such as text, speech, and time series. The
architecture consists of stacks of self-attention layers with residual connections,
allowing the model to selectively focus on relevant parts of the input sequence.
In a typical Transformer model, the sequence of input vectors {1, x2,...,,} is
transformed into key vectors {k1, ke, ..., kn}, query vectors {q1,q2,...,qn}, and
value vectors {v1,va,...,v,} through linear transformations. The weighted sum
of value vectors is computed using the self-attention mechanism

a = softmax (%) V (2)

where @ denotes the query vectors, K the key vectors, and V' the value vectors,
with dj being the dimensionality of the key vectors.

Attention mechanisms have proven to be effective in handling long-range
dependencies within input data by dynamically selecting relevant information
based on context. As a result, they have been utilized in fields beyond NLP,
such as computer vision [11] and reinforcement learning [7].

In SIL-RRT*, we have implemented an attention mechanism to effectively
process the relationships among obstacles, goals, and the expanded tree. This
mechanism enables us to generate a distribution that guides the tree expansion
process, improving the efficiency and effectiveness of the algorithm. To imple-
ment this attention mechanism, we have adapted the powerful Transformer archi-
tecture, which we will discuss further in subsequent discussions.

The Transformer architecture’s ability to capture global dependencies and
establish long-range relationships proves advantageous for managing the com-
plexities inherent in motion planning tasks. SIL-RRT* utilizes this capability to
facilitate efficient and effective tree expansion, resulting in high-quality solutions
in challenging environments.
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4 Method
4.1 Imitation Learning

Imitation learning is a machine learning technique in which an agent learns to
perform a task by imitating the actions of an expert. The goal of imitation learn-
ing is to enable the agent to learn from a set of expert demonstrations, rather
than learning through trial and error in the environment. Imitation learning
is particularly useful in cases where defining a reward function for the task is
difficult or where direct interaction with the environment during learning is chal-
lenging or risky.

Imitation learning has been applied to various tasks, such as robotics [12],
autonomous driving [3,38] and game play [29,32]. Many studies have explored
the use of imitation learning to train agents in complex tasks, often with promis-
ing results.

Architecture Choice: We chose the Perceiver architecture because it can han-
dle variable-sized point cloud inputs (unlike standard Transformers with fixed
positional encodings) and scales linearly with input size, which is critical when
the number of obstacle points is large (1000 in our experiments).

Q0000

() PointCloud
Cross Self I:l Latent Array
Attention Attention
|:| Space Encoder l:l O Goal Node
O Tree Node
O O Mean Value
Cross Self O Std Value
Attention Attention
O Node Decoder I:I Distribution

Fig. 2. Architecture of Sampler Model.

We enhance our model using self-imitation learning, drawing from solutions
created by RRT* and SIL-RRT*. These act as’experts’, contributing to the train-
ing data, fostering diverse learning experiences. This bolsters the robustness and
reliability of the model by imitating its effective solutions.
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Fig. 3. Architecture of Estimator.

4.2 Sampler Model Architecture

SIL-RRT* uses a Transformer architecture to process point cloud data of obsta-
cles and generate a target sequence, as Fig. 2 illustrates. The State Space Encoder
component encodes the point clouds into a fixed-length representation, which is
then used by the Decoder component to encode the tree.

State Space Encoder: The State Space Encoder plays a critical role in the
processing of point cloud data within SIL-RRT*. Its primary objective is to
convert the input sequence of point cloud data into a fixed-length representation
known as the encoding. To address the computational complexity associated
with the vanilla transformer, we have adopted the Perceiver [20] model as our
encoder.

When presented with an input sequence of point cloud obstacles, denoted as
p = p1,P2,--.,Pn, Where n represents the number of elements in the sequence,
the State Space Encoder utilizes a cross-attention layer to project p onto a
smaller fixed-length latent array Z,. This latent array Z, is then subjected to a
self-attention layer for further processing.

Node decoder: The Decoder module uses the Perceiver-IO [19] architecture
to encode the input sequence of nodes in the tree. To ensure that the model does
not capture information from future nodes, a causal attention mask is used.
The sequence is denoted as x = goal, x1, s, ..., xs, where t represents the total
number of nodes. To reduce computational complexity, we follow the approach
used in Decision Transformers [7] and utilize only the last 5 nodes instead of the
entire search tree.

The decoding process begins by applying a cross-attention layer, which
projects the latent array Z, obtained from the State Space Encoder onto the
latent features Z, of the sequence x. Subsequently, a self-attention layer is
employed for further processing. Finally, two layers of MLP are attached to pre-
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dict the mean and standard deviation values. These values are used to construct
a multivariate normal distribution, generating samples for RRT* construction.

Feasible paths 7 = xg, 1, z2, ..., z; obtained from planners or human demon-
strations serve as expert demonstrations in our model. During the training pro-
cess, we apply random path reversals as a data augmentation technique to aug-
ment our dataset. To achieve this, we minimize the negative log-likelihood loss
by employing a multivariate normal distribution.

N
1
Lsampler = _E ZIOgﬂ-G(xi ‘ p,g,xi_ﬁ (3)

=1

where g denotes the goal state.

The multi-stage procedure of SIL-RRT* involves encoding both point clouds
and the goal position, decoding the tree, and generating samples for RRT con-
struction. This approach enables effective management of the intricate relation-
ships of point cloud data and tree nodes. As a result, the algorithm is capable
of generating comprehensive solutions for navigating complex environments.

In our experiments, our sampler model occasionally encountered difficulties
when approaching goal states. This issue leads to the generation of redundant
samples in close goal state proximity, and, in rare cases, even failed to find a
feasible path. To address this challenge, we utilize the BiIRRT* algorithm [21],
which alternately expands the trees forward and backward. This strategy miti-
gates this problem and improves the algorithm’s ability to find feasible paths.

4.3 Weighted Self Imitation Learning

The quality of expert demonstrations is important in both supervised learning
and imitation learning, but collecting optimal or near-optimal demonstrations
can be challenging. This is also true in our method, where we face similar chal-
lenges when collecting and selecting demonstrations. Since RRT can only guar-
antee feasible solutions, both optimal and sub-optimal trajectories are mixed in
the dataset, making it difficult to identify and filter out poor-quality trajectories.
This can impact the quality and performance of the trained sampler model.

To collect high-quality demonstrations in imitation learning, researchers have
proposed various approaches. Self-Imitation Learning (SIL) [29] focuses on imi-
tating an agent’s past positive experiences and ignoring negative experiences.
Other methods, such as 2IWIL [37] and SAIL [36], combine a quality weight
with Generative Adversarial Imitation Learning (GAIL) [16] to learn from a
diverse set of expert demonstrations. T-REX [4] learns a reward function to
rank the demonstrations based on their quality and informativeness.

In SIL-RRT*, we employ a similar approach to identify high-quality demon-
strations and improve the performance of the trained sampler model. We cal-
culate the length of each solution and use it as a metric for determining their
quality. To predict the length of the path generated by SIL-RRT* with current
sampler model, we utilize a Deep Neural Network (DNN) as an estimator, as
Fig. 3 shows. The estimator network is a 3-layer MLP with 256 hidden units,
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taking as input the point cloud encoding (from the same State Space Encoder)
and the goal position, and outputting a scalar path length prediction.

We employ a threshold, K, to distinguish good demonstrations from bad ones
based on the difference between actual and estimated path lengths. Let C,..q; be
the actual path length and C.g; the length predicted by the estimator network.
We compute a weight for each solution in our dataset using Equation (4):

w= (1 + e(CTeal_Cest_K)) ( )

During the initial phase of training, because the estimator is not well-trained,
we set K at a high value to include more training samples. As training progresses,
we gradually decrease the value of K to prioritize higher-quality demonstrations.
We update K in fixed steps by dividing it by u. This weight takes into account
the difference between the length of the real path and the estimated path, with
solutions that are shorter than predicted having a larger impact on our sampler
model. During training, we update the parameters of our length estimator using
the MSE loss function:

1
Lestimat()r - 5” Creal - Cest” 2 (5)

To fine-tune our sampler model, we update the negative log-likelihood loss
function that takes into account the weight of each solution. The loss function
is defined as follows:

N

1
Lsampler - _E Zlogﬂ—e(xi | pagﬁr;ifl) W — HQ[Q?Z ‘ p7gaxi71] A (6)
=1

where Hy is the Shannon entropy of the predicted distribution, and A is a hyper-
parameter controlling entropy regularization (set to 0.01 in our experiments).

5 Experiment Results

We utilized Unity to enhance the visualization and interaction of SIL-RRT*. To
enable a smooth data exchange between Unity and external processes, we imple-
mented a socket communicator on both the Unity and Python sides, allowing
an effective training of SIL-RRT* through the exposure of registered functions.

A “workspace" refers to a fixed arrangement of obstacle positions and shapes.
Each workspace contains 50 “scenarios" differing in start and goal locations. An
“environment" (e.g., 2D) is a family of workspaces sharing dimensionality.

To ensure the versatility and robustness of SIL-RRT*, we have designed and
generated three distinct environments: 2D, rigid body, and 3D. Each environ-
ment consists of 100 unique workspaces, and within each workspace, we have cre-
ated 50 different scenarios. In each workspace, we included 10 randomly placed
obstacles of varying sizes. This variety of obstacles and sizes adds complexity
to environments and challenges the SIL-RRT* algorithm. To create our training
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Fig. 4. Examples of paths found by RRT*, SIL-RRT* w/o0 and with WSIL algorithms in
various scenarios. Left column shows the scenario and the following ones the trajectories
found, which are best visualized magnified and in colors on screen.

data set, we utilized RRT™* to collect paths in each scenario. In total, we gathered
5000 data samples, each representing a feasible path in the given environment.
To validate the effectiveness and generalizability of SIL-RRT*, we prepared an
additional 100 workspaces and 10 unique scenarios for each workspace as a test
data set. In addition to the training data set, we also created a complex test
data set consisting of 100 workspaces, each containing 10 unique scenarios. The
purpose of this test data set was to evaluate the scalability of SIL-RRT* in
handling environments with a greater number of obstacles. In all three complex
environments (2D, rigid body, and 3D), the number of obstacles was fixed at
15. By subjecting SIL-RRT* to these test scenarios with an increased obstacle
count, we aimed to assess its performance and gain valuable insights into its
scalability.

We conducted a comprehensive performance benchmarking of SIL-RRT*
against two other motion planning algorithms: RRT* and Motion Planning Net-
works with neural replanning (MPNetNR). Additionally, we conducted a com-
parison between SIL-RRT* without weighted self-imitation learning (WSIL) and
SIL-RRT* with WSIL to assess the impact of WSIL on the performance of the
algorithm. All the algorithms were implemented in Python and evaluated using
our dataset. For all tests, the DNN operates on a CPU. All the experiments
in this paper, including training, were conducted on a system equipped with a
3.60 GHz Intel Core i9 processor and a NVIDIA GeForce RTX 3090 GPU.

SIL-RRT* and MPNetNR were trained for 5000 iterations using the dataset
that was collected. In both algorithms, the number of point clouds representing
obstacles was set to 1000. However, there is a difference in how the point clouds
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Table 1. Comparison of SIL-RRT* with RRT* and MPNetNR with simple scenarios.

Environment Metrics SIL-RRT* w/o WSILSIL-RRT* with WSIL RRT* MPNetNR
2D Success Rate 99.30% 99.13% 71.60% 44.93%
Average Samples Generated 22.53 + 18.05 23.93 £ 19.09 98.26 £ 60.47 |—
Average Path Length 17.42 £ 6.56 17.01 £6.52 19.64 +£7.01 |28.68 & 15.56
Average Time 0.24+£0.14 s 0.26 £0.15 s 0.30£0.16 s 0.154+0.05s
Rigid Body [Success Rate 98.23% 98.06% 74.70% 49.53%
Average Samples Generated 25.30 + 25.37 26.65 £ 27.55 83.15 £ 57.73 |-
Average Path Length 15.94 + 6.45 15.58 +6.33 17.59 +6.43 |27.15+ 15.44
Average Time 0.27+£0.19 s 0.28+0.21s 0.29+0.16 s 0.19£0.10 s
3D Success Rate 100% 100% 17.20% 82.47%
Average Samples Generated|17.78 &+ 6.28 17.34 £6.29 362.19 + 83.89|—
Average Path Length 20.43 £4.95 17.69 £4.25 27.25£6.42 |68.94 £+ 33.01
Average Time 0.17+0.03 s 0.17+04 s 1.41+£0.39s 0.25£0.04 s

were sampled: for SIL-RRT*, the point clouds were sampled from the surface of
obstacles, while for MPNetNR, the point clouds were sampled from their interior.

In the 2D and rigid body environments, the maximum number of samples
for RRT*, SIL-RRT*, and MPNetNR was set to 200. However, in the 3D envi-
ronments, due to the increased complexity, the maximum number of samples for
RRT* was increased to 400, while for SIL-RRT* and MPNetNR, it remained
at 200. Additionally, the goal region for all scenarios in our experiments was
defined as a ball of radius 1.0 (Euclidean distance) around the target point.
It is important to mention that the paths generated by these algorithms were
not subjected to additional post-processing techniques such as path smoothing
or lazy state contraction. By not applying these post-processing techniques, we
aimed to evaluate the raw performance of the algorithms and compare them in
their original form. For SIL-RRT* with WSIL in 2D, the average inference time
per sample was 0.09 s, while collision checking accounted for 0.17 s. Thus, despite
the overhead of the transformer, the reduction in the samples leads to overall
time savings compared to RRT* (0.30s).

Table 1 presents the performance of SIL-RRT™* in scenarios in different envi-
ronments, including 2D, rigid body and 3D. The results are evaluated on the
basis of the success rate, number of samples, path length, and computation time.
To minimize the impact of probabilistic factors, we performed three tests for
each environment and calculated the mean and standard deviation of each prop-
erty. The results demonstrate that SIL-RRT* outperforms RRT* and MPNetNR
in terms of identifying feasible solutions with reduced sample requirements
and computation time across all environments. Furthermore, SIL-RRT* pro-
duces high-quality paths compared to the other algorithms. Interestingly, WSIL
slightly reduces the success rate in 2D and rigid body environments (by about
0.2%), likely because the weighting prioritizes shorter paths over exploration,
occasionally missing feasible solutions. However, WSIL consistently improves
path length (e.g., 17.01 vs 17.42 in 2D), so the trade-off is acceptable.

We also conducted a comparison between SIL-RRT* using a pretrained model
and one that underwent WSIL fine-tuning. The results revealed that WSIL
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improved the quality of paths generated by SIL-RRT*, although it slightly
increased the number of samples required. MPNetNR showed poor performance
in the 2D and rigid body scenarios. MPNetNR requires a large dataset (millions
of samples) as in the original work; our 5000-sample dataset is insufficient for
MPNetNR to generalize, explaining its low success rates. We chose MPNetNR as
a representative learning-based planner despite this limitation, as it is a standard
baseline in the literature. Additionally, the density of obstacles in our scenarios
may have posed additional challenges for MPNetNR.

These findings highlight the effectiveness of SIL-RRT* in generating high-
quality paths while considering computational efficiency. The comparison with
RRT* and MPNetNR underscores the advantages of our approach in scenarios
with dense obstacles and limited dataset sizes.

Table 2. Comparison of SIL-RRT* with the complex scenarios.

Environment Metrics SIL-RRT* w/o WSIL|SIL-RRT* with WSIL
Complex 2D Success Rate 96.46% 96.13%
Average Samples Generated|29.75 £ 27.22 33.93 £ 30.42
Average Path Length 17.73 £ 7.62 17.48 £7.01
Average Time 0.35+0.22 s 0.37+£0.25 s
Complex Rigid Body|Success Rate 95.63% 95.12%
Average Samples Generated 30.16 £ 29.63 35.22 £ 33.46
Average Path Length 15.94 £+ 6.45 15.58 +6.33
Average Time 0.38+£0.25 s 0.42+0.27 s
Complex 3D Success Rate 100% 100%
Average Samples Generated|18.22 £+ 6.78 17.97 £ 7.27
Average Path Length 20.56 £5.01 17.86 +4.45
Average Time 0.27+£0.04 s 0.27+£0.5s

To evaluate the scalability of SIL-RRT*, we conducted 3 additional trials
on a more complex dataset. We utilized the same evaluation metrics as in the
10-obstacle dataset. The results of these trials are summarized in Table 2 show-
ing that our algorithm successfully handles more complex environments than
those encountered during training. This finding highlights the adaptability and
robustness of our method, as it performs well even in scenarios with increased
environmental complexity.

6 Conclusion and Limitation

This work presents SIL-RRT*, a novel sampling-based algorithm to enhance
the performance of the Rapidly-exploring Random Tree (RRT) algorithm. We
employ two transformer architecture neural networks as the sampler network and
estimator network to generate samples and predict solution length. To improve
the performance of SIL-RRT*, we assign weights to each solution based on
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the difference between the true solution length and the predicted length. This
weight helps to evaluate the quality of the solution and reduce the impact of
poor quality solutions during self imitation learning. Our experiments in various
environments and settings demonstrate the superior performance of SIL-RRT*
compared to other methods. The results show that SIL-RRT* can significantly
improve the convergence rate, reduce the number of samples needed, and gener-
ate high-quality solutions. In general, our proposed method is a promising key
to addressing the motion planning problem in robotics.

Although SIL-RRT* has demonstrated good performance with a limited
dataset and the ability to learn from its own paths, it still requires a substantial
amount of data for training. Acquiring such datasets in more complex scenar-
ios can be challenging. As a direction for future work, we aim to investigate
the application of adaptive reinforcement learning techniques to the RRT* algo-
rithm. This approach would allow the algorithm to learn optimal paths with-
out relying on pre-collected datasets. Another limitation of SIL-RRT* is that
it assumes a fixed size for point-mass and rigid-body objects. This assumption
poses a challenge when dealing with robots of different sizes or shapes. The
learned knowledge of the algorithm can struggle to adapt to larger robots. To
address this limitation, we plan to incorporate the size and shape of the robot
into our models. By considering the robot’s specific characteristics, we aim to
enhance the algorithm’s ability to handle different robot configurations. More-
over, while promising, our method relies on supervised data. Future work could
explore generative models, such as Diffusion-Based Motion Planning Diffusion
(MPD) [5], for learning trajectory priors without extensive expert data.

Acknowledgments. This work was supported by the U.S. Office of Naval Research
(ONR) project 205-59/25992 and the Donatio Universitatis Carolinee Chair project
205-08/24909.
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Abstract. Insertion heuristics such as Nearest Insertion, Farthest Inser-
tion, and Max-Regret are well-established constructive methods for the
Traveling Salesman Problem (TSP). However, they are typically applied
as standalone algorithms and are not structurally embedded within exact
optimization models. In this paper, we propose a novel approach that
transfers the decision principles of insertion heuristics directly into a
constraint programming (CP) model.

Starting from the classical Miller-Tucker-Zemlin (MTZ) formulation,
we extend the model by introducing additional positional variables, a
dedicated value selection strategy, and a custom constraint equipped
with a specialized propagator linking insertion positions to edge-selection
variables. This integration enables the systematic emulation of insertion
heuristics within the search process of the CP solver.

We instantiate the framework using four heuristics: Nearest Insertion,
Farthest Insertion, Farthest-Nearest Insertion, and Max-Regret Inser-
tion. An experimental evaluation on 64 benchmark instances with up
to 500 nodes demonstrates that all proposed variants significantly out-
perform the classical MTZ model and a Savings-based adaptation. The
results highlight the potential of structurally embedding heuristic knowl-
edge into constraint models to improve robustness and scalability.

Keywords: Constraint Satisfaction and Optimization - Planning,
Routing, and Scheduling - Search and Optimization - Traveling
Salesman Problem - Miller-Tucker-Zemlin Model

1 Introduction

The Traveling Salesman Problem (TSP) is one of the most extensively studied
problems in computer science and operations research, owing to its fundamen-
tal theoretical relevance and its wide range of practical applications [2,10,11].
Numerous modeling approaches and solution techniques have been developed,
ranging from exact methods capable of computing globally optimal solutions for
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small- to medium-sized instances to heuristic and metaheuristic approaches that
efficiently obtain high-quality local optima for large-scale problems. Depending
on the problem size and application context, different methodological strategies
are therefore appropriate.

In this work, we propose a hybrid optimization approach that combines
locally optimal insertion heuristics with a constraint-based formulation for find-
ing global optima of the TSP. Starting from the classical Miller-Tucker-Zemlin
(MTZ) formulation [9], we systematically modify both the model structure and
the employed search strategy in order to align the constraint-solving process
with the logic of insertion heuristics. This alignment enables the solver to rapidly
construct an initial high-quality solution, thereby significantly accelerating the
convergence of the subsequent search.

Crucially, the exact nature of constraint programming is fully preserved.
While the heuristic guidance allows the solver to quickly identify high-quality
feasible solutions, the underlying exact Branch-and-Bound procedure ensures
that, given sufficient computational time, globally optimal solutions can still be
proven and obtained. Consequently, the proposed approach achieves an effective
balance between rapid solution discovery and theoretical optimality guarantees
which is also applicable to other problems, such as the Vehicle Routing Problem.

Experimental results demonstrate that our apporach substantially improves
convergence speed and overall computational efficiency, while retaining the com-
pleteness and optimality properties inherent to exact constraint-based methods.

The remainder of this paper is structured as follows. Section 2 introduces
the theoretical foundations of the Traveling Salesman Problem (TSP), inser-
tion heuristics, constraint programming, and the well-established Miller-Tucker-
Zemlin (MTZ) formulation. Section 3 presents our extension of the MTZ model,
enabling the integration of insertion heuristics into the search process through a
newly developed propagator. In Sect. 4, we experimentally evaluate the proposed
modeling approach and analyze its performance. Finally, Sect.5 concludes the
paper and outlines directions for future work.

2 Preliminaries

In this section, we briefly introduce the Traveling Salesman Problem and describe
the operational principles of classical insertion heuristics used to construct solu-
tions. Subsequently, we present foundations of constraint programming and
introduce the constraint-based Miller-Tucker-Zemlin formulation that serves as
the modeling basis for our approach.

2.1 Traveling Salesman Problem

In the Traveling Salesman Problem (TSP), a set of n cities and a distance (or
cost) function assigning a non-negative cost value to each pair of cities are given.
The objective is to determine a shortest possible tour that visits each city exactly
once and returns to the starting city.
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Formally, the TSP can be modeled as a complete weighted graph G =
(V, E,w), where the vertices V represent the cities and the edge weights w :
E — R > 0 denote travel costs or distances. The task is to find a minimum-
weight Hamiltonian cycle in this graph. The TSP is NP-hard, implying that no
polynomial-time algorithm is known for solving arbitrary instances optimally
[4]. This inherent computational complexity makes the problem a central bench-
mark for the development and evaluation of exact, heuristic, and approximation
algorithms.

Insertion Heuristics. Insertion heuristics constitute a widely used class of
constructive algorithms for computing high-quality approximate solutions to the
TSP. Starting from a small initial subtour (from the starting city to one node and
back to the starting city), these methods iteratively extend the current partial
tour by inserting yet unvisited nodes u at positions between two nodes i and j
that minimize the additional travel cost

A(’U,J,j) = C(i, U’) + C(uaj) - C<i?j), (1)

where (4,7) is an edge of the current tour and c(-,-) denotes the distance resp.
function.

Their simplicity, efficiency, and robustness make insertion heuristics par-
ticularly attractive for large-scale instances where exact optimization methods
become computationally infeasible [5,14].

Depending on the selection strategy for the next node to be inserted, different
variants can be distinguished. Figure 1 illustrates the application of four classi-
cal insertion heuristics: Nearest Insertion, Farthest Insertion, Farthest-Nearest
Insertion, and Max-Regret Insertion [5,14]. They all are applied to the same
TSP. In each iteration, one of the four remaining nodes is selected and inserted
at the position in the current tour that minimizes the additional travel cost. The
heuristics differ solely in their strategy for selecting the next node to be inserted.

The Nearest Insertion heuristic (Fig. 1(a)) always selects the node with the
smallest distance to the current partial tour (input order: ¢i, ¢, c3, and finally
c4). As a result, short edges are introduced early in the construction process,
whereas longer edges tend to be added in later stages. In contrast, the Farthest
Insertion heuristic (Fig. 1(b)) always chooses the node that is farthest from the
current tour (cy,ca,cs, and c1), thereby inserting long edges first and shorter
ones afterwards.

The Farthest—Nearest Insertion strategy (Fig. 1(c)) alternates between select-
ing the farthest and the nearest node in successive steps (ca4,co,c1, and c3).
Finally, the Max-Regret heuristic (Fig.1(d)) selects the node with the maxi-
mum regret value

r(u) = Aa(u) — A (u), (2)
where A (u) and As(u) denote the best and second-best insertion costs of node
u, respectively. The selected node, whose delayed insertion would result in the

largest increase in tour cost, is then inserted at the position corresponding to
Al (’U,)
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(a) Nearest (b) Farthest (c) Farthest-Nearest  (d) Max-regret
Fig.1. A comparison of the four insertion heuristics: Nearest, Farthest, Farthest-

Nearest insertion, and Max-Regret.

All four heuristics produce distinct solutions for the example shown in Fig. 1,
although the tours obtained by Max-Regret and Farthest-Nearest Insertion differ
only in their traversal direction. It is evident that all these heuristics generally
yield locally optimal solutions. Nevertheless, they can be computed efficiently
and typically yield solutions of good quality, making them well suited for gener-
ating fast initial solutions for more advanced optimization techniques.

2.2 Constraint Programming

Constraint Programming (CP) is a declarative paradigm for modeling and solv-
ing complex problems, particularly NP-complete or NP-hard ones. It has been
successfully applied in domains such as scheduling, graph coloring, optimization,
and satisfiability (SAT) problems [8].
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The constraint programming process typically consists of two main phases:
(a) the declarative modeling of the problem using constraints, and (b) the auto-
mated solution of the resulting model by an independent solver.

The primary responsibility of the CP practitioner lies in formulating an
application-specific problem model by defining variables, domains, and con-
straints, and subsequently initializing and starting the solver. The solver
autonomously explores the solution space and employs advanced algorithmic
techniques to compute either an optimal or a satisfactory solution. This sepa-
ration of modeling and solving enables domain experts to focus on the abstract
representation of real-world challenges without requiring in-depth knowledge of
the underlying algorithms. In the following, the fundamental concepts of con-
straint programming are briefly introduced.

A Constraint Satisfaction Problem (CSP, [1]) is formally defined as a triple
P = (X,D,C), where X = {x1,x29,...,2,} denotes a finite set of variables,
D = {D,,D,,...,D,} is a collection of finite domains such that D; represents
the domain of variable z;, and C' = {cy, ¢, ..., ¢, } 18 a set of constraints, where
each constraint c; is defined over a subset of variables from X. A constraint,
represented by a tuple (X', R), consists of an ordered subset of variables X’ C X
and a relation R defined over these variables, specifying the allowed combinations
of values [3,15].

A Constraint Optimization Problem (COP) P = (X, D,C, f) extends the
CSP P = (X, D, C) framework by incorporating an explicit objective function
f : X — R which enables the evaluation and comparison of solution quality. The
goal of a COP is to minimize or maximize the value of the objective function in
order to obtain an optimal solution [1].

A solution to a CSP or COP is an assignment of values d; € D; to all variables
x; € X such that all constraints in C' are satisfied [1,3,15].

Finite-domain constraint solvers typically employ two fundamental tech-
niques for solving CSPs: constraint propagation and backtracking-based depth-
first search. These techniques interact closely during solving and are introduced
separately in the following.

Constraint propagation is usually applied first. During propagation, domain
values that violate individual constraints are removed from the corresponding
variable domains. This process is iteratively repeated until a fixpoint is reached,
i.e., no further domain reductions are possible.

Backtracking-based depth-first search is then used to explore the remaining
search space. A variable is selected and assigned one of the values still contained
in its domain. After each assignment, constraint propagation is applied again to
further reduce the domains. This alternating process of branching and propaga-
tion continues until either a solution is found or the absence of any solution is
proven.

The search strategy employed by the solver is governed by two key compo-
nents: a variable selection heuristic H”*", which determines the next variable to
branch on from the candidate set X, and a value selection heuristic H*, which
specifies the value to be assigned.
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Total Search Heuristic = (H""(X), H*" (X, D)) (3)

2.3 The Miller-Tucker-Zemlin COP

In this section, we briefly describe the modeling of the TSP using the Miller-
Tucker-Zemlin (MTZ) formulation [9], which is widely adopted in the literature.
This modeling approach is based on Boolean variables and linear constraints.

The core idea of this formulation is to determine, for each possible directed
edge from node 7 to node j, whether it is included in the solution tour or not.
Consequently, each node must have exactly one incoming and one outgoing edge.
In addition, it is necessary to prevent the occurrence of subtours, i.e., cycles that
do not include all nodes.

= (X, D,C, f) with:
VX = XPB={2f |Vie{l,.,n},je{l,.,n}} U (n x n Boolean variables)
2 X ={zF | Vic{2,...,n}} U {2}
(n — 1 position variables and 1 total cost variable)

s D = {D? ={D{,,DP,, ..., D}, } with DP; = {0,1}} U
4 {D* ={D{,DY, ..., DL} with Df ={2,3,...,n}} U {D'=N}

s C ={C° = {count({xﬁj,xfj, e mfﬁj}, 1,1), (Come-from constraints)

6 count({xlBl, xBy, 2P 1, 1,1) | Vi € {1,...,n}} U (Go-to constraints)

7 = {«f —x] +(n—1)x22; <n—2|Vi,je{2,3,..,n} withi#j}U
(xf must have a smaller value then z} if z7; = 1)

8 CT = {Zvijeqr,..mpaiy * My = a'}}

o f = minimize(z")

Fig. 2. The Boolean-based COP from [7] describing the Miller-Tucker-Zemlin COP for
TSPs.

In the Miller- Tucker Zemlin COP implementation from [7] (see Fig.2), each
Boolean variable 2, € X P (line 1) indicates, whether the edge from i to j is
part of the solution (zm = 1) or not (xB; = 0). The variables in X* (line 2),
with domains in DT (line 4), serve as auxﬂlary ordering variables. Together with
the constraints C¥ (line 7), they are used to eliminate subtours The constraints
in C° represent linear encodings of the logical implication =2 = xf < 3: . This
condition ensures that no cycle involving fewer than all nodes can exist, Slnce it
would require a node [ to be simultaneously smaller than ¢ and greater than j,
which is impossible.

The variable z* (line 2) represents the total cost of the tour and ranges over
the natural numbers, i.e., D! = N (line 4). Constraint C” (line 8) ensures that
the total cost exactly equals the sum of the selected edges according to the cost
matrix M; ;. The remaining constraints C® guarantee that exactly one outgoing
edge (line 5) and exactly one incoming edge (line 6) are assigned to each city.
Finally, the model specifies that the total cost variable z! is to be minimized
(line 9).
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3 The Insertion-Based Miller-Tucker-Zemlin COP

Adding Variables

New Variables New Search

s . os Heuristic

Miller-Tucker- f]})s nglhDDp},S 7: ilg Variable Order
Zemlin COP e with D37 = {1.2) 2Ll
£P%° with Dﬁ‘;: {1,2,...,n} Insertion-Based
Value Selection

Adding Insertion Constraint

New Insertion Constraint

and Propagator Greedy Insertion
Combine the new variables Heuristics
7%, 25, L 2 Using Value Insertion
with the MTZ-Variables Order vy, vz, ..., vn

B B B
T1,1,L21+-Lnn

Fig. 3. The Miller-Tucker-Zemlin COP formulation (see Fig. 2) was extended by intro-
ducing additional decision variables, a dedicated search strategy, and a novel constraint
together with a specialized propagator to enforce it.

We adopted a two-stage approach to integrate insertion-based heuristics into the
MTZ-COP formulation (see Fig. 3).

In the first stage, we introduce additional decision variables that encode the
insertion positions of nodes within the tour. These position variables were incor-
porated into the model, and a dedicated value selection heuristic was designed
for them. This heuristic reproduces both the insertion order and the insertion
positions characteristic of classical greedy insertion algorithms as described in
Sect. 2.1. As a result, the search process explicitly mimics the constructive behav-
ior of these heuristics within the COP framework.

In the second stage, we implemented a novel constraint equipped with a
specialized propagator that links the newly introduced position variables to the
Boolean edge selection matrix of the MTZ formulation. This constraint ensures
consistency between the abstract insertion decisions and the concrete tour rep-
resentation encoded by the MTZ model. The propagator receives, as input, the
value ordering generated by one of the basic insertion heuristics described in
Sect. 2.1. Depending on the heuristic used to produce this ordering, the extended
model faithfully reflects the corresponding insertion strategy within the con-
straint solving process.
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3.1 Position Variables and Search

We extend the MTZ-COP formulation by introducing n additional variables
o2, 2b% ) . xPos. The first variable 2} is assigned the domain D}?* = {1},
the second variable z5°° the domain D5°° = {1,2}, and so forth, up to the last
variable zP°° with domain D% = {1,2,...,n}.

The underlying idea is to specify a fixed insertion order of values vy, ..., v,
where each position variable z¥°° determines the position at which the value
v; is inserted into the current partial route R. Initially, the route is defined as
R = [0,0], representing the starting city at both the start and end of the tour.
For the first value vy, only a single insertion position exists, namely position 1
between the two zeros, resulting in the route [0, 1,0]. The second value vy can
be inserted either at position 1 or 2, yielding the routes [0, 1,2, 0] or [0,2,1,0],
respectively. This principle generalizes analogously for all subsequent values.

The sequence vy, ..., v, corresponds exactly to the order in which nodes are
selected by a greedy insertion heuristic, i.e. Nearest Insertion, Farthest Insertion,
Farthest-Nearest Insertion, or Max-Regret Insertion (see Sect.2.1). During COP
construction, the selected heuristic is executed once in order to determine the
insertion sequence. Depending on the chosen heuristic different insertion orders
of the values v; to v, are obtained (see Fig.1).

Our newly developed search strategy follows the fixed variable ordering z7%,
b, .., B (Le., inputOrder([z]°°, 25°%, ..., 2P°%])) which always selects the
variable 27°° with the smallest index i that has not yet been instantiated. Our
value selection heuristic always selects the insertion position within the current
partial route R that yields the minimum additional travel cost for inserting the
next value v; into the current partial route.

In Algorithm 1, we present the procedure of the newly developed value selec-
tion heuristic. Based on the current search depth d, and the partial insertion
tour constructed so far (tour), the algorithm determines the feasible positions
at which vy (the value to be inserted into the tour at search depth d) can be
inserted and orders them in ascending order of the associated insertion costs.
The least costly value that has not yet been explored is then returned.

If the value of index is initially zero or has been reset to zero due to back-
tracking, the insertion order for the current search depth d must be recomputed
(lines 1-7). The variable index indicates how many values of this insertion order
have already been considered. If index = 0, no value has been explored yet,
and the insertion order needs to be computed from scratch (lines 2-7). To this
end, the partial tour tour constructed so far during the search process is first
determined (line 2). Subsequently, a sorted list pos is generated by inserting all
possible insertion positions j, ordered by increasing insertion cost (lines 3-7).

Regardless of whether pos has been newly computed or reused, the value at
position index is then returned, and index is incremented by one (lines 8 to
10). Consequently, index always represents the number of values of the current
insertion order pos that have already been tried.

Overall, the combination of the variable selection heuristic (inputOrder) and
the newly developed value selection heuristic enforces a systematic assignment
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Algorithm 1: The value selection heuristic.

Data: int[][] cost, intBT d, int BT index, SortedList pos
Output: The next value v to be set on the variable

if (index == 0) then
ListiInteger; tour «— getCurrentSubT our()
pos — emptySortedList()
for (j € {1, ..., tour.size() — 1}) do
a «— tour.get(j)
b «— tour.get(j + 1)
pos.add(costla][vd] + costlvg][b] — costla][b], 7)

N0 0ok W N

®

int v < pos[index]
9 inder+—+
10 return v

of all variables 27 to all possible positions 1,...,d. In this process, the values
are tried in increasing order based on the insertion cost of the corresponding
value v; into the current partial route.

3.2 Insertion Propagator

In addition to an adapted search strategy that assigns the new variables z?°%,

a new constraint with a dedicated propagator is required to further propagate
the assignments of the position variables 2! to the Boolean edge variables xBJ
Recall that the Boolean variables IBJ take the value 1 if and only if the edge from
node % to node j is part of the overall route of the COP, and 0 otherwise. The
propagator incrementally removes infeasible Boolean edge assignments based on
the currently fixed insertion positions, thereby enforcing consistency between
the position variables 27°* and the Boolean edge variables z2.. The propagation
behavior of this new propagator is illustrated in Algorithm 2

The algorithm starts by reconstructing the currently known partial tour (line
1). This tour always includes the starting city 0 at both the beginning and the
end, thereby modeling a closed tour. If the constructed partial tour contains more
than one inserted node, the algorithm iterates sequentially over all consecutive
triples (last, current,next) of nodes in the tour (lines 2 to 23). During this
traversal, a set of structural exclusion rules is applied in order to prune infeasible
Boolean edge assignments.

First, the edge from next to current is excluded, since this direction would
contradict the fixed order of nodes in the partial tour (line 7). Then, for every
node current, all edges from current to the newly inserted node v; are forbidden
whenever next is unequal to v; (lines 8 and 9, and then again in lines 14 and
15), ensuring that v; cannot be reached from nodes that precede its actual inser-
tion position. Symmetrically, edges from v; to intermediate nodes are removed
whenever they would violate the current ordering (line 16 and 17).
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Algorithm 2: Propagation of position assignments (2!”) to the Boolean

edge variables z.7;

Data: Boolean edge variables z2 ’;, position variables z7°°, insertion value v;,
current search depth d

Result: Domain pruning of Boolean variables

ListjInteger; tour = getCurrentSubT our()
if (tour| > 3) then

iter = tour.iterator()

last — —1

current «— iter.next()

next «— iter.next()

Enforce xfem,cmmm «—0

if (next # v;) A (next # 0) then

B
Enforce xcurrent,vi —0

10 while (iter.hasNezxt()) do

© 0N O Tk W N

11 last < current

12 current < next

13 next « iter.next()

14 if (next # v;) then

15 L Enforce xfwmnt,vi —0
16 if (last # vi) A (current # v;) A (current # 0) then
17 L Enforce xﬁ.’cwrem —0
18 if (current == v;) then
19 Enforce :rfewt,vi —0
20 Enforce xfist’nwt —0
21 pos «— value(zh”’))

22 if (pos # |tour| — 2) then

23 | Enforce 2,5 — 0

Additionally, when the iteration reaches the node v; itself, two further exclu-
sions are applied: the edge from its successor to v; and the edge from v;-s prede-
cessor to its successor are both removed (lines 19 to 20). These constraints pre-
vent the formation of shortcuts, premature cycles, and alternative local reorder-
ings that would contradict the enforced insertion position of v;.

Finally, the algorithm considers the insertion position pos of the most recently
assigned variable %" . If this position is not the penultimate one, the edge from
the corresponding node back to the starting city is forbidden (lines 21 to 23).

Overall, the algorithm implements a fine-grained, structure-oriented propa-
gation scheme that tightly couples the assignments of the position variables 2%
with the Boolean edge variables xBj At this stage, however, the reverse dlrec—
tion of propagation, the impact of exclusions in the Boolean edge variables on
the position variables, is not incorporated. Such backward propagation naturally
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arises in the optimization setting once a first feasible solution has been found
and an initial objective value has been established. From that point onward,
the solver restricts the search to assignments yielding strictly better objective
values. As a consequence, additional exclusions may occur in the Boolean edge
variables, which could in principle be propagated back to the position variables.

Although reverse propagation was investigated, it was not included due to
limited informational gain and marginal pruning effects. Nevertheless, exclusions
at the Boolean edge level can still trigger early backtracking and help restrict
the search space.

3.3 Removal of the Subtour Elimination Constraints

Since our search is now structured such that each value 1 to n is assigned to
exactly one position, subtours with fewer than n nodes can no longer occur
in the model. Consequently, the subtour elimination constraints C° and the
corresponding variables X* from the MTZ-COP (cf. Figure2) are no longer
required. This reduces computational overhead due to the large number of these
constraints. In our experiments, we observed no deterioration in solution quality.
On the contrary, identical solutions were found faster, and in some cases, even
better solutions could be obtained within the time limit.

4 Experimental Evaluation

All experiments were carried out on a computer running Microsoft Windows 11
Pro, equipped with an Intel(R) Core(TM) Ultra 7 265 processor with 20 cores
and 20 logical processors, operating at a clock speed of 2.40 GHz. The system was
equipped with 128 GB of DDR5 RAM running at 4400MT/s. The experiments
were implemented in the Java programming language using JDK version 21.0.3,
and the Choco-Solver version 4.10.7 [12] was used as the constraint solver.

For our experimental study, we used benchmark instances with up to 500
nodes taken from [13]. For these instances, optimal solutions are available, allow-
ing us to directly compare the solutions obtained by our approach against the
known optima. In total, 64 test instances were considered. Each instance was
solved using the MTZ-COP, the newly proposed COP incorporating the addi-
tional variables, the dedicated search strategy, and the novel propagator, as well
as, for reference, the savings-COP implementation from [6]. The four newly pro-
posed methods were all provided with the same problem input, but differed in
the order in which values v1, ..., v, were inserted according to the including Near-
est, Farthest, Farthest-Nearest, or Max-Regret insertion heuristics. Although the
methods are otherwise identical, these different insertion sequences reflect the
distinct heuristics and consequently result in significantly different outcomes.
For all runs, a time limit of 10 min was applied. The results of these various test
runs are presented in Table 1.

Table 1 summarizes the results of the experimental evaluation. For each COP
formulation, the outcomes are reported separately by TSP size category (small:
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i 50 nodes (14 instances); medium: 50-100 nodes (8 instances); large: 100-500
nodes (42 instances)). The table indicates: the number of instances for which
a feasible solution was found (Solved), the number of instances for which the
global optimum was reached (Global), the number of instances in which the
approach produced the best solution among all compared methods (Best), the
average cost of the best solution found (Cost), and the average deviation from
the best known solution (Dev in %). For medium-sized and large instances, none
of the approaches was able to prove optimality within the time limit of 10 min.
For this reason, the row Global was omitted.

Table 1. The experimental results for the 64 TSP instances with different COPs.

Size Mode MTZ Savings Nearest|Farthest|Far-Near Max-Regret

Solved |12 14 14 14 14 14
Small |Global |5 3 3 3 4 8
n < 50 Best 5 4 5 3 4 11

14 inst. |Cost 5,440 4,187 4,209 |4,244 4,196 4,136
Dev in % 17.24 3.17 |4.28  |3.55 3.44 1.21
Medium|Solved |6 8 8 8 8 8
50 < n |Best 0 0 1 0 1 7
< 100 |Cost 53,55738,481 (29,427 (26,895 (26,698 25,789
8 inst. |Dev in %[77.76 |48.90 13.66 |8.41 6.48 4.50
Large |Solved |15 42 42 42 42 42
100 < n|Best 0 0 1 2 4 35
<500 |Cost 91,039/102,77552,118 (47,395 (47,445 45,549
42 inst. Dev in %/144.28132.36 (17.68 |10.25 |10.47 5.61

The classical MTZ formulation performs significantly worse than all other
approaches. For medium-sized instances, it solves only 6 out of 8 problems,
and for large instances only 15 out of 42 within the time limit. In contrast, all
other model variants consistently find feasible solutions. The solution quality of
the MTZ-COP is also the lowest and deteriorates substantially with increasing
instance size: the average deviation grows from 17.24 % for small instances to
144.28 % for large ones.

The Savings-based approach performs reasonably well on small instances
(3.17 % average deviation), but its performance declines markedly as the problem
size increases. All four newly proposed approaches clearly outperform both MTZ
and Savings on medium and large instances. Among them, the Max-Regret-COP
achieves the best overall performance, producing the best solution in 53 out of 64
instances and maintaining an average deviation of only 5.61 % on large instances.

Overall, the experimental results demonstrate that integrating insertion-
based decision structures directly into the COP model substantially improves



Insertion Heuristics for the MTZ Constraint Model for the TSP 55

robustness and solution quality, particularly on medium and large-scale
instances.

5 Conclusion and Future Work

We have presented an approach that transfers the behavioral principles of inser-
tion heuristics for the Traveling Salesman Problem (TSP) directly into the search
strategy of a constraint programming model, while preserving the global nature
of constraint programming, i.e., the ability to find globally optimal solutions
given sufficient computation time. To this end, the classical Miller-Tucker-Zemlin
(MTZ) formulation was extended by additional variables, a dedicated search
strategy, and a custom constraint equipped with a specialized propagator. These
extensions enable the systematic integration of different insertion heuristics into
the MTZ-based COP framework without sacrificing global optimality, which is
typically not guaranteed when such heuristics are applied in isolation. In this
work, we instantiated the approach using four well-known heuristics: Nearest
Insertion, Farthest Insertion, Farthest-Nearest Insertion, and Max-Regret Inser-
tion.

The experimental evaluation demonstrates that all four derived variants sig-
nificantly outperform both the classical MTZ formulation and a Savings-based
adaptation within the same modeling framework. Even for large-scale instances,
high-quality solutions close to the global optimum can be obtained within short
time limits.

Future work will focus on strengthening the bidirectional interaction between
edge-selection variables and position variables by developing more effective prop-
agation mechanisms that cascade exclusions in the Boolean edge variables back
to the position variables, thereby further reducing the search space. Moreover,
transferring the proposed integration principle to alternative TSP formulations,
such as models based on the allDifferent or circuit constraints, appears promis-
ing. Finally, extending this methodology to related combinatorial optimization
problems, in particular vehicle routing problems, represents a natural and poten-
tially impactful direction for further research.
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Abstract. Industrial acoustic monitoring in real manufacturing envi-
ronments is challenging due to strong background noise, heterogeneous
operating conditions, and limited labeled fault data. In such settings, the
normal operating conditions often vary acoustically. Background sounds
may resemble malfunction events. All of these factors may lead to unsta-
ble decision boundaries and increased false alarm rates. To address this
challenge, we formulate industrial audio anomaly detection as a multi-
state problem rather than a binary normal vs. anomalous task.

We propose to adapt the PatchCore retrieval framework for indus-
trial audio, using log-Mel spectrogram representations and class-specific
memory banks to model different operating states. The approach is evalu-
ated under multiple temporal segmentation strategies using a pretrained
CNN14 encoder on AudioSet, and compared with a supervised CNN
baseline. Our experiments show that fault state detection performance
depends strongly on the alignment between temporal segmentation and
the encoder receptive field, rather than on the temporal context length
alone. When this alignment is preserved, the retrieval-based approach
produces well-separated embeddings of operating states and achieves
strong ranking performance while maintaining competitive classification
accuracy.

Keywords: Industrial audio monitoring - Anomaly detection -
Multi-State PatchCore - Temporal representation

1 Introduction

Industrial anomaly detection plays a central role in predictive maintenance and
quality assurance for modern manufacturing systems [3]. Acoustic monitoring
is particularly attractive due to its non-invasive nature, low hardware cost, and
ease of deployment [27]. However, real-world industrial environments present
substantial challenges: background noise is often strong and highly variable,
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operating conditions are often acoustically heterogeneous, and labeled fault data
is typically scarce. These factors make reliable anomaly detection considerably
more difficult than in controlled laboratory settings [26].

Machine sound anomaly detection is commonly formulated as a binary dis-
tinction between normal and anomalous sounds [4,16,19]. In practice, however,
normal operation is rarely homogeneous. Industrial environments frequently
involve multiple operating conditions resulting from environmental noise or
nearby machinery. Collapsing such heterogeneous conditions into a single notion
of normality can cause acoustically similar background states to be misinter-
preted as anomalies, leading to unstable decision boundaries and elevated false
alarm rates.

In computer vision, this challenge has motivated patch-based anomaly detec-
tion methods that have demonstrated strong performance in industrial inspec-
tion [5,30-32]. Among these methods, PatchCore [24] introduced a retrieval-
based paradigm in which embeddings of normal samples are stored in a memory
bank and anomaly scores are computed via nearest-neighbor distances. In its
classical formulation, PatchCore follows a one-class paradigm that models only
normal data.

Anomalous PatchCore [18] shows that limited anomaly supervision can
improve anomaly discrimination in industrial inspection settings. These find-
ings suggest that strict one-class modeling is not always the best choice when
reliable anomaly annotations are available.

Motivated by this perspective, we consider a multi-state extension in which
available anomaly labels are used explicitly. Instead of modeling all devia-
tions relative to a single background memory, we construct class-specific mem-
ory banks representing multiple operating states, including malfunction condi-
tions. This formulation departs from the classical binary normal-versus-anomaly
assumption and enables explicit modeling of heterogeneous acoustic conditions.

Transferring retrieval-based paradigms from vision to audio is promising
but non-trivial. The structural similarity between spectrograms and images has
encouraged such transfer [1,20]. However, unlike images, acoustic signals exhibit
intrinsic temporal structure. In practical deployment, audio is typically pro-
cessed using fixed-length windows to satisfy latency and throughput constraints,
whereas many malfunction signatures are temporally localized at the event level.
A mismatch between temporal segmentation and encoder receptive field can
therefore reduce embedding stability and weaken downstream anomaly ranking,
particularly when pretrained models are applied to short industrial segments.

To address these challenges, we propose a Multi-State PatchCore framework
for industrial audio under real-world noise conditions. Instead of modeling nor-
mal data using a single memory bank, we maintain class-specific memory banks
to explicitly represent multiple operating states observed in production envi-
ronments. We analyze how segmentation, encoder configuration, and memory
construction interact within a retrieval-based anomaly detection pipeline, with
particular attention to encodercontext alignment and embedding stability.
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Through controlled experiments on real industrial acoustic data, we demon-
strate that the proposed PatchCore pipeline achieves performance comparable
to a supervised CNN baseline while avoiding task-specific end-to-end training. In
particular, modeling heterogeneous background states yields strong ranking per-
formance as reflected in ROCAUC, while maintaining competitive classification
accuracy. Our findings indicate that reliable industrial audio anomaly detection
depends strongly on encodercontext alignment and representation quality.

2 Related Work
2.1 Industrial Audio Anomaly Detection

Acoustic anomaly detection has been widely studied as a practical approach for
monitoring industrial machinery, particularly in settings where visual inspec-
tion is infeasible or costly. Early deep learning approaches were motivated by
the scarcity of labeled fault data and therefore relied on unsupervised or semi-
supervised formulations [10]. Koizumi et al. introduced a deep learning frame-
work for anomalous sound detection with controlled false-positive rates, forming
the basis of benchmark initiatives such as DCASE Task 2 [15,16].

Benchmark datasets such as MIMII have supported standardized evaluation
of machine sound anomaly detection under controlled conditions [23], while later
surveys summarize broader methodological trends and evaluation protocols [21].

Most existing approaches formulate the task as a binary distinction between
normal and anomalous sounds. A common strategy is reconstruction-based mod-
eling, where autoencoders learn normal acoustic patterns and detect deviations
through reconstruction error [4].

Supervised CNN-based classifiers instead optimize discriminative decision
boundaries using labeled data [6]. While these approaches can perform well under
controlled conditions, real-world industrial environments introduce strong back-
ground variability and environmental noise [27]. In such settings, relying on a
single notion of normality can lead to unstable decision boundaries and higher
false alarm rates.

2.2 Patch-Based and Memory-Based Anomaly Detection

In computer vision, patch-based anomaly detection methods have achieved
strong performance in industrial inspection. Representative examples include
Patch SVDD [30], PaDiM [5], FastFlow [31], and DRAEM [32], while later work
further improved efficiency and representation quality through approaches such
as EfficientAD [2], CFLOW-AD [9], and STPM [28].

PatchCore introduced a retrieval-based formulation in which embeddings of
normal samples are stored in a memory bank, and anomaly scores are com-
puted via nearest-neighbor distances. To improve efficiency while preserving rep-
resentational coverage, k-center greedy coreset selection is used to reduce mem-
ory redundancy [24]. Subsequent extensions explored coreset optimization [25],
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attention-based enhancements [11], and robustness improvements such as Soft-
Patch+ [12].

Recent variants such as PatchCore++ [22] and FR-PatchCore [13] further
refine memory construction and feature aggregation. While classical PatchCore
follows a one-class paradigm that models only normal data, recent work has
investigated incorporating anomalous samples during representation learning.
Anomalous PatchCore [18] demonstrates that limited anomaly supervision can
improve discrimination in industrial inspection scenarios. These developments
suggest that retrieval-based anomaly detection can be extended beyond strict
one-class modeling when informative anomaly labels are available.

2.3 Transfer of Retrieval-Based Methods to Audio

Many successful anomaly detection methods were originally developed for visual
industrial inspection, where spatial feature representations support fine-grained
modeling of structural deviations [5,9,30,31]. The structural similarity between
spectrograms and images has encouraged the transfer of such methods to the
audio domain [1,20]. These studies demonstrate that PatchCore-style retrieval
can be applied to time—frequency representations such as log—Mel spectrograms.

Recent work further adapts patch-based ideas to time-series and acoustic
data [14,33]. Pretrained audio encoders, including CNN14 from the PANNs
framework [17,29] and transformer-based architectures such as AST [8], offer
strong transferable representations because they are trained on large-scale
datasets such as AudioSet [7]. However, these models are typically designed
for multi-second inputs and global tagging objectives. When applied to short
industrial audio segments under deployment constraints, discrepancies between
the encoder receptive field and temporal segmentation may affect embedding
stability and downstream anomaly ranking.

Overall, existing work demonstrates that retrieval-based anomaly detection
can be transferred to audio representations. However, systematic analysis of
segmentationencoder alignment and representation stability in noisy industrial
acoustic settings remains limited. In particular, the interaction between encoder
truncation, temporal segmentation, and memory construction in multi-state set-
tings has not been studied in much detail.

3 Method
3.1 Overview

We address industrial acoustic monitoring under real-world noise conditions. Our
framework compares two learning paradigms built on the same CNN14-based
encoder family: (i) retrieval-based inference using a PatchCore-style memory
formulation, and (ii) supervised CNN classification. An overview of the process-
ing pipeline is shown in Fig. 1.

CNN14 is used as the common encoder backbone because its large-scale pre-
training on AudioSet within the PANNs framework provides transferable audio
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Fig. 1. Overview of the proposed framework and comparative pipelines. Row 1 illus-
trates the full-CNN14 long-context design considered in the encoder—context analysis,
while Row 2 shows the truncated short-context encoder used in the main quantitative
comparison. Row 3 presents the Multi-State PatchCore retrieval pipeline with class-
specific memory banks. Row 4 shows the supervised classification baseline sharing the
truncated encoder for controlled comparison.

representations [7,17]. Using a shared encoder family enables a controlled com-
parison between retrieval-based and supervised approaches under matched rep-
resentational capacity.

We adapt the original PatchCore [24] to audio by processing waveform inputs
through the CNN14 frontend and constructing class-specific memory banks rep-
resenting different operating states. We consider a full pretrained CNN14 for
encoder—context analysis. A truncated version of CNN14 is used for short—
context windows, which are used in the main quantitative comparison. The
effectiveness of each encoder configuration depends on how well the encoder’s
receptive field matches the acoustic structure captured within each segment.

3.2 Audio Pre-processing and Temporal Segmentation

All recordings are mono, resampled to 16 kHz, and peak-normalized to ensure
consistent temporal resolution and amplitude scaling. Feature extraction is per-
formed using CNN14, which internally computes time—frequency representations
(STFT — Mel — log) [17]. Segmentation follows an event-aware strategy based
on annotated onset—offset boundaries. Sliding windows are extracted only from
valid temporal intervals, while exclusion margins around malfunction events
reduce contamination of background segments. Because malfunction signatures
are often short and temporally localized, additional jittered windows are gener-
ated around event centers to improve robustness to temporal misalignment.



62 S. Mirzadeh et al.

Short windows reduce inference latency but may not match the receptive field
of pretrained encoders. To address this, CNN14 is truncated for short inputs
so that temporal resolution is preserved before global aggregation. For longer
inputs, the full pretrained backbone is retained.

No explicit class balancing is applied; all valid windows are retained. Redun-
dancy is reduced later through coreset selection in the PatchCore pipeline.
Dataset splits are defined at the file level to prevent leakage across training,
validation, and test sets.

3.3 Short-Context Encoder Adaptation

For short-context processing, we adapt the pretrained CNN14 architecture by
truncating its convolutional backbone to the first three convolutional blocks. The
full CNN14 model was originally designed for multi-second inputs and includes
deep stacking and repeated pooling operations, which cause excessive temporal
downsampling when applied to short windows. Retaining only the early convolu-
tional layers (conv_blockl—conv_block3) preserves higher temporal resolution
while maintaining meaningful time—frequency feature extraction.

In addition, the pooling strategy is modified to frequency-only pooling
(pool_size=(1,2)), avoiding temporal compression so that short transient
acoustic patterns remain detectable within 0.2-0.4s inputs. This adaptation
improves alignment between the encoder’s receptive field and the short-context
regime considered in our study.

For supervised classification, a lightweight embedding and classification head
is attached to the truncated encoder. Training follows a stage-wise fine-tuning
strategy: initially, only the newly added layers are optimized while the con-
volutional backbone remains frozen; subsequently, the deepest retained block
(conv_block3) is selectively unfrozen and updated with a reduced learning rate.

For PatchCore, the same truncated encoder is used only as a fixed feature
extractor for short-context inputs. In contrast to the supervised classifier, the
PatchCore retrieval pipeline itself does not require task-specific end-to-end train-
ing. The memory construction and distance-based inference stages are described
in the following subsection.

3.4 Multi-state PatchCore with Class-Specific Memory Banks

Classical PatchCore models a single reference distribution of normal data
and performs anomaly detection via nearest-neighbor retrieval in embedding
space [24]. In industrial acoustic environments, multiple operating states may
exhibit distinct acoustic characteristics. Modeling all states with a single memory
distribution may increase ambiguity when certain background patterns resem-
ble malfunction signatures. We therefore adopt a multi-state formulation with
class-specific memory banks. Let fp(x) denote the CNN14-based encoder and
z = fp(x) the resulting embedding. For each operating state ¢ € C, an indepen-
dent memory bank is constructed as

M, = {0}

j:la
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where N, denotes the number of embeddings assigned to class ¢. To control
memory growth while preserving representative coverage, each memory bank is
optionally reduced to a subset S. C M, of size m using the k-center greedy
coreset strategy introduced in [24]. The corresponding objective is
min max min ||z — s]|2.
SCM,, |S|=m zeM. s€S
At inference time, a test embedding z is compared against each class-specific
coreset S, using Euclidean distance. To improve robustness to local embedding
fluctuations, the class score is computed as the mean distance to the k nearest

neighbors:
1 E
de(z) = 13 l1z = e,
i=1
where sz(-c) € S, denotes the i-th nearest neighbor of z in the coreset of class c.

Window-level prediction follows minimum-distance assignment,

é(z) = arg min de(z).

For ranking-based evaluation, similarity scores are defined as

se(2) = —de(2),

so that larger values indicate a stronger alignment with class c. Each annotated
event corresponds to multiple windows. Window-level scores are therefore aggre-
gated into event-level decisions. Because event-level performance depends on the
aggregation rule, this analysis is treated as a secondary deployment-oriented eval-
uation. For controlled comparison, event-level results are reported using a shared
aggregation rule across methods, while alternative strategies remain possible in
deployment.

Reproducibility. All experiments were conducted with fixed random seeds for
data splitting, memory construction, coreset selection, and model initialization.
Deterministic computation modes were enabled where applicable. All prepro-
cessing steps are deterministic and annotation-driven, enabling reproducible
dataset generation from the original recordings. The code is publicly available
on GitHub.!

By separating representation learning, memory construction, and aggrega-
tion, the framework enables analysis of embedding stability and encoder—context
alignment. The experimental protocol is described in the following section.

4 Experimental Setup and Results
4.1 Dataset and Industrial Setting

We evaluate on real-world machine acoustics collected from an industrial pro-
duction line. The dataset consists of three operating states: two background

! https://github.com /ms-patchcore-anon /multi-state-patchcore-audio.
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conditions and one malfunction class. Specifically, Class A corresponds to nor-
mal operation with a noisy background, Class B to anomalous operation, and
Class C to normal operation with a relatively clean background.

Recordings vary in duration and are annotated with event-level onset—offset
boundaries. Representative log—Mel spectrograms are shown in Fig. 2 for quali-
tative comparison.

Temporal Context Selection. Segment durations were determined through
empirical analysis of embedding stability, encoder behavior, and deployment
constraints. CNN14 was pretrained on multi-second audio clips (10s) using a
global tagging objective [17].

When applying the full backbone to our industrial recordings, very short
inputs were not suitable, as stacked pooling operations and receptive-field
requirements led to unstable embeddings. Empirically, approximately 2 s was the
minimum input duration that allowed the full CNN14 to produce stable embed-
dings. However, this long-context setting was not retained as the main evaluation
configuration. First, a 2s context is not well suited to industrial deployment,
where low-latency monitoring is required. Second, in our dataset, malfunction
events are typically short and transient, so a 2s segment may include substan-
tial surrounding background in addition to the malfunction itself, thereby weak-
ening class discrimination. For deployment-oriented short-context settings, win-
dows below 0.2 s resulted in inconsistent embedding neighborhoods and degraded
retrieval stability. Windows in the range of 0.2-0.4s provided a more favorable
trade-off between temporal precision, latency, and embedding stability. Longer
durations with truncated encoders did not provide further benefit.

-20

Log energy (dB)

-40

Fig. 2. Representative log—Mel spectrograms from the industrial acoustic dataset. From
left to right: Class A (healthy operation with noisy background), Class B (malfunc-
tion event with a short transient burst), and Class C (healthy operation with clean
background). Spectrograms are shown for qualitative comparison; the encoder operates
directly on raw waveforms. Malfunction signatures are temporally localized, whereas
background conditions exhibit more stationary spectral patterns.
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4.2 Evaluated Configurations

All pipelines are derived from CNN14 pretrained on AudioSet [7,17]. This shared
starting point supports a controlled comparison under limited industrial data.
The main quantitative evaluation focuses on two short-context settings (0.2
0.48) based on the adapted encoder described in Sect. 3.3, while longer-context
processing is considered only in the encoder—context analysis.

— Long-context feasibility analysis: The full pretrained CNN14 is consid-
ered only as part of the encoder—context analysis and is not reported as a
primary quantitative comparison.

— Short-context PatchCore: The truncated short-context encoder is used as
a fixed feature extractor within the Multi-State PatchCore pipeline.

— Short-context supervised classification: The same truncated encoder is
combined with a lightweight classification head and optimized using class-
weighted cross-entropy.

4.3 Performance Comparison and Analysis

Window-Level Evaluation. Each window produces either class probabilities
(classification) or distance-based scores (PatchCore). We report accuracy, macro-
F1, and false alarm rate (FAR). For PatchCore, one-vs-rest ROC-AUC and PR~
AUC are also computed from continuous scores.

Window-level performance reflects embedding stability and local discrimina-
tive capacity. As shown in Table 1, the supervised CNN14 classifier achieves an
accuracy of around 0.88 for both short-context window sizes. PatchCore reaches
its best window-level performance at 0.4 s, with similar accuracy. The difference
in FAR is more pronounced: the classification approach shows a higher FAR,
whereas the PatchCore FAR decreases from 0.13 at 0.2s to 0.03 at 0.4 s. In addi-
tion, PatchCore provides continuous scores for threshold-independent evaluation
and shows strong ranking behavior under acoustically ambiguous conditions.

At the class level, the one-vs-rest ROC curves in Fig. 3b show that PatchCore
separates the malfunction class (Class B) particularly well, with window-level
ROC-AUC values of 1.000 at 0.2s and 0.991 at 0.4s. The supervised classifier
likewise performs very strongly on Class B at the window level, achieving F1-
scores of 0.990 at 0.2s and 0.974 at 0.4s.

Event-Level Evaluation. Event-level aggregation combines information
across windows and can reduce isolated errors. Because event-level outcomes
depend on the aggregation rule, this analysis is treated as a secondary,
deployment-oriented evaluation. For controlled comparison across methods,
event-level results are reported using a shared top-5 mean aggregation rule, while
alternative aggregation strategies showed broadly consistent behavior.

As shown in Table 1, the lowest FAR is achieved by PatchCore, reaching 0.01
at 0.4s. This setting also yields the strongest event-level accuracy and macro-
F1, suggesting that aggregation can further stabilize short-context predictions,
although these outcomes remain sensitive to post-processing choices.
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Fig. 3. One-vs-rest ROC curves for PatchCore at 0.2s and 0.4s. Window-level ROC
reflects embedding separability, while event-level ROC shows the effect of aggregation
in a secondary, deployment-oriented analysis. The improvement from (a,c) to (b,d)
suggests more stable predictions after aggregation.

PatchCore vs Supervised Classification. Across the evaluated short-
context settings, PatchCore and supervised classification show broadly similar
performance. The main practical difference is that PatchCore does not require
task-specific end-to-end training. Instead, it relies on retrieval from class-specific
memory banks built from fixed embeddings. For our dataset, the 0.4s PatchCore
setting gives the most stable overall short-context results, suggesting that this
duration captures enough local structure for the short and transient malfunction
patterns without the drawbacks of longer contexts. In addition, the distance-
based formulation provides continuous scores, which are useful for threshold-
independent evaluation and score-based ranking. At the same time, auxiliary
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audio features such as signal energy can be integrated into supervised classifica-
tion models relatively easily, whereas this is less straightforward in PatchCore
because retrieval depends on a consistent embedding geometry and distance
metric. Event-level results are considered secondary here and mainly support
deployment-oriented final decision making.

Table 1. Window-level (top) and event/file-level (bottom) test performance for super-
vised classification and PatchCore pipelines. Win. denotes window length. Event-level
results are reported as a secondary, deployment-oriented analysis and, for controlled
comparison, are computed using a shared top-5 mean aggregation rule across methods.

Method Win/Acc.F1 FARROC-AUCPR-AUC

Window-level

Classification|0.2s [0.86/0.88/0.09 |0.958 0.923
Classification|0.4 s [0.88/0.89/0.10 |0.967 0.934
PatchCore 0.2 |0.86|0.88/0.13]0.910 0.860
PatchCore ]0.4s |0.88/0.88|0.03 |0.946 0.899
Event-level

Classification|0.2s [0.92/0.84/0.05 |0.983 0.938
Classification 0.4 s [0.89/0.84/0.10 |0.993 0.973
PatchCore |0.25(0.92/0.86/0.12 |0.953 0.778
PatchCore |0.4s(0.95/0.900.01 |0.975 0.963

5 Discussion

This work demonstrates that PatchCore can be adapted from its original vision-
based formulation to industrial acoustic monitoring under real-world noise con-
ditions while preserving its retrieval-based characteristics [1,24,27]. While the
original PatchCore formulation is one-class [24], the proposed Multi-State Patch-
Core framework introduces class-specific memory banks to represent multiple
operating conditions, allowing heterogeneous background states to be modeled
explicitly.

A key finding of this study is that anomaly detection performance depends
strongly on the alignment between temporal segmentation and the encoder’s
receptive field. Within the evaluated short-context settings (0.2-0.4s), increasing
temporal context alone does not necessarily improve performance. Consequently,
the evaluation focuses on this short-context range, where encoder—context align-
ment is better preserved and latency remains suitable for real-world deployment.
Shorter windows (below 0.2s) lead to inconsistent embedding neighborhoods
and degraded retrieval stability, while larger short-context windows (e.g., 0.4s)
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provide a better trade-off between stability and latency. Stable and discrimina-
tive embeddings emerge when temporal segments preserve informative acoustic
structure aligned with the encoder’s capacity, particularly when using pretrained
CNN14-based audio representations [17]. Event-level aggregation can improve
robustness while preserving ranking behavior.

Within identical short-context constraints, supervised classification and
PatchCore achieve comparable accuracy. However, unlike the supervised clas-
sifier, the PatchCore pipeline does not require task-specific end-to-end training
and instead relies on pretrained embeddings and memory-based retrieval. In
addition, the retrieval-based formulation produces continuous similarity scores
rather than only final class decisions. This makes threshold-independent eval-
uation possible through metrics such as ROC-AUC and PR-AUC, and it also
shows how strongly a sample matches each operating state. This differs from the
supervised classifier, which directly learns decision boundaries. In noisy indus-
trial settings, where different operating conditions may partially overlap, such
score-based comparisons can provide useful additional insight [27].

The proposed pipeline is designed to be transferable rather than dataset-
specific. The preprocessing and model adaptation strategy can be reused for
other industrial audio datasets containing annotated temporal events. The app-
roach is expected to scale to multi-class settings provided that classes exhibit
sufficiently distinguishable acoustic-temporal patterns.

Limitations of the current study include the evaluation on a single industrial
dataset and a single encoder family. While the observed behavior is consistent
under the examined conditions, further validation across different machine types,
noise environments, and alternative encoder architectures is necessary to assess
generalization. Performance degradation may occur when multiple classes share
highly overlapping acoustic characteristics. In addition, segmentation relies on
annotation-guided event boundaries, which may influence embedding stability
and evaluation outcomes.

6 Conclusion

We proposed a Multi-State PatchCore framework with class-specific memory
banks to represent heterogeneous operating states and compared it with a super-
vised CNN baseline under matched encoder configurations. Our results show
that reliable anomaly detection depends less on temporal context length alone
than on how well temporal segmentation matches the encoder’s receptive field.
In our setting, short-context processing was most effective when fixed-length
windows preserved the relevant acoustic structure of short and transient mal-
function events. Under this alignment, retrieval-based modeling achieved strong
ranking performance and competitive classification accuracy without requiring
task-specific end-to-end training. These findings suggest that, for industrial audio
under real-world noise, representation quality and encoder—context alignment
are more critical than the anomaly scoring paradigm alone. Evaluation should
therefore consider patch-level score behavior and threshold-independent metrics
alongside event-level performance.
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Future work will investigate robustness under domain shift and evolving

machine states in long-term industrial deployment. In particular, exploring alter-
native encoder architectures beyond convolutional networks may further improve
representation stability and encoder—context alignment.
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Abstract. Multi-agent path finding (MAPF) is the problem of finding
collision-free paths for a team of agents. Conflict-based search (CBS) is
a state-of-the-art algorithm for solving MAPF optimally that repeatedly
picks a collision (known as conflict) between two agents and resolves it
by constraining the movement of the agents. One of the earliest runtime
enhancement of CBS categorized conflicts into three groups (cardinal,
semi-cardinal, and non-cardinal) and resolved them in that priority order.
When multiple collisions share the same type, CBS typically breaks ties
by selecting one at random. In this work, we show that CBS with dis-
joint splitting (which is another CBS’ runtime enhancement) is further
improved by introducing a more nuanced conflict prioritization strat-
egy when multiple cardinal (or semi-cardinal) conflicts are present. More
specifically, we prioritize conflicts that involve agents that participate
in multiple cardinal (or semi-cardinal) conflicts. Our experiments show
that the new conflict prioritization strategy reduces both the number of
node expansions and the runtime of CBS with disjoint splitting for many
instances from the standard MAPF benchmark suite.

Keywords: MAPF - Heuristic Search - CBS

1 Introduction

Multi-Agent Path Finding (MAPF) is a widely studied problem in AT plan-
ning that has attracted significant attention due to its computational complex-
ity and wide range of real-world applications, including robotics, logistics, and
automated transportation systems. In MAPF, a set of agents must compute
collision-free paths from their respective start locations to their goal locations.
The objective is to find solutions efficiently, despite the exponential growth of
the joint state space as the number of agents increases. Consequently, numerous
optimal and suboptimal approaches have been proposed to address this chal-
lenge.
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Conflict-Based Search (CBS) is a leading optimal algorithm for solving
MAPEF. It follows a two-level search framework: the low-level search indepen-
dently computes shortest paths for each agent, while the high-level search repeat-
edly resolves collisions (known as conflicts) that emerge between these paths.
When a conflict is detected, the high level introduces constraints to prevent
the conflict and the paths of the affected agents are replanned at the low level.
This iterative process continues until a conflict-free solution is returned. Due
to its efficiency in finding optimal solutions, CBS has become one of the most
prominent methods in MAPF research.

Originally, when multiple conflicts were present, CBS selected the next con-
flict to resolve randomly. Subsequent research proposed more informed conflict-
selection techniques [1,2,4] that guide the search more effectively, thereby
improving overall performance. In this work, we introduce a novel conflict-
prioritization strategy for CBS with disjoint splitting (which is one of CBS’
enhancements) designed to further improve efficiency by minimizing redundant
branching in the search process.

In the following sections, we first present a theoretical example demonstrating
how the proposed conflict-prioritization strategy reduces unnecessary branch-
ing. Next, we describe the algorithmic modifications required to integrate our
approach into CBS. Finally, we evaluate our approach on six different MAPF
benchmark maps and present the results

2 MAPF

Formally, MAPF is often described as a problem on an undirected graph G =
(V,E) as follows: Let A be a set of agents and let s : A - Vandg: A -V
denote injective functions assigning every agent a; € A a start and a goal vertex
respectively. The objective is to find a wvalid solution, which is a set of conflict-
free paths that navigates the agents from their starting vertices to their goal
vertices.

In classic MAPF, time is divided into discrete timesteps. At each timestep, an
agent may either move to any adjacent vertex or remain at its current location.
Every action requires one timestep to complete and incurs a cost of one. A path
is a sequence of locations that an agent occupies to arrive to its goal. Finally,
the cost of an agent’s path is equal to the sum of costs of all its actions until it
arrives to its goal.

The majority of MAPF problem descriptions considers only two types of
conflicts, which are the vertex conflicts and the edge conflicts. Vertex conflicts
occur when two agents are located at the same vertex at the same timestep, and
edge conflicts occur when two agents move along the same edge but in different
directions at the same timestep.

MAPF can be solved optimally or (bounded) suboptimally with respect to
different objective functions. In this work we focus on optimal valid solutions
with respect to the sum-of-costs (SoC) which is the sum of costs of all agents’
paths. Solving MAPF optimally with respect to the sum-of-costs objective is
NP-complete [13].
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3 Conflict-Based Search

CBS [9] is a two-level search and its high-level search creates a binary search
tree, called the constraint tree (CT). Each node N € CT contains the following
attributes:

— A set of constraints for all agents,
— A solution (not necessarily valid) that respects the current set of constraints,
— A cost, which is the cost of the solution with respect to the given objective.

The high-level search performs a best-first search with respect to the nodes’
cost and uses a priority queue. At the beginning, it creates the root node that
has an empty constraint set and invokes the low-level search, which is often a
simple A* search, to find and return the optimal paths for all the agents. Then,
the root node cost is computed, and the root node is inserted in the priority
queue. Subsequently, the high level decides the next best CT node to expand
(initially only the root node is in the priority queue) and searches for possible
conflicts in its current solution. If no conflict is found, the current node solution
is valid and optimal and is returned.

In case there is a vertex conflict (a;, a;,u,t) (or an edge conflict) between two
agents a; and a; at vertex u and timestep ¢, the current node is removed from
the priority queue and CBS performs a split action. The split action creates two
child CT nodes that inherit the constraints of the current node (parent node)
and an extra negative constraint is added to each of them to resolve the conflict.
For the aforementioned conflict, the constraint (a; 4 (u,t)) is added to one of
the children and the constraint (a; # (u,t)) is added to the other one. The
negative constraint (a; 4 (u,t)) means that agent a; is not allowed to be at
vertex u at timestep t. Then the low-level search is invoked again for each child
node to compute the new optimal path for the agent affected by the additional
constraint. Finally, the new cost of the child nodes is computed and the nodes
are added to the priority queue where the high level performs a best-first search
with respect to the node cost.

This process continues till no conflict exists any longer and the solution
returned by CBS is guaranteed to be valid and optimal with respect to the
given objective.

4 Related Work

CBS is very sensitive to the single-agent paths returned by the low level. This
happens because there are often many different optimal paths for an individual
agent on the low level but some of them increase the amount of conflicts found
in the high level. Since CBS’ runtime is in the worst case exponential to the
number of conflicts that it has to resolve, these bad decisions will significantly
increase the runtime. This is why a conflict avoidance table (CAT) [11] is used
when calculating the single-agents paths on the low level. CAT is a lookup table
that stores the position and time of every agent whose path has already been
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calculated and when the low level searches for the optimal path of a new agent,
ties on low-level nodes (that have the same A* search f-value) are broken in favor
of nodes with lower number of conflicts in CAT.

CBS’ high-level chooses randomly the next conflict (in case there are many) to
resolve. These decisions significantly affect the performance of the algorithm. To
mitigate this issue, improved CBS (ICBS) [2] was developed and categorized con-
flicts into three different types, namely cardinal, semi-cardinal and non-cardinal.
The cardinality of a conflict depends on the cost of the child nodes that are cre-
ated when this conflict is resolved. When cardinal conflicts are resolved, the
node cost of both child nodes is increased compared to the parent node. In semi
cardinal conflicts, the cost of only one child node is increased and finally, when
resolving a non-cardinal conflict, none of the costs of the child nodes increases.
In ICBS, cardinal conflicts have the highest priority, then follow semi-cardinal
conflicts and in the end the non-cardinal ones. This prioritization improved the
runtime of CBS because, when cardinal (or semi-cardinal) conflicts are priori-
tized, the solution cost of both (or one, respectively) child nodes increases and
this makes the search more informed.

Another improvement on the CBS algorithm (called ICBS-h) was accom-
plished by adding admissible heuristics (CG heuristic) [3] on the high-level
nodes. These admissible heuristic values are calculated by aggregating the car-
dinal conflicts between disjoint pairs of agents and make the high-level search
more informed. ICBS-h further improved the runtime compared to ICBS.

In the same line of work, two more informative admissible heuristics, namely
DG and WDG were developed to guide CBS’ high-level search [5]. The DG
heuristic is more informative than the CG heuristic because it doesn’t only take
into account the cardinal conflicts between the agents to compute the heuristic
value, but also investigates their whole possible paths to find out if all their cost-
minimal paths have an inevitable conflict with each other, resulting to higher
heuristic values. WDG is even more informative that DG because it also captures
the minimum extra cost needed to resolve all conflicts between pairs of agents.
Although DG and WDG incur a computation overhead, they manage to reduce
substantially the amount of high-level nodes expanded and thus sped up CBS.

The standard splitting action in CBS creates two negative constraints that
are propagated to the child nodes. This approach creates some duplicate search
effort because some solutions are shared in both child nodes. To mitigate the
solution overlap and the respective computational overhead, disjoint splitting
was introduced. Disjoint splitting [7] splits a node by creating one positive and
one negative constraint for the same agent. Positive constraints e.g. a; — (u,t)
force an agent to be at a specific vertex (or edge) at a specific timestep and
simultaneously prohibit all other agents from being at this vertex (edge) at this
timestep (e.g. a;j 4 (u,t), Va; € A\{a;}). This type of splitting sped up CBS
and CBS variants by up to 2 orders of magnitude.

Reasoning techniques have been also leveraged to identify cases where CBS
split actions are inefficient because they create a big number of nodes that can
exponentially increase the high-level search space in some cases. Those tech-
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niques identify rectangle [8], corridor and target conflicts [6] between pair of
agents and resolve them with one single split action, resulting to lower runtimes.

Despite categorizing conflicts into three categories (cardinal, semi-cardinal
and non-cardinal) with different priorities, CBS still randomly decides about
what conflict to choose and resolve next in case there are multiple conflicts
with the same priority. Since these choices can heavily influence the efficiency
of the algorithm, researchers employed a linear ranking function [4], learned
using machine learning techniques, to rank conflicts at a search node based on
their estimated potential to lead to a faster solution. This conflict prioritization
approach achieved a runtime reduction of 10% to 65%, depending on the specific
map in the MAPF suite.

Another research direction [1] that further investigated the possibility of pri-
oritizing conflicts focused on prioritizing conflicts that increase the f-values of
the resulting child nodes. By prioritizing such conflicts the search becomes more
informed and since the computational cost needed to find such conflicts was low,
this approach led to reduced node expansions and shorter runtimes.

5 Conflict Prioritization

CBS with disjoint splitting prioritizes cardinal conflicts, followed by semi-
cardinal and finally non-cardinal. Though, in case of multiple conflicts with the
same priority, there is no clear guideline on which conflict to resolve first and how
this affects the efficiency of the algorithm because the aforementioned research
directions [1,4] that prioritize certain conflicts were specifically engineered for
non-disjoint splitting and they cannot be easily extended for non-disjoint split-
ting. Thus, since no typical guideline exists when multiple conflicts have the
same priority, some researchers decided to break ties in favor of conflicts with
the earliest timestep [8].

5.1 Example

In the following, we will consider an example that demonstrates that there are
some cases where resolving conflicts earlier in time is inefficient because it causes
the CT to branch unnecessarily many times and create superfluous high-level
nodes. The increased node expansion may lead to a larger CT and thus runtime,
which could have been avoided if we had chosen a different conflict resolution
order.

Figure 1(a) shows an agent that faces three cardinal conflicts while following
its fastest path to its goal. Figure 1(b) shows the generated CT, if we decide
to break ties in favor of conflicts earlier in time. In that case, all the cardinal
conflicts of a; have to be resolved one after the other by generating six high-level
nodes. Whereas, Fig. 1(c) shows the respective CT if we decide to break ties in
favor of the cardinal conflict latest in time for a;. This CT generates only two
high-level nodes because by adding the constraint a; /4 (us,6), CBS’ low-level
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(a) MAPF instance (b) Break ties in favor of conflicts (c) New conflict pri-
with the earliest timestep oritization strategy

Fig. 1. Motivation example that demonstrates the importance of conflict prioritization
when an agent faces multiple cardinal conflicts at different timesteps.

invokes A* with conflict avoidance and therefore it finds a path that avoids the
rest of the cardinal conflicts.

Furthermore, the new constraint a; — (us,6) that was added in node Ny in
Fig. 1(c) silently imposes two extra constraints because of Proposition 1.

Definition 1. A multi-value decision diagram (MDD5) [10] is a compact repre-
sentation of all possible paths of agent a; with path length ¢ that lead the agent to
its goal vertex. The MDDY is organized into levels, where each level t contains all
vertices that the agent can occupy at timestep t along some path of cost c. The
first level contains only the start vertex of the agent, and the last level contains
only its goal vertex.

Definition 2. A node (v,t) in MDDS is called a singleton node if it is the only
node in level t.

Proposition 1. Let MDD{ where c is the length of a shortest path of agent a;
from its start vertex to its goal vertex, have a singleton node (us,t3) at level t3.
A positive constraint a; — (us,t3) implies a; — (v,t), Y(v,t) € MDD{ that are
singleton nodes and at level t < t3.

Proof. By contradiction, if a; /4 (v,t) where (v, t) is a singleton node and ¢ < t3.
Then there is no feasible path for a; to be at (us,t3) since all its feasible paths
cross (v,t).

Therefore, a1 — (us,6) implies a; — (u1,2) and a3 — (u2,4) too. Hence,
to make the CBS’ heuristics more efficient but also to avoid unnecessary node
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expansions later, the constraints a; — (u1,2) and a; — (ug,4) with their respec-
tive negative constraints for all other agents could also be added in node NV; in
Fig. 1(c).

This tie-breaking technique can also be leveraged for agents that are involved
in multiple semi-cardinal conflicts when the location-time of these conflicts are
singleton nodes for the same agent. Let’s assume that we have the same example
as in Fig.1(a) but the conflicts of a; are now semi-cardinal and also (uq,2),
(ug2,4) and (us,6) are singleton nodes for a;. Then we would get the same CT
expansions as in Figs. 1(b) and 1(c) for the two different aforementioned tie-
breaking strategies. Moreover, since the location-times are singleton nodes for a1,
we can again add the silently imposed constraints a1 — (u1,2) and a; — (us2,4)
in node Nj in Fig. 1(c).

5.2 Algorithmic Extension

The algorithmic extension of CBS for our conflict prioritization is described in
Algorithm 1. CBS already finds all conflicts in every high-level node in order
to compute its high-level heuristics. For our conflict prioritization, we only need
to do some extra bookkeeping. Whenever a new cardinal conflict between two
agents a; and a; is found, it is added to the set of cardinal conflicts of both
agents. Likewise, for the semi-cardinal conflicts with the only difference that it
is added to the set of semi-cardinal conflicts for the agent that the location-time
of the conflict is a singleton.

Subsequently, in each high-level node, we find the agent a; with the most
cardinal (or semi-cardinal singletons, if no more cardinal conflicts exist) conflicts
and a multi-conflict is created. This multi-conflict includes all the cardinal (or
semi-cardinal singletons) conflicts of a; and it is chosen for the next conflict res-
olution. Finally, by resolving this multi-conflict, two new child nodes are created.
The left child node adds positive constraints to aj for all the conflicts that are
included in the multi-conflict and the other one adds one negative constraint to
ay, for the conflict with the latest timestep.

6 Experimental Results

To evaluate empirically the effect of our new conflict prioritization strategy
to CBS, we developed two different variants of CBS with disjoint splitting in
Python', namely a CBS that uses the CG heuristic and corridor reasoning
(CBSH-CG-C) and a CBS that uses the most informative WDG heuristic and
rectangle, corridor and target reasoning (CBSH-WDG-RTC). Moreover, in CBS
with disjoint splitting, there are 3 different strategies (random, singleton and
width) to decide which agent to constrain when a split action is performed and
we tested all of them in our experiments. We used 4 maps from the standard

! https://github.com/GrFr/CBSH-CG-DG-WDG-RTC /tree/ CBS-CG-WDG-RTC-
multiconflict.
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Algorithm 1 Conflict Prioritization
Require: CardinalList : List of all cardinal conflicts
Require: SemiCardinalList : List of all semi-cardinal conflicts
Require: Singletons|a;] : Set of all singleton nodes Va; € A

1: Cardinals[a;] = 0, Va;, € A

2: SemiCardinals[a;] = 0, Va; € A

3: for each vertex or edge conflict ¢ = (a;, aj,u,t) do

4 if ¢ € CardinalList then

5 Cardinals[a;].add(c)
6: Cardinals[a;].add(c)
7
8

else if ¢ € SemiCardinalList then
if (u,t) € Singletons[a;] then

9: SemiCardinals[a;].add(c)

10: else if (u,t) € Singletons[a;] then
11: SemiCardinals[a;].add(c)

12: end if

13:  end if

14: end for

15: if CardinalList # () then

16: a1 < argmax, |Cardinals|a]|

17:  NextConflict «— MultiConflict(Cardinals[a1])
18: else if SemiCardinalList # () then

19:  a; < arg max, |SemiCardinals|a]|
20:  NextConflict «+ MultiConflict(SemiCardinals|a,])
21: end if

22: return NextConflict

MAPF benchmark suite [12] which are empty-16-16, random-32-32-10, random-
32-32-20 and lak303d and we also created two new grid maps with dimensions
32 x 32 and obstacle densities of 30% and 40%. These maps were named random-
32-32-30 and random-32-32-40 respectively.

For the small maps empty-16-16, random-32-32-10, random-32-32-20 and the
big game map lak303d, we varied the agents from 10 to 60 and for the maps
random-32-32-30 and random-32-32-40 we varied the agents from 10-35 since
finding solutions in those heavily constrained maps gets hard really fast by
increasing the number of agents. We generated 50 instances with randomly gen-
erated start and goal positions per number of agent and map and we set the
time limit for finding a solution to 30 min. Finally the experiments were per-
formed on a machine with an AMD EPYC 9655 (96-core) processor, with each
run restricted to a single CPU core and 16 GB of RAM.

6.1 Results for CBSH-CG-C

In Fig.2 the runtime comparison for the two different conflict prioritization
strategies is presented for every instance that is solved by both conflict prioritiza-
tion strategies for CBS-CG-T. We named as “Classic Conflict Prioritization” the
tie-braking in favor of conflicts earlier in time and “Our Conflict Prioritization”
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the conflict prioritization strategy described in the previous section. From these
plots, it is apparent that our new conflict prioritization generally yields better
runtimes across the majority of instances, notably on the smaller maps (empty-
16-16, random-32-32-10, random-32-32-20, random-32-32-30, random-32-32-40).
This observation is further supported by the numerical evaluation in Table 1
where we present the average runtimes and nodes expanded across all instances
for specific numbers of agents. Our new conflict prioritization achieves up to 40%
lower runtimes and node expansions.

Furthermore, in Table 2 you can see the frequency of resolving a multi-conflict
(cardinal or semi-cardinal) per map. It is expected that multiconflicts emerge
more often in smaller maps that are often more congested such as empty-16-16
and all the 32 x 32 maps with random obstacles. On the contrary in large maps
like 1ak303d, multiconflicts emerge rarely and this is probably the reason that
our new technique doesn’t show any improvement in this map.

6.2 Results for CBSH-WDG-RTC

However, when we combine our new conflict prioritization technique with CBS-
WDG-RTC, the previous advantage disappears as it is shown in Fig. 3. This can
be attributed to the use of symmetry reasoning techniques together with the
WDG heuristic in CBS. In this CBS variant, conflicts such as rectangle and target
conflicts are identified and resolved before vertex and edge conflicts. Therefore
the frequency of standard vertex and edge conflict resolutions is reduced, but so
does their impact in the efficiency of CBS because they are typically resolved
deeper in the CT. At that stage, avoiding unnecessary branching yields smaller
performance gains, making the overall improvement less significant.

Runtimes across all maps
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Fig. 3. Comparison of the runtimes for all maps and CBS-WDG-RTC
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Table 1. Comparison of average high-level nodes expanded and runtimes for the two
conflict prioritization strategies and CBSH-CG-C on different maps with varying num-
ber of agents

Map AgentsExpanded Nodes  Runtimes (s)
Classic CP|Our CP |Classic CP|Our CP
empty-16-16 15 15.56 14.25 (0.15 0.14
25 756.40 613.75 18.79 15.49
35 1560.38  |1123.56/56.77 40.59
45 3748.62 2530.69/188.50 133.70
55 5170.43 4368.00 354.56 322.40
random-32-32-10/15 3.63 3.57 0.10 0.10
25 349.09 314.26 (15.01 13.43
35 775.53 699.14 42.21 38.20
45 1426.50 |1159.45119.59 98.87
55 1901.27 1607.71(222.47 190.75
random-32-32-20|15 10.40 9.69 0.53 0.45
25 81.82 80.84 (4.39 4.64
35 776.32 702.93 |78.02 68.54
45 2111.40 |2205.95 [242.80 246.49
55 3185.04 2304.57/418.48 318.85
random-32-32-30(10 17.97 14.43 |1.83 1.43
20 537.91 466.24 95.35 79.36
30 3056.67 2655.75(402.69 319.60
random-32-32-40(10 443.46 364.82 (225.59 182.24
15 624.71 378.90 280.72 180.16
20 7342.00 [7386.00 831.28 811.66
lak303d 20 33.51 33.99 125.16 121.40
30 56.88 55.08 |412.86 420.35
40 99.50 102.83 |538.78  553.37
50 165.22 149.89 694.13 844.66

Table 2. Frequency of cardinal and semi-cardinal multi-conflict resolutions per map

Map Cardinal multi-conflicts|Semi-cardinal multi-conflicts| Total Nodes|Ratio
empty-16-16 12007 486646 5062345 0.10
random-32-32-10/3363 438599 3683513 0.12
random-32-32-2030427 233437 3828778 0.07
random-32-32-30/50378 45973 1300140 0.07
random-32-32-40/16435 8708 317007 0.08
lak303d 2686 4973 175691 0.04
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7 Conclusion and Future Work

Conflict prioritization plays an important role in the efficiency of CBS and in
this work we developed a new conflict prioritization technique for CBS with dis-
joint splitting that reduces node expansions and runtimes for CBS-CG-C for the
majority of the tested MAPF maps. Our new technique prioritizes the resolution
of conflicts for agents that are involved in multiple cardinal (and semi-cardinal
conflicts) by prioritizing the resolution of their cardinal (or semi-cardinal) con-
flict with the latest timestep. However, when this technique is combined with
CBS-WDG-RTC, the results show no clear advantage, likely because the prior-
itization of vertex and edge conflicts becomes less significant since rectangular
and target conflicts are prioritized.

In future work, we aim to investigate the possibility of developing techniques
that further prioritize other type of conflicts such as rectangle, corridor and
target conflicts and by doing so, we may be able to improve the efficiency of
CBSH-WDG-RTC too.
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Abstract. We study modular acceptability semantics for bipolar
weighted argumentation graphs, which cleanly separate the aggregation
of attacking and supporting arguments from the computation of their
influence on an argument’s initial weight. Using a matrix representa-
tion, we reformulate the desirable characteristics of such semantics and
prove general convergence and divergence theorems. We also introduce
the first semantics that converges on all bipolar weighted graphs.

Keywords: Weighted Argumentation -+ Gradual Argumentation -
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1 Introduction

Abstract argumentation has been extensively studied since Dung’s pioneering
work [21]. Weighted argumentation frameworks add a numerical weight to argu-
ments [3,4,7,10]. In this paper, we study bipolar [5,6,18] weighted argumen-
tation graphs that contain both attack and support relationships. One major
research question is: given a collection of arguments connected by attack and
support relationships and their initial weights, what is the acceptability of the
arguments?

Interest in these frameworks is driven not only by argumentation theory, but
also by explainable AI: weighted bipolar graphs can model multilayer percep-
trons and other classifiers, so acceptability semantics underpin neural-network
interpretations [29], sparse explanations [11], and attribution-based explana-
tions [32,35]. All of these presuppose a convergent semantics, so convergence
is another important research question.

We observe that many acceptability semantics compute acceptability degrees
in two steps: firstly, an aggregation function « combines the effect of the parents
of an argument; secondly, an influence function ¢ calculates the acceptability
degree based on the result of the aggregation and the initial weights (see Fig. 1).
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attack/support
structure

acceptability degree of

aggregation — influence —>
88res uence argument

acceptability degrees

of parents initial weights

Fig. 1. Modular structure of acceptability semantics

We call such semantics modular. Similar abstractions have been studied for bipo-
lar graphs without initial weight [8] and weighted attack-only graphs [24].

Using a matrix representation of argumentation graphs (cf. [19]), we propose
an elegant reformulation of desirable characteristics of modular acceptability
semantics. The modular approach allows us to obtain convergence and divergence
theorems for whole classes of semantics. All well-behaved modular acceptability
semantics converge for acyclic graphs (Theorem 1). We propose three semantics
that converge for all bipolar argumentation graphs (Table6). Further, we show
that no sum-based semantics can converge for all graphs.

In the next section, we introduce the basic notions. In Sect.3 we discuss
characteristics of acceptability semantics. Section 4 introduces our modular app-
roach. In Sect. 5 we compare different modular acceptability semantics, based on
an example. Sections 6 and 7 prove convergence and divergence results, respec-
tively. Section 8 discusses related work and provides conclusions. Proofs omitted
due to space restrictions are available in the extended report [25].

2 Basic Concepts

We follow [7,10,12,13] for basic definitions. Weights stem from a connected sub-
set D C R of the reals. We assume 0 € D is the neutral acceptability degree. If D
has a minimum (maximum), we denote it by Ming (Maxs).

Definition 1 (Argumentation Graph). A weighted attack/support argu-
mentation graph (WASA; with slightly different formalisation called quantitative
bipolar argumentation framework (QBAF) in [12,13]) is a triple A = (A, G, w),
where A is a vector of n pairwise distinct arguments; G = {Gij} 1S a square
matriz of order n with G;; € {—1,0,1}, where G;; = —1 means a; attacks a;,
Gi; = 1 means a; supports a;, and G;; = 0 otherwise; and w € D" is a vector
of initial weights.

G, denotes the i-th row of G (the parents of argument a;). We let Atty(a;) =
{a;j | g;j = —1} and Sup, (a;) = {a; | g;; = 1}. To represent a WASA graphically,
we draw attack relationships as normal arrows and support relationships as
dashed arrows, with initial weights written below arguments (see Fig. 2).
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Ezample 1. Consider the WASA

0 0
) o 0 0 ?
AT = as || o 0o |> 004
0 - 5
0 1 i
a1 and as are neither attacked nor supported. a; attacks az and as attacks ay,
which supports as. a5 and ag attack each other, while ag supports itself (see

[ay

,_.
cocooo
| coococo

—
o

0 0
0 0
0 0
— 0
0 1
0 0

1

Fig.2). O
al a2
0 1
l l v
as a4 — —>a5 <—=ag ~
0.4 0 0.5 1

Fig. 2. Graphical representation of A®"*

Definition 2 (Acceptability Semantics). An acceptability semantics is a
partial function S transforming any WASA A = (A, G, w) into a vector Deg; in
D". For any argument a;, Degj (a;) is called the acceptability degree of a;.

The semantics is partial because some semantics only converge for a subclass
of graphs.

Ezample 2. Given an acyclic WASA with weights from [0,1), the Euler-based
semantics [5] defines the acceptability degrees recursively: for a; € A,

1-— wf
1 + w; - GXp(EZ‘)7

(Degj)i =1 (1)
where E; = Zajes‘lpA(ai)(Degi)j - ZajeAttA(ai)(DegK)j. Intuitively, E; is the
energy acting on argument a;: supporters increase it, attackers decrease it. As
E; — oo, the degree goes to 1; as E; — —o0, it goes to w?. a

3 Characteristics of Acceptability Semantics

Obviously, there are many possible acceptability semantics, including triv-
ial ones. This raises the question of desirable characteristics. We distinguish
between: structural characteristics, which set up the framework (e.g., anonymity,
modularity); essential characteristics, which any well-behaved semantics should
exhibit (e.g., neutrality, reinforcement); and optional characteristics, which
reflect particular design choices (e.g., Franklin, counting).

Table 1 relates our characteristics to those in the literature; the four bold-
faced rows (modularity, continuity, stickiness, symmetry) are introduced here,
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Table 1. Our characteristics related to the literature; bold rows are new.

Support graphs [3]

Attack graphs [7,10]

Bipolar [5]

Our terminology

Equivalence
Anonymity
Independence
Reinforcement
Coherence
Minimality
Dummy
Non-dilution
Monotony
Strength. Soundness
Strengthening
Boundedness
Imperfection

Counting

Equivalence
Anonymity
Independence
Reinforcement
Proportionality
Maximality
Neutrality
Directionality

Weak. Soundness

Weakening

Resilience

Counting

Bi-variate Equivalence
Anonymity

Bi-variate Independence
Bi-variate Reinforcement

Stability

Neutrality

Bi-variate Directionality
Bi-variate Monotony
Strengthening
‘Weakening

Resilience
Franklin
Bi-variate Monotony

Equivalence
Modularity
Anonymity
Independence
Reinforcement
Initial monotonicity
Stability
Continuity
Neutrality
Directionality
Parent monotonicity
Soundness
Strengthening
Weakening
Compactness
Resilience
Stickiness
Franklin

Counting
Symmetry

the rest are matrix-notation reformulations of established characteristics that
we sometimes strengthen while preserving their intuition (Proposition 3).

In the equations below, beyond the notation introduced in Sect. 2, g, h range
over rows; P over permutation matrices; d, e over degree vectors in D"; w over
initial weight vectors; s, s1, $2 over reals (output of «, input to ¢). Comparison
relations like < on vectors mean component-wise comparison.

3.1 Structural Characteristics

Structural characteristics provide the framework for the other characteristics.
While not all semantics need to exhibit them, they simplify formulation and
enable our modular approach.

Anonymity-1 states that only the incidence matrix G matters, not the
argument names, i.e. there is Deg‘?’Qw> such that for all A, we have

Deg 4 ¢y = De&ic )

In the sequel, we therefore write Deg?G)m instead of Deg%A’Qw.
Equivalence requires that degrees of arguments depend only on their initial
weights and the degrees of their parents, reducing cognitive complexity:

(2)

for a degree function deg : {—1,0,1}" x D™ x D — D satisfying deg(g, d,w) =
deg(gP~1, Pd,w) for any permutation matrix P.

Deg?G,w) (Z) = deg(sz Deg?G7w> ) wz) .y n)
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Modularity strengthens equivalence: the degree function is a composition
of an aggregation function « : {—1,0,1}™ x D" — R and an influence function
t:RxD—D:

Degi( ) (1) = t(a(Gi, Deglg o)), i) (i=1,...,n) (3)

« aggregates the degrees of parent arguments according to the graph structure.
Note that this aggregation can lead outside D (e.g. if summation is used), so
the range of « is R. Then ¢ determines how the aggregated parents modify the
initial weight. By entry-wise action, we extend to vectors:

Deg?G,w} = l’(a(G’ Deg?G,w))’ w) (4)

Definition 3 (Modular Acceptability Semantics). A modular acceptabil-
ity semantics (D, a, 1) consists of a connected domain D C R with 0 € D, an
aggregation function a and an influence function v, satisfying the structural char-
acteristics in Table 2.

3.2 Essential Characteristics

Essential characteristics are those any well-behaved semantics should satisfy,
independently of the particular design intuition. They pin down the minimal
sanity requirements.

Anonymity-2 requires that positions of arguments do not matter, i.e. for
any permutation matrix P, we have a(gP~!, Pd) = a(g,d).

Independence means that acceptability degrees for disjoint unions of graphs
are built component-wise, i.e. a((09), (%)) =a(g,d) =a((g0),(4)).

Reinforcement means: weakening an attacker or strengthening a supporter
increases acceptability. Using d <, e iff g,d; < g;e; for all i, we require: d <,
e — a(g,d) < alg,e) (Reinforcement-a), and s1 < s2 — 1(s1,w) < t(s2,w)
(Reinforcement-i), where v < w means v < w or v = w = Ming or v = w = Maxg.

Initial monotonicity means that a stronger initial weight should also lead
to a stronger acceptability degree of an argument: w; < wg — (s, w1) < ¢(s, wa).

Stability means that an unattacked, unsupported argument keeps its initial
weight, i.e. «(0,d) = 0 and (0, w) = w.

Continuity means that small changes in the inputs cause only small changes
in the output, i.e. ¢ and «(g,_) are continuous.

Neutrality means that an argument with neutral acceptability degree 0 can
be removed from the graph without effect: d > 0A (Vj # k.g; = hj) Ad, =0 —
alg,d) = a(h,d).

Directionality captures that attack and support are directed relationships.
Given a row g of the argumentation matrix, define d =4 e iff for j =1,...,n,
g; # 0 implies d; = e;. Then directionality is d =4 e — a(g,d) = a(g, e). This
is entailed by Reinforcement-c.

Parent Monotonicity is called monotony in [3,7]. It requires that weaken-
ing/removing attackers or strengthening/adding supporters leads to a stronger
or equal acceptability degree. We express this by two monotonicity requirements
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here. The first one is Parent Monotonicity-c: (d > 0Ag < h) — «a(g,d) <
a(h,d). The second requirement is Parent Monotonicity-t: $1 < so — (s1,w) <
t(s2,w).

Strengthening-: requires that the acceptability degree of a supported argu-
ment is higher than its initial weight. This is expressed as s > 0 — w < (s, w).
Dually, weakening-t is s < 0 — i(s,w) < w. For the a part, we define
supports(g,d) and attacks(g,d) as the indicator vectors of the non-neutral sup-
porting resp. attacking parents: supports(g,d); = 1 iff g, = 1 and d; # 0,
and attacks(g,d); = 1 iff g; = —1 and d; # 0. Now strengthening-« expresses
that if d > 0 and if we have a permutation P mapping attackers to supporters
outweighing them, i.e.

attacks(g, d) < supports(Pg, Pd) and
attacks(g,d) o d < supports(Pg, Pd) o Pd,

(where o denotes the entry-wise (Hadamard) product), then a(g,d) > 0 (strict
if one inequality is strict). Weakening-« is dual.

Definition 4 (Well-Behaved Modular Acceptability Semantics). A
well-behaved modular acceptability semantics satisfies all structural and essential
characteristics in Table 2.

Proposition 1. Reinforcement-¢ entails parent monotonicity-¢. Stability-¢ s
equivalent to soundness (1(s,w) # w — s # 0). Reinforcement-a entails direc-
tionality.

Proposition 2. All essential axioms listed in Table 2 are independent of each
other.

Proposition 3. Any well-behaved modular acceptability semantics satisfies the
characteristics from [5]: anonymity, bi-variate independence, equivalence, stabil-
ity, neutrality, parent monotonicity, non-strict bi-variate reinforcement, weak-
ening and strengthening. Additionally, resilience as defined in [5] is satisfied if
our version of resilience is.

3.3 Optional Characteristics

The following characteristics are met by some acceptability semantics.
Compactness: D has a minimum Ming and maximum Maxs. Resilience
ensures that an argument may have a perfect (Maxs) or a worthless (Ming) degree
only if its initial weight is of the same value: w < Maxg — ¢(s,w) < Maxg and w >
Ming — ¢(s,w) > Ming. Stickiness expresses, dually, that arguments cannot
escape the minimum or maximum value: ¢(s,Ming) = Ming and/or «(s,Maxs) =
Maxs. Franklin expresses that if argument « is attacked by b and supported by ¢
and the acceptability degrees of b and c are identical, then ¢ and b neutralise each
other (w.r.t. a). Formally, if g; = —g; and d; = dj, then a(g,d) = a(g[i : 0][j :
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0],d), where g[i : 0] is g with i-th component set to 0. Counting: additional
support (attack) increases (decreases) the aggregation. Formally,

(d = 0 AVi#tk.g;=h;) — sgn(a(g,d) — a(h, d)) = sgn(g;, — hx).

Symmetry expresses that a support with degree d is equivalent to an attack
with degree —d (and vice versa). Formally, a(g,d) = a(—g, —d) (Table 3).

4 Implementing the Modular Parts

Several implementations of a have been studied:

Sum all supporting and attacking arguments are summed up: «**™(g,d) = gd
(matrix multiplication). With sum, attacks with negative degree effectively
become supports and vice versa.

Sum-pos like sum but only parents with positive degrees:

™ (g, d) = Zi;dizo 9;d;

Sum-o like sum with sigmoid: a**™7(g,d) = go~'(d), where o = tanh.

Table 2. Structural and essential characteristics. <, <y, supports and attacks are
defined in the text.

Structural Characteristics

Anonymity-1 Degsquw) = Degscyw)

Equivalence Degscyw (¢) = deg(Gs, Deg?cyw ,W;) (i=1,...,n)

Modularity Deg%cyw y (3) = v(a(Gi, Deg%cyw y ) W) (i=1,...,n)
Essential: Conditions on ¢

Reinforcement-t s1 < s2 — u(s1,w) < u(s2,w)

Initial monotonicity w1 < we — (s, w1) < t(s, w2)

Stability-. (0, w) =w

Continuity-t L is continuous

Essential: Conditions on «

Anonymity-2 a(gP~!, Pd) = a(g,d) if P is a permutation matrix

Independence a((0g),(4)=alg,d) =a((s0),(%))

Reinforcement-« d<se— alg,d) <alg,e)

Parent monotonicity-a|d > 0Ag < h — a(g,d) < a(h,d)

Stability-a a(0,d) =0

Continuity-a a(g, -) is continuous

Neutrality d>0AVj#kg; =h;)ANdy=0— ag,d) = a(h,d)
Strengthening-a for d > 0, P a permutation matrix, attacks(g,d) < supports(Pg, Pd)

and attacks(g,d) od < supports(Pg, Pd) o Pd imply a(g,d) > 0,

strict if one inequality is strict

Weakening-a for d > 0, P a permutation matrix, supports(g,d) < attacks(Pg, Pd)
and supports(g,d) od < attacks(Pg, Pd) o Pd imply a(g,d) <0,

strict if one inequality is strict
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Table 3. Entailed and optional characteristics.

Entailed Characteristics

Parent monotonicity-t|s1 < s2 — t(s1,w) < t(s2,w)

Soundness s, w)Zw—s#0
Strengthening-u $s>0—w<(s,w)
Weakening-t s <0— (s, w) < w
Directionality d=ge— ag,d) =ag,e)
Optional Characteristics
Compactness there is a Ming € D and a Maxg € D
Resilience w > Ming — (s, w) > Ming w < Maxs — (s, w) < Maxg
Stickiness-min t(s,Ming) = Ming
Stickiness-maz t(s,Maxg) = Maxg
Franklin g, =-9;Ndi=d; — a(g,d) = a(gli: 0][j:0],d)
Counting (d > 0AVi#k.g;=h;) — sgn(a(g,d) — a(h,d)) = sgn(g;, — hx)
Symmetry a(g,d) = a(—g, —d)

Top only the strongest supporter and attacker have influence [3,7]. Only parents
with positive degrees are considered: a'°?(g,d) = top(g, d)d, where top(g, d)
keeps only the strongest support and strongest attack.

Top-o like top, but with sigmoid transformation.

Reward/Card The number of supporters/attackers is more important than
their quality [3,7]. These are suited for unipolar graphs only.

Proposition 4. The implementations of a sum, sum-pos, sum-o, top, and top-
o satisfy all structural and essential characteristics. With appropriate restric-
tions, so do reward and card.

Influence functions from the literature include: combined fractional, Euler-
based (1 — llJ:T“’;), linear(d) (£ + w), sigmoid(8) (o(% 4+ o~ ! (w))), and QMax
[27]. These represent different design choices about the role of minimum and
maximum acceptability degrees. The Euler-based influence function displays an
asymmetry: it has a minimum (Ming = 0) but no maximum, so the perfect degree
(the supremum of D) can only be approximated. The linear and sigmoid functions
involve a damping factor § > 1 that dampens the role of the aggregation. The

sigmoid function maps R onto (—1,1), bounding acceptability degrees.
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Proposition 5. All implementations of v in Table 4 satisfy all structural and
essential characteristics for v, if the listed conditions on s are respected.

Corollary 1. FEvery combination of sum, sum-pos, sum-o, top, top-c with
combined fractional, Euler-based, linear(d), sigmoid(d), QMax yields a well-
behaved modular acceptability semantics.

5 Comparison of Modular Semantics

Due to the modular structure of our approach, any implementation of a can be
combined with any implementation of + whose domain matches the range of «,
resulting in an acceptability semantics. Table 6 lists semantics from the literature
and novel ones, together with their convergence properties. To illustrate the

differences, consider the WASAA®*? with arguments a1, ..., a4, initial weights
(0.8,0.7,0.001,0.7): V/ \

ay — — >=a /

0.8 4,0.7

.7

az <—— Qq
0.001 0.7

Table5 shows the results. Due to stability, all semantics agree on
Degﬁm2 (a1) = 0.8, since a; has no parents. The Euler-based semantics treats
0 as the minimum degree, so attacks on as (which starts near 0) have little
effect but to push its degree even closer to 0. By contrast, the direct aggregation
and sigmoid semantics treat as as initially marginally above neutral, and the
combined attacks push it into negative (unacceptable) territory.

The difference between max-based semantics and their counterparts is that
they use top, considering only the strongest attacker/supporter. Compare Euler-
based and max Euler-based for as: as is supported by three arguments, but max
Euler-based only uses the strongest, yielding 0.801 instead of 0.894. The direct
aggregation semantics evaluates as lower than damped max-based, because a3
has a negative degree and its support undermines as—an effect stronger than
the additional support from a;. Positive direct aggregation ignores parents with
negative degrees, so for as only its parents a; and ay matter, but not as.

This illustrates that our approach supports a wide range of semantics reflect-
ing different design choices. For instance, ay in A®*? is acceptable according to
direct aggregation, neutral according to damped max-based, and unacceptable
according to positive direct aggregation semantics.
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6 Convergence

Intuitively, a semantics converges on a graph if iteratively recomputing every
argument’s degree from its parents’ current degrees reaches a stable value; it
diverges if the degrees keep oscillating. Acyclic graphs always converge; cycles
are the interesting story.

Assume an arbitrary well-behaved modular acceptability semantics (D, «, ¢).

Proposition 6. Assume convergence of the following limit:
f'=w, ' = (G, ), w), D= lim f' (5)
Then D satisfies Eq. (4), i.e. D = Deg?Qw).

Definition 5. A semantics is convergent (divergent) if (f°) converges
(diverges).

By Proposition 6, the limit of a convergent semantics provides a solution
of the fixpoint Eq. (4). Divergent semantics may have solutions of the fixpoint
equation, too; however, computing them may be difficult. Hence, we concentrate
on convergence, which singles out exactly one solution and a way to compute it.

Theorem 1. All well-behaved modular acceptability semantics converge for all
acyclic graphs.

Proof. For anode a, let [, be the length of the longest path into a. By induction,
S is constant from ¢ = [, onwards, using stability and directionality. O

For sum-based semantics, convergence depends on Lipschitz constants and
indegree. Recall that f : R — R is Lipschitz continuous with constant m if
|f(z1) — f(z2)] < m|z1 — xo| for all 21, xs.

Theorem 2. Assume o = sum (or sum-pos). If 1(_, w;) is Lipschitz continuous
with constant m and indegree(G) < X, then lim;_.o, f* converges.

m’

Proof. Using the maximum row sum norm [|G||ec = max; Zj'Gij|
indegree(G) and € = m - indegree(G) < 1:

I = Flloe < mlGF = £l
< m - indegree(G)||F* = £ oo < ellF* = £ loo

Hence (f*) is a Cauchy sequence and thus converges. O

Theorem 3. Euler-based semantics converges if indegree(G) < %, n
—min; w;

particular if indegree(G) < 4.

Proof. The Lipschitz constant of the Euler-based ¢(_, w) is < #. Apply The-
orem 2. Arguments with initial weight O stay at 0 by stickiness-min and are
irrelevant by neutrality. O
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Table 4. Implementations of o and ¢. top and o are defined in the text.
RPCE
AR
HEHEH
name |a(g,d) = Oza&o R req. ref.
Unipolar graphs only
reward |n|2|n| +sgn(n) NP L v v v v | = |~ supp. only [3]
card n+ oo vV VIV |V |—=|= att. only |[7,10]
n=g- abs(sgn(d)),s = gd
Bipolar graphs
sum gd VIVIVIVIVIVI- [3]
SUM-pos| ;4. 50 9 VIVIVIVIVI—|- (3]
sumo | go'(d) vivivivivivi- [25]
top top(g,d)d VIVIVIi=—|—=|- [3]
top-o  |top(g,o " (d))o~*(d) VIVIVI=|==]-
0 5 &
I
name D (s, w) = s O|&|» |® ref.
Unipolar graphs only
multilinear | [0, 1] w+ (1 —w)s [0, 1]|v'|—|—|v'|[3]
pos. fract. | [0, 1] 1{:’_—; s>0 |V |V |—|v|[3]
neg. fract. | [0, 1] T s<0 |V |V || [7]
Bipolar graphs
comb. fract.| [0, 1] {ﬁ’ ss0 any |V |vV'|—|—|[25]
Tis0 S >0
Euler-based| [0, 1) 1-— :Tw; any |[— |V |v'|—|[5]
linear(9) R Ft+w any |—|v'|— —|[25]
sigmoid(d) [(—1,1) O'(% + a_l(w)) any |—|v'|—|—|[25]
w — wiZ, s<0
QMax [0, 1] 1+4s 9 any |V |vV'|—|—1|[27]
w~+ (1 w)lisz, s>0
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Table 5. Semantics applied to A®2.

Deg,ca2 dlar las  las a4
Euler-based -10.8/0.894/0.000 |0.604
0.8/0.801/0.000 |0.612
0.8/1.161-1.039(0.120
0.8/1.400-0.699/0.000
0.8/2.200-1.499-0.400
0.8/0.902-0.875/0.126
0.8/0.940-0.699/0.000

max Euler-based

direct aggregation

damped max-based

positive direct aggr.

sigmoid direct aggr.

NN NN N

sigmoid damped max-b.

Table 6. Overview of semantics. All converge for acyclic graphs (Theorem 1).

semantics la 11, ‘converges ‘counter—ex. ‘ref.

Not covering mixed support/attack graphs

aggregation-based |sum |pos. fraction supports has attacks [3]

weighted h-cat. sum |neg. fraction attacks has supports [7

comb. aggr./h-cat. |sum |comb. fract. unipolar only |mixes both Exs. 3, 4
top-based top  |multilinear supports has attacks [3]

Covering mixed support/attack graphs

Euler-based sum |Euler-based indegree(G) < 4lindegree(G) =6  |[5], Theorem 3
max Euler-based top |Euler-based all graphs — Proposition 9
direct aggregation |sum |linear(d) indegree(G) < é|indegree(G) > 6+1|Theorem 4
sigmoid dir. aggr. |sum-o|sigmoid(d) indegree(G) < dlindegree(G) > §+1|Proposition 11
damped max-based |top |linear(d), § > 2 |all graphs — Proposition 10
sigm. damp. max-b.|top-o |sigmoid(d), § > 2|all graphs — Proposition 12
quadratic energy  sum |QMax indegree(G) < 1llindegree(G) =2  |Proposition 7

Proposition 7. Quadratic energy semantics converges if indegree(G) < 1.
Theorem 4. For indegree(G) < ¢, direct aggregation semantics converges to
(I -1G)  w. }

Proof. The function f*(s) = u(s,w;) = 5 + w; is Lipschitz continuous with
constant %7 so convergence follows from Theorem 2. More specifically, since
2G| = Ddeoreel@ < 1 the matrix [ — 1@ is invertible with (I — 1G)~! =
Y io(2G)" [22, Cor. 5.6.16]; hence Deg?&ﬁw)ﬁ =(I-1G) w. 0

For semantics using top, we can obtain stronger convergence results, since
only the top supporter and attacker matter:

Lemma 1. [[|top(G,d)d — top(G, e)e|||lo < 2|||d — e]||oo

Proposition 8. With top aggregation, if 1(_,w;) is Lipschitz continuous with
constant < %, then the semantics converges.

Proposition 9. Max FEuler-based semantics converges for all graphs.
Proposition 10. Damped maz-based semantics converges for § > 2.
Proposition 11. For § > indegree(G), sigmoid direct aggregation semantics
converges to o((I — +G) "o~ (w)).

Proposition 12. Sigmoid damped maz-based semantics converges for § > 2.
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7 Divergence

A very simple example of divergence can be obtained for combined aggregation-

based /h-categorizer semantics:

QLD . .
Ezample 3. For the WASA % a<—>b- i ,  combined aggregation-
based/h-categorizer semantics gives f2 = (2 i)T and f2 = (3 1), hence
diverges. 0O

We now prove a far more general divergence result for semantics based on
sum.

Theorem 5. Assume o = sum. If there are v >w € D and k € N, k > 1 with
k(v —w), w) > v(k(w —v),v) (6)

then there is a WASA with maximal indegree 2k that diverges.

Proof. Consider the WASA with k arguments a; (weight v) and k arguments b;
(weight w), where all a; attack each other, all b; attack each other, and all a;
support all b; and vice versa:

2

Vo Q1y...,0 < — >by,..., bk w

Since v > w, by stability and reinforcement-t, ftll < v and f; > w. The
assumption (6) gives féi > fé By induction, the even and odd subsequences
are monotonic in opposite directions:

5 3 1 0 2 4
NES TS S AR IS I A

which means divergence. O

Ezample 4. Theorem 5 applies to (assuming 1 < § € N):

L k v | w

ili 1 2
multilinear 1 1 2
QMax 1 1 0
combined fractional 2 % 2
Euler-based 3 % 2

3 P 3 . 5+1 2 3

linear(d)/sigmoid(d) | [=5=1 | § | &

In particular, there is a WASA with maximal indegree 6 for which Euler-
based semantics diverges, and for each 0, there is a WASA with maximal indegree
0+ 1 (odd §) or 6 + 2 (even d) for which (sigmoid) direct aggregation semantics
diverges. a

Proposition 13. For any ¢ satisfying the essential characteristics, there exist
v>weD and k > 1 with o(k(v —w),w) > t(k(w —v),v).

Combining Theorem 5 and Proposition 13, we obtain:

Proposition 14. There is no well-behaved modular semantics based on sum
that converges for all WASAs.
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8 Conclusion and Related Work

We have studied well-behaved modular acceptability semantics for bipolar
weighted argumentation graphs, linking characteristics to requirements on the
aggregation function « and the influence function ¢. Our key results are: (1) all
well-behaved modular semantics converge for acyclic graphs; (2) no sum-based
semantics converges for all graphs, with the boundary related to the reciprocal of
the Lipschitz constant; (3) three top-based semantics converge for all graphs—
the first such result for bipolar weighted argumentation (first appeared in our
report [25]).

Argumentation graphs with numerical weights have been widely discussed [2,
16,17], including bipolar cases [14,15], though without initial weightings. Initial
weightings are considered in [3,5-7,10]. [1,9,13,20] study further aspects.

Our modular approach, which we have introduced already in [25] but which
we publish in a conference paper only now, has been adopted and extended in
several directions. Kampik et al. [23] analyse contribution functions for bipolar
argumentation graphs principle by principle, showing no single function satisfies
all—paralleling the convergence-vs-properties trade-off we find among « imple-
mentations. Potyka [28] reformulates our framework, and introduces product-
aggregation, capturing Discontinuity-Free Quantitative Argumentation Debate
semantics (DF-QuAD, [33]). Compared to [25], we here use his simplifica-
tion of convergence via Lipschitz continuity. Potyka and Booth’s [30] study of
properties of their CRC semantics builds directly on our work. Their empirical
study [31] confirms the practical relevance of our divergence results: quadratic
energy semantics, which by our analysis diverges already at indegree 2, frequently
fails to converge on the argumentation graphs arising from truth-discovery net-
works (and DF-QuAD fails almost universally). Very recently, Munro et al. [26]
propose aggregative semantics that generalise our modular approach by separat-
ing the aggregation of attackers from supporters in a three-stage computation.

Our framework underpins several applications in explainable AI: Potyka [29]
interprets neural networks as argumentation graphs; Ayoobi et al. [11] build
sparse argumentation graph-based explanations; Both assume convergent seman-
tics of the kind we study. Rapberger et al. [34] extend gradual semantics to
assumption-based argumentation.
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Abstract. Magnetic resonance imaging-signal fat fraction (MRI-SFF)
quantifies tissue fat and serves as an established biomarker for metabolic
and musculoskeletal disorders. Its acquisition, however, relies on ded-
icated MRI sequences that, despite being supported by most modern
scanners, are not consistently acquired as part of routine clinical pro-
tocols. We investigate whether SFF can be estimated from T2-weighted
(T2w) MRI, a sequence routinely acquired in standard clinical imaging,
via image-to-image translation (I21). We further compare a lightweight 4-
level U-Net to a state-of-the-art Denoising Diffusion Probabilistic Model
(DDPM) using a dataset of 230048 paired 2D images (183517 train,
23621 val, 22910 test) from the German National Cohort (NAKO).
Both models clearly outperform the identity baseline (Pearson corre-
lation r = 0.769, mean absolute error MAE = 0.070 + 0.054), which con-
firms that the models learn a non-trivial cross-modal mapping. Interest-
ingly, the lightweight U-Net outperforms the DDPM in both correlation
(r =0.975 vs. 0.962) and error (MAE = 0.014 + 0.015 vs. 0.019 + 0.019),
while reducing inference time by a factor of 208 (25.2ms vs. 5227.2ms
per image using 50 Denoising Diffusion Implicit Model (DDIM) steps).
The strong clinical performance at substantially reduced computational

cost enables real-time clinical use.

Keywords: Paired Image-to-Image Translation - Diffusion Models -

Medical Image Analysis

1 Introduction

Magnetic resonance imaging (MRI) can be used to quantify the fat content
of tissue, which is an established biomarker for metabolic and musculoskeletal
disorders such as sarcopenia (muscle loss e.g. due to aging or immobility) and
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insulin resistance [17]. The signal fat fraction (SFF) measures this fat content as
the ratio of the fat MR signal to the total MR signal from fat and water [30]. The
gold standard for fat quantification is the proton density fat fraction (PDFF),
which requires a dedicated multi-echo Dixon MRI sequence: the scanner acquires
images at multiple points in time after each excitation pulse, enabling simulta-
neous correction of physical confounding factors such as magnetic field inho-
mogeneities and tissue-specific signal decay [30]. This multi-echo acquisition is
technically demanding and time-consuming, and is, therefore, rarely included in
routine clinical or epidemiological MRI protocols.

A simpler alternative is the two-point Dixon technique, which acquires only
two images at different time points to separate fat and water signal contributions,
yielding an uncorrected SFF map. While two-point Dixon is more common than
multi-echo Dixon, it is still not consistently acquired across clinical sites and
population studies, limiting access to large paired datasets for research.

Standard anatomical MRI sequences such as T2-weighted (T2w) imaging, by
contrast, acquire a single image that reflects differences in tissue water content
and structure, providing excellent soft-tissue contrast. T2w imaging is among the
most frequently acquired MRI sequences worldwide, in clinical practice, research
studies, and large epidemiological cohorts, but provides no direct quantitative
fat information. Given this abundance, there is considerable research interest in
estimating intramuscular fat content from conventional T2w images. However,
a recent systematic review [28] shows that existing methods frequently rely on
manual or semi-automatic analysis steps, lack validation against quantitative
reference standards such as SFF or PDFF, and are therefore difficult to scale
or integrate into automated clinical workflows. Image-to-image (I12I) translation
offers a promising alternative: by learning a direct mapping from T2w to SFF
using paired data, it enables fully automated, quantitative fat estimation from
routinely acquired images without requiring Dixon acquisitions at inference time.

We investigate whether this translation is feasible and how complex gener-
ative models such as Denoising Diffusion Probabilistic Models (DDPMs) com-
pare to lightweight architectures for this task. We compare a 4-level U-Net to a
DDPM on N = 22910 paired T2w and Dixon images from the German National
Cohort (NAKO) [3,27], a large-scale population-based study with a standardized
whole-body MRI protocol that includes a T1-weighted 3D VIBE two-point Dixon
sequence covering the neck-to-knee region [3]. Since all images were acquired on
identical scanners using the same standardized protocol across all study centers,
SFF values are internally consistent throughout the dataset. Beyond pixel-wise
image quality, we evaluate downstream clinical utility via automated SFF quan-
tification in four paraspinal muscle compartments using VIBESegmentator [7].

Our main contributions are: (i) the first systematic comparison of U-Net and
DDPM for T2w-to-SFF translation on a large-scale epidemiological dataset; (ii)
a clinically grounded evaluation via downstream muscle SFF quantification; (iii)
we show that, for deterministic paired translation tasks, lightweight models can
outperform diffusion models while reducing inference time by a factor of 208.
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2 Technical Background

We briefly outline the two architectures compared in this work. For a broader
discussion of related approaches see Sect. 3.

U-Net. The U-Net [32] is a fully convolutional encoder—decoder architecture
combining a contracting path for hierarchical feature extraction with a sym-
metric expanding path for spatial reconstruction. Skip connections between cor-
responding encoder and decoder levels preserve high-frequency spatial detail,
making U-Nets well-suited for paired I2I translation tasks where input and out-
put are spatially aligned.

Denoising Diffusion Probabilistic Models. DDPMs [12] learn to synthesize data
by reversing a gradual Gaussian noising process over T' timesteps. The model is
trained by minimizing a noise prediction objective £ =E; 4, [|le — g (x4, 1)(1?],
where ¢ is the added noise and ¢y is the learned denoiser. For a full deriva-
tion we refer to [12]. For conditional image synthesis, the input image is pro-
vided as additional context at each denoising step, guiding generation towards
a target domain. While DDPMs avoid adversarial training instabilities, their
iterative sampling procedure results in substantially longer inference times com-
pared to single-pass architectures. For accelerated inference, Denoising Diffu-
sion Implicit Models (DDIMs) [33] reformulate the reverse process as a non-
Markovian sequence, enabling sampling with substantially fewer steps without
retraining the model.

3 Related Work

In the following, we review related work on quantitative MRI synthesis, 121 trans-
lation architectures, and diffusion-based generative models in medical imaging.

3.1 Quantitative MRI Synthesis

While prior work has demonstrated the feasibility of inferring PDFF and SFF
from alternative MRI sequences, these approaches have focused predominantly
on hepatic applications [1,25,34], smaller cohorts [10], or two-point Dixon to
PDFF translation [34] rather than the T2w-to-SFF setting.

3.2 Image-to-Image Translation Architectures

121 translation refers to the task of learning a mapping between two image
domains from paired or unpaired training data. The encoder-decoder archi-
tecture introduced by Ronneberger et al. [32] established the foundation for
pixel-wise prediction tasks in medical imaging, combining a contracting path
for context aggregation with a symmetric expanding path and skip connections
for precise spatial reconstruction. Building on this, Isola et al. [14] proposed a
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general-purpose framework for paired 121 translation using conditional adversar-
ial networks, demonstrating that a single architecture with a learned loss function
can be applied across diverse translation tasks without task-specific engineering.

In the medical imaging domain, I2I translation has been widely adopted
for cross-modal synthesis, including MRI cross-modality translation [23,24,37],
MRI-to-CT synthesis [8,9,11,13,18,19,21], CT-to-PET translation [4], and mus-
culoskeletal applications including muscle segmentation from MRI [6]. These
methods typically rely on pixel-wise reconstruction losses (e.g., ¢1) combined
with adversarial objectives to encourage perceptual realism [2]. While generative
adversarial network (GAN)-based approaches have demonstrated strong perfor-
mance on paired translation tasks, they can suffer from training instability and
mode collapse, which has motivated the exploration of alternative generative
architectures.

More recently, Moschetto et al. [23] directly compared GAN-based models,
DDPMs, and flow matching approaches for T1w-to-T2w MRI translation, finding
that the GAN-based Pix2Pix model achieved superior structural fidelity and
computational efficiency, suggesting that for deterministic, paired translation
tasks, lightweight discriminative models may be preferable to more complex
generative frameworks.

3.3 Denoising Diffusion Probabilistic Models in Medical Imaging

DDPMs, introduced by Ho et al. [12], define a generative process as the reverse
of a learned Markov chain that gradually adds Gaussian noise to data. Unlike
GANs, DDPMs do not require adversarial training and avoid issues such as mode
collapse, which has driven their rapid adoption across generative modeling tasks
[15,20].

In the medical imaging domain, DDPMs and related score-based models have
been applied to a broad range of tasks including image reconstruction, denoising,
anomaly detection, and cross-modal synthesis [15]. For 121 translation specifi-
cally, conditional DDPMs have demonstrated strong performance in tasks such
as MRI-to-CT synthesis and multi-contrast MRI generation, producing outputs
with high anatomical fidelity and favorable convergence properties compared to
GAN-based alternatives [8,16,26]. Despite these promising results, DDPMs carry
a fundamental computational disadvantage: inference requires iterating through
hundreds to thousands of denoising steps, resulting in substantially longer sam-
pling times compared to single-pass architectures such as U-Nets. Accelerated
samplers such as DDIM [33] can reduce this to tens of steps while preserving gen-
eration quality, though inference remains substantially slower than single-pass
architectures. For MRI-to-CT translation, diffusion models have been reported
to achieve superior image fidelity despite higher computational cost [13].

An emerging consensus suggests that for deterministic, paired translation
tasks, this computational overhead outweighs quality gains [23]. Rassmann et
al. [29] provide the most systematic evidence to date, proposing YODA, a 2.5D
diffusion-based framework that supports regression sampling by directly using
the initial single-step denoiser prediction without iterative refinement. They
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demonstrate that this approach matches or outperforms full diffusion sampling
across five diverse datasets including brain MRI and MRI-to-CT translation.
They conclude that iterative refinement primarily replicates acquisition noise
rather than improving medically relevant information fidelity. Our work extends
this line of evidence to the clinically novel T2w-to-SFF translation task on a
large-scale epidemiological cohort (22910 test slices), providing a direct compar-
ison between a standard lightweight U-Net and a conditional DDPM without
proposing a new framework, and yielding a concrete architectural recommenda-
tion for this class of tasks.

4 Methods

We next detail our study cohort, image preprocessing pipeline, modeling strate-
gies, and evaluation framework used for SFF estimation from T2w MRI.

4.1 Dataset and Preprocessing

The data used in this study were obtained from the German National Cohort
(NAKO), comprising N = 30861 participants who underwent standardized
whole-body MRI. Written informed consent was obtained from all partici-
pants and the NAKO study was approved by the responsible ethics committees
and conducted in accordance with national regulations and the Declaration of
Helsinki (1975, revised version) [35].

Imaging was performed across all centers using identical scanners (Magnetom
Skyra, Siemens Healthcare, Erlangen, Germany) with a field strength of 3.0
Tesla and a 70cm bore, ensuring high consistency across sites. The imaging
protocol included axial T2w HASTE sequences (slice thickness: 5.0 mm; in-plane
resolution: 1.4 x 1.4mm; echo time: 81 ms) covering the shoulder-to-epigastric
region. In addition, axial T1-weighted 3D VIBE two-point Dixon sequences (slice
thickness: 3.0 mm; in-plane resolution: 1.4 x 1.4 mm; repetition time: 4.36 ms)
were acquired from neck to knee using CAIPIRINHA acceleration. The Dixon
technique enables reconstruction of water-only and fat-only images from in- and
out-of-phase acquisitions.

From the full cohort, 30137 participants with complete T2w HASTE and
VIBE Dixon sequences were selected for further analysis. As all sequences
were acquired within the same imaging session, no inter-scan registration was
required, where registration refers to the process of aligning images from differ-
ent scans such that corresponding anatomical structures are mapped to the same
spatial locations. Spatial alignment between modalities was ensured along the
z-axis, defined as the axis orthogonal to the transverse plane. All images were
center-cropped from a resolution of 260 x 300 to 256 x 256 pixels. SFF maps were
computed from the Dixon fat-only and water-only images using a pixel-wise for-
mulation: SFF = (fat)/(fat + water). Subsequently, the T2w input images were
normalized to the range [0, 1] using per-sample min—max normalization. Every
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second SFF slice was paired with the corresponding T2w HASTE slice to form
aligned input-target pairs.

The dataset was split into training, validation and test subsets comprising
183517, 23621 and 22910 slices, respectively. The split was stratified w.r.t. age,
body mass index (BMI), and sex to ensure balanced distributions across subsets.

4.2 Models

We compare three modeling approaches of increasing complexity for SFF esti-
mation from T2w MRI: a non-learning identity baseline, a lightweight U-Net for
deterministic 121 translation, and a DDPM as a representative of modern gen-
erative approaches. All models were trained on a single NVIDIA GeForce RTX
4080 GPU (16 GB VRAM).

Identity Baseline. As a simple reference, we consider an identity baseline in
which the input T2w HASTE image is directly interpreted as a proxy for SFF.
This baseline establishes an upper bound on the achievable error when no cross-
modality translation is performed and serves as a lower-complexity reference for
evaluating learned models.

Image-to-Image U-Net. We employ a lightweight U-Net with a 4-level
encoder—decoder architecture and skip connections. Each convolutional block
consists of batch normalization and ReLU activations, and the final layer uses a
sigmoid activation to produce outputs in the range [0, 1].

The model was trained for 30 epochs using the AdamW optimizer with a
learning rate of 2 x 10~* and an £; loss. Mixed-precision training (16-bit floating
point, FP16) was used with a batch size of 16. The network comprises approxi-
mately 7.78 x 10 trainable parameters.

DDPM. The DDPM backbone follows the U-Net architecture proposed by Ho
et al. [12], with a base channel dimension of 64 and channel multipliers (1, 2, 4, 8),
resulting in four resolution levels. The conditional T2w input image is concate-
nated channel-wise to the noisy target at each denoising step. The model predicts
both the noise € and the posterior variance, which is learned via a Kullback—
Leibler (KL) divergence-based auxiliary loss weighted by A = 1072 [12]. Train-
ing was performed for 90 epochs using the Adam optimizer [12] with a learning
rate of 2 x 107, T' = 1000 diffusion timesteps, and a cosine noise schedule with
learned variance. Due to memory constraints, a batch size of 4 with gradient
accumulation over 8 steps was used, yielding an effective batch size of 32. Model
selection was performed via early stopping on a held-out validation set of 800
samples, evaluated every 5 epochs using DDIM sampling with 50 steps (cho-
sen for computational efficiency during training). Training was stopped after
5 consecutive validation epochs without improvement, and the best checkpoint
was selected for evaluation. At inference, sampling was performed using the
DDIM scheme [33] with 50 steps as the standard configuration, which allows
accelerated sampling without retraining. Higher step counts were not evaluated,
as DDIM sampling has been shown to produce outputs of comparable quality
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to full DDPM sampling at substantially reduced step counts [33]. The model
contains approximately 3.263 x 107 trainable parameters. The larger parame-
ter count of the DDPM reflects its backbone architecture, which is designed for
iterative denoising rather than direct regression, and is, therefore, not directly
comparable to the U-Net parameter count.

4.3 Evaluation

We evaluated the models across four complementary aspects: pixel-wise image
quality metrics computed globally and within the body region, downstream SFF
quantification in four paraspinal muscle compartments as a clinically relevant
task, qualitative visual inspection of representative slices, and inference time as
a measure of practical deployability.

Image Metrics. Global pixel-wise metrics were computed over all test slices
(N = 22910), comprising mean absolute error (MAE), structural similarity index
measure (SSIM), peak signal-to-noise ratio (PSNR), and pixel-wise bias. Masked
metrics were additionally computed within a body mask derived from a fixed
intensity threshold of 10% of the per-image maximum signal intensity on the T2w
HASTE images, followed by binary hole filling, combined with VIBESegmentator
masks using pixel-wise logical OR. Masked SSIM was computed over the tight
bounding box of the body mask to avoid boundary artifacts from zero-padded
background pixels. Masked metrics are considered most clinically relevant, as
they focus on anatomically meaningful regions.

Downstream Task. We quantified the mean SFF in four paraspinal muscle
regions (autochthonous left/right and iliopsoas left/right; labels 59-62) seg-
mented automatically using VIBESegmentator [7]. Performance was assessed
via MAE, bias, and Pearson correlation coefficient (r).

Qualitative Assessment. For qualitative assessment, a representative slice
was visualized in two views: the full image and a cropped view restricted to the
autochthonous and iliopsoas muscle compartments. This progressive masking
was chosen to facilitate visual assessment of model differences in the regions
relevant to the downstream task.

Inference Time Measurement. Inference times were measured for a single
slice with batch size 1, averaged over 200 runs after 50 warmup iterations with
GPU synchronization on an NVIDIA RTX 4080. For the DDPM, inference was
performed using the DDIM sampling scheme [33], which allows accelerated sam-
pling by reducing the number of denoising steps without retraining.

5 Results

We present the results in the following order: image quality metrics, downstream
muscle SFF quantification, qualitative visual inspection, and inference time.
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Table 1. Quantitative image quality metrics (mean + std) on the test set (n = 22910
slices); global: all pixels; masked: background pixels excluded; best values shaded; all U-
Net vs. DDPM differences are statistically significant (p < 0.001, Wilcoxon signed-rank
test)

Model Eval MAE | SSIM 1 PSNR 7 Bias

Identity =~ Global 0.315+0.050 0.259+£0.071 7.33+0.77 —0.286 £ 0.056
(T2w) Masked 0.282 £0.062 0.222+0.077 9.30£1.64 —0.221+0.090

U-Net Global 0.136 £ 0.022 0.437£0.078 12.40 £1.03 —0.023 £ 0.022
Masked 0.107 £0.029 0.490 £0.104 15.66 £2.33 —0.002 £ 0.016

DDPM Global 0.179+£0.027 0.366 +0.078 10.40 £ 0.89 —0.005 £ 0.031
Masked 0.142 £0.038 0.398 £0.109 13.45 +2.22 0.005 £ 0.024

5.1 Image Metrics

Table 1 reports pixel-wise image quality metrics for all three models. The U-Net
significantly outperforms the DDPM across all pixel-wise metrics in both evalua-
tion settings (Wilcoxon signed-rank test, p < 0.001 for MAE, SSIM, and PSNR,
globally and masked). It achieves a global MAE of 0.136 & 0.022 and a masked
MAE of 0.107 £ 0.029, compared to 0.179 £+ 0.027 and 0.142 4+ 0.038 for the
DDPM, and 0.315 + 0.050 and 0.282 + 0.062 for the identity baseline. A consis-
tent improvement is observed in the masked setting over the global setting across
all models, reflecting the removal of trivially predicted background pixels. The
identity baseline exhibits a strong negative bias of —0.286 + 0.056 globally and
—0.221 +0.090 in the masked setting, indicating systematic underestimation of
SFF when using the T2w image directly. Both learned models show substantially
reduced bias; the U-Net achieves a near-zero masked bias of —0.002 + 0.016,
while the DDPM achieves —0.005 £ 0.031 globally and 0.005 + 0.024 masked.

5.2 Mean Muscle SFF

Table 2 reports mean SFF estimation accuracy in four muscle compartments
across n = 57808 individual muscle masks. The U-Net achieves the highest
Pearson correlation overall (r = 0.975) and the lowest MAE (0.014 + 0.015),
with particularly strong performance in the autochthonous muscles (r = 0.986
for both left and right). The DDPM reaches r = 0.962 and MAE = 0.019 & 0.019
overall, with autochthonous correlations of » = 0.976 and r = 0.977 for left and
right, respectively. Both models show reduced performance in the iliopsoas com-
pared to the autochthonous muscles. For the left iliopsoas, the U-Net achieves
r = 0.878 compared to r = 0.847 for the DDPM. For the right iliopsoas, we
find » = 0.911 for the U-Net compared to » = 0.876 for the DDPM. Regarding
bias, the identity baseline exhibits consistent and substantial negative bias across
all compartments (overall —0.063 & 0.062), indicating systematic underestima-
tion of SFF. Both models show a small overall bias with the U-Net achieving
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Table 2. Downstream task evaluation: mean SFF estimation accuracy in four muscle
groups segmented using VIBESegmentator; MAE and bias reported as mean + std
across all test slices containing the muscle group; l.: left, r.: right; best values are

shaded

Model

Muscle Group MAE | Bias Pearson r n
Identity Autochthonousl.  0.067 4 0.054 —0.058 £ 0.064 0.794 21636
(T2w)  Autochthonous r.  0.082+0.060 —0.075+ 0.069 0.765 21617
Iliopsoas 1. 0.050 £ 0.035 —0.047 £ 0.039 0.740 7252
Iliopsoas r. 0.062 £ 0.043 —0.057 £ 0.049 0.671 7303
All 0.070 £+ 0.054 —0.068+0.062 0.769 57808
U-Net  Autochthonous l. = 0.012 £ 0.011 —0.004 £ 0.016 0.986 21636
Autochthonous r. = 0.013 £0.011 —0.006 £ 0.016 0.986 21617
Tliopsoas 1. 0.018 £ 0.024 +0.003 £ 0.030 0.878 7252
Tliopsoas . 0.019 £ 0.022 +0.000 £ 0.029 0.911 7303
All 0.014+0.015 —0.003 =+ 0.021 0.975 57808
DDPM  Autochthonous l.  0.016 £0.014  0.006 £ 0.021 0.976 21636
Autochthonous r.  0.017 £ 0.015 0.007 £ 0.021 0.977 21617
Tliopsoas 1. 0.024 4+ 0.028 0.012 £+ 0.035 0.847 7252
Tliopsoas r. 0.024 4+ 0.026 0.008 £+ 0.035 0.876 7303
All 0.019£0.019  0.007+0.025 0.962 57808

—0.003 £ 0.021 and the DDPM 0.007 £ 0.025. Given the narrow absolute dif-
ferences between models and the spatially averaged nature of the downstream
metric, statistical testing was not performed for the downstream task. The iden-

tity baseline yields substantially lower correlations across all muscles (overall
r =0.769, MAE = 0.070 £ 0.054).

5.3 Qualitative Results

Figure 1 shows a representative qualitative comparison of T2w-to-SFF transla-
tion for both models alongside the ground truth. In the full image (first row),
the DDPM accurately replicates the background noise characteristic of the SFF
computation, while the U-Net produces a notably blurred background and vis-
ceral region. Focusing on the actual region of interest in the cropped muscle
view (second row), both models produce predictions that are visually closely
aligned with the ground truth, with no salient differences apparent between the
two approaches. A single representative slice is shown; given the test set size of
22910 slices, individual examples are inherently selective and the quantitative
metrics in Tables 1 and 2 provide a more reliable basis for comparison.
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Input Image U-Net Ground Truth

Fig. 1. Qualitative comparison of T2w-to-SFF translation. The columns show the T2w
input image, the U-Net prediction, the DDPM prediction, and the SFF ground truth,
respectively. The rows display the full image and a cropped view of the muscle compart-
ments (autochthonous and iliopsoas muscles, left and right) segmented using VIBESeg-
mentator; both models reproduce the overall fat distribution, while the U-Net predic-
tion appears visually comparable to the DDPM at substantially lower inference cost.

5.4 Inference Time

Table 3 reports inference times for both models. The U-Net achieves a speedup
factor of 208 over the standard DDPM configuration, with inference scaling
approximately linearly with DDIM steps.

6 Discussion

This work compares a lightweight U-Net and a conditional DDPM for T2w-to-
SFF translation on a large-scale population dataset, evaluating pixel-wise quality
and clinically relevant downstream performance. The results consistently favor
the U-Net across all evaluated dimensions. We next discuss the implications of
these findings with respect to image reconstruction quality, downstream clinical
utility, and practical deployability.

6.1 Lightweight but Efficient

The image quality results presented in Table 1 demonstrate that the lightweight
U-Net consistently outperforms the DDPM across all pixel-wise metrics in both
the global and masked evaluation settings, with the exception of bias, where both
models achieve near-zero values (—0.023 £ 0.022 vs. —0.005 £ 0.031 globally;
—0.002 £ 0.016 vs. 0.005 £ 0.024 masked). The U-Net achieves a masked SSIM
of 0.490 + 0.104 compared to 0.398 & 0.109 for the DDPM, and a masked PSNR
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Table 3. Model efficiency comparison; inference time measured on an NVIDIA RTX
4080, batch size 1, averaged over 200 runs after 50 warmup iterations with GPU syn-
chronization; * denotes the standard configuration used in all experiments; best values
are shaded, where the U-Net with 7.78 M parameters achieves a speedup factor of 208
compared to the standard configuration of the DDPM with its 32.63 M parameters

Model DDIM Steps Time/Slice (ms) 50 Slices (s)
U-Net — 25.2£0.1 1.3
DDPM 10 1045.7+£ 0.6 52.3
DDPM 25 2613.8£1.0 130.7
DDPM* 50 52272+1.4 261.4
DDPM 100 10454.9 £ 3.2 522.7
DDPM 200 20907.8 £2.5 1045.4

of 15.66 £ 2.33dB versus 13.45 + 2.22dB, suggesting that the additional com-
plexity of the diffusion-based sampling process does not translate into improved
reconstruction fidelity for this task. While these findings may seem surprising
given the U-Net’s simplicity, the results can potentially be explained by the
perception-distortion tradeoft [5]: diffusion models are optimized to sample from
the distribution of plausible outputs, which by definition comes at the cost of
pixel-wise accuracy. For a paired translation task with a unique ground truth,
this distributional objective is misaligned with the reconstruction goal, placing
diffusion models at an inherent disadvantage relative to discriminative architec-
tures that directly minimize distortion. Moschetto et al. [23] similarly observe
that GAN-based and discriminative models can match or outperform diffusion
models in deterministic, paired translation settings. Rassmann et al. [29] con-
firm this pattern across five diverse datasets, attributing the DM disadvantage
to noise replication rather than information loss. The statistical significance of
these differences (p < 0.001, Wilcoxon signed-rank test) confirms that the U-Net
advantage is not attributable to random variation, despite the inherently large
test set.

6.2 Downstream Task

The downstream evaluation of mean muscle SFF estimation represents the clin-
ically most relevant metric in this work, as it directly reflects the utility of
the synthesized SFF maps for quantitative muscle fat assessment. The U-Net
achieves an overall Pearson correlation of r = 0.975 and MAE of 0.014 + 0.015,
compared to r = 0.962 and MAE of 0.019 + 0.019 for the DDPM, indicating
that both models yield high agreement with the ground truth muscle SFF val-
ues. These results compare favorably to previous T2w-to-SFF method compar-
isons: Pearson correlations of r = 0.87-0.92 for autochthonous muscles were
reported for a thresholding-based approach [22], and intraclass correlation coeffi-
cient (ICC) values of up to 0.88 for the best-performing model (GMM3s¢) against
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a two-point Dixon reference [36]. The margin between both models is narrow,
suggesting that the performance difference observed in pixel-wise image metrics
does not fully translate to the downstream task, likely because mean muscle SFF
is a spatially averaged quantity less sensitive to local reconstruction artifacts.
The consistently lower performance in the iliopsoas compartments, observed for
both models, mirrors the consistently poor psoas agreement reported by Masi
et al. [22] and Wesselink et al. [36], and likely reflects its characteristically low
intramuscular fat content and greater anatomical variability resulting in fewer
and more heterogeneous training samples. The identity baseline shows substan-
tially degraded downstream performance (r = 0.769, MAE = 0.070 + 0.054)
with a systematic negative bias of —0.063 + 0.062, confirming that meaningful
T2w-to-SFF translation is required to achieve clinically acceptable muscle SFF
estimates and that neither model trivially approximates the ground truth.

6.3 Clinical Relevance

The U-Net completes a full 50-slice acquisition in 1.3s, enabling real-time clin-
ical use, compared to 261.4s for the DDPM at 50 DDIM steps (a slowdown
factor of 208). Even at the most aggressive reduction to 10 DDIM steps, the
DDPM still requires 52.3 s per stack, remaining two orders of magnitude slower.
Combined with superior pixel-wise image quality and downstream muscle SFF
estimation, the computational advantage of the U-Net makes it the more prac-
tical choice for deployment in large-scale population studies or clinical settings
where throughput and latency are relevant constraints. The DDPM’s parameter
count of 32.63M compared to 7.78 M for the U-Net further compounds this dif-
ference in terms of memory footprint, an additional consideration for deployment
on clinical hardware.

6.4 Limitations

This study has several limitations. First, all experiments were conducted on
data acquired from a single scanner and protocol within the NAKO cohort, and
generalizability to other MRI systems, field strengths, or acquisition parameters
remains to be established; notably, DDPMs may offer advantages over discrim-
inative architectures in more heterogeneous multi-site settings where modeling
output variability is beneficial. Second, the ground truth used in this work is
SFF derived from a two-point Dixon sequence, rather than true PDFF. SFF
is susceptible to confounding factors, which are corrected in multi-echo Dixon-
based PDFF but not in two-point Dixon acquisitions [30]. While the use of a
standardized single-scanner protocol ensures internal consistency of SFF values
across the dataset, future work should investigate whether models trained on
SFF generalise to true PDFF targets, and whether the residual confounding in
SFF propagates into downstream quantification errors. Third, the two models
were trained under different procedures: the U-Net was trained for a fixed 30
epochs, while the DDPM was trained with early stopping based on periodic
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evaluation on a random subset of 800 validation samples every 5 epochs, rep-
resenting a trade-off between validation reliability and computational cost. The
two training procedures are, therefore, not directly comparable in terms of com-
putational budget and a larger validation subset or more frequent evaluation
could yield an improved checkpoint selection for the DDPM. Fourth, while the
DDPM inference time could in principle be reduced by decreasing the number
of DDIM steps, our results in Table3 show that even at 10 steps the DDPM
remains substantially slower than the U-Net, and the quality implications of
aggressive step reduction warrant further investigation. Fifth, no GAN-based
baseline (e.g. Pix2Pix [14]) was included; while prior work suggests GANs can
match or outperform diffusion models in paired settings [23,29], the focus of
this work was on comparing lightweight discriminative architectures to diffusion
models specifically, and the inclusion of a GAN baseline remains a direction for
future work. Sixth, the downstream evaluation is limited to the paraspinal muscle
compartments segmented by VIBESegmentator, namely the autochthonous and
iliopsoas muscles, as these are explicitly provided by the segmentation tool and
are frequently assessed in the musculoskeletal imaging literature [28]. Extension
to additional muscle groups represents a clinically relevant direction for future
work. Finally, latent diffusion models [31], which operate in a compressed latent
space and may offer a more favorable trade-off between generative quality and
inference speed, were not investigated and could be a promising alternative to
the pixel-space DDPM evaluated here.

7 Conclusion

We investigated whether SFF can be reliably estimated from T2w MRI using
121 translation, and assessed whether the complexity of diffusion-based gener-
ative models is justified for this task. Evaluated on a large held-out test set
of 22910 paired images from the German National Cohort, a lightweight 4-
level U-Net consistently outperformed a conditional DDPM across pixel-wise
image quality metrics and downstream muscle SFF quantification, while reduc-
ing inference time by a factor of 208. Both models substantially outperformed the
identity baseline, confirming that a non-trivial cross-modal mapping is learned.
For deterministic, paired medical 12I translation tasks with a unique ground
truth, our results indicate that lightweight discriminative architectures provide
clinically relevant accuracy at a fraction of the computational cost of diffusion
models. We therefore recommend lightweight encoder-decoder architectures as
the default choice for such settings, reserving generative approaches for tasks
that inherently require stochastic sampling or unpaired training data.
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Abstract. The development of systems that allocate resources among
stakeholders in a manner aligned with societal objectives is of paramount
importance in both static decision problems and dynamic settings involv-
ing repeated interactions. In scenarios where these systems interact with
human individuals or groups of people, relying on efficiency- or cost-
based evaluation criteria is inadequate. Allocation models should incor-
porate fairness requirements to ensure outcomes that remain consistent
with normative social considerations. Although the Social COP frame-
work enables the integration of fairness constraints into constraint models
for shared decision and fair division problems, these approaches address
single allocations. Repeated application of such models may systemati-
cally favor or disadvantage the same agents, leading to unfair long-term
outcomes. We propose a framework for fairness-aware repeated resource
allocation in which agent priorities are dynamically reweighted across
iterations. A Deep Reinforcement Learning (DRL) policy maps histor-
ical utility values, fairness statistics (e.g., the Gini index) and problem
parameters to priority weights for subsequent allocations. Hard feasibility
requirements are enforced through constraint programming in the under-
lying MiniZinc model, while fairness considerations are incorporated in
the reward function, as well as in the underlying MiniZinc environment.
The approach is integrated into the Social COP environment and evalu-
ated on a repeated allocation scenario, with weekly table assignments.
Experimental results indicate that the learned policies achieve lower
inequality while maintaining or improving allocation efficiency compared
to deterministic baselines, demonstrating the effectiveness of learning-
based reweighting for repeated fair allocation problems.

Keywords: Constraint Satisfaction and Optimization + Algorithmic
Fairness + Deep Reinforcement Learning

Introduction

When optimizing the allocation of limited resources, the sole focus on efficiency
objectives such as minimizing cost or completion time can lead to distributions
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that are perceived as unjust by the affected stakeholders. In repeated alloca-
tion settings, fairness can be addressed over time rather than within a single
instance, so imbalances in individual allocations may be balanced over time,
resulting in a more equitable long-term distribution. A practical example is the
allocation of shared office desks: A simple first-come, first-served approach is
often used, but it ignores individual preferences and may lead to dissatisfaction
over time. Deep Reinforcement Learning (DRL) enables the learning of request
patterns and agents’ preferences to balance allocations across repeated interac-
tions. Unfavorable allocations in one iteration can be compensated for in later
ones, potentially resulting in fairer overall outcomes than deterministic or purely
reactive methods. At the same time, temporary inequalities in favor of higher
achievable economic efficiencies can also lead to higher overall efficiency and
fairness.

Repeated fair allocation problems require balancing immediate allocation
quality with long-term fairness across multiple decision rounds. In each indi-
vidual allocation step, the underlying constrained optimization problem (COP)
determines a feasible assignment under operational constraints. However, solv-
ing each allocation independently does not account for historical disadvantages
accumulated by agents over time.

The proposed DRL component therefore does not replace the COP solver.
Instead, it acts as a fairness-aware prioritization scheduler that dynamically
adapts agent priorities based on previous allocation outcomes. The COP remains
responsible for computing feasible and efficient allocations, while DRL learns
long-term fairness-aware prioritization policies across repeated interactions.

This distinction is particularly important in constrained allocation settings.
Pure COP approaches optimize a single allocation instance and therefore mainly
capture short-term objectives, whereas repeated fairness requires reasoning
across multiple sequential decisions. DRL provides a mechanism to learn such
temporal prioritization policies directly from interaction with the environment.
This hybrid perspective motivates the central research question of this work.

Our work investigates repeated resource allocation problems to achieve fair
distributions over time while respecting user preferences. Therefore, the central
research question of this work is: How can Deep Reinforcement Learning
be integrated with formal constraint optimization to ensure long-term,
equitable resource distribution for repeated settings dynamically?

This work assumes a centralized allocation setting in which agents’ utilities
are known to the system and are comparable on a shared scale. In this sense,
fairness is evaluated over reported or modeled satisfaction values rather than over
private, heterogeneous preferences. We do not address strategic agents, privacy-
preserving allocation, or distributed constraint optimization. These aspects are
important extensions, but outside the scope of this paper. As a proof of concept,
a basic allocation scenario is studied using DRL. A second scenario models the
desk allocation problem at our institute, where the number of available desks
in the shared office is significantly smaller than the number of employees. To
address this challenge, user preferences regarding workspace usage are collected
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and incorporated into the allocation process. Although similar approaches could
also be applied to shared decision problems (e.g., repeated joint choices such
as commuting decisions), this work focuses on division problems. The proposed
approach aims to achieve fair and efficient allocations that adapt over time and
produce balanced outcomes across repeated interactions.

The main contributions are threefold: (1) we formulate repeated fair resource
allocation as a hybrid learning and constraint optimization problem; (2) we show
in a standalone proof-of-concept that DRL can learn policies that outperform
deterministic baselines in the fairness-efficiency trade-off; and (3) we integrate
this approach into Social COP and demonstrate its applicability in a repeated
table-assignment scenario.

2 Related Work

Traditional optimization methods often struggle to maintain efficiency in highly
dynamic environments, motivating the adoption of DRL [8]. For instance, 8]
demonstrated that a DRL model (TADPG) optimizes computation of data rates
and energy consumption in mobile edge computing significantly better than
traditional methods. For multiobjective problems, [17] proposed DRL-MOA,
decomposing complex problems into scalar subproblems via transfer learning
to outperform traditional algorithms like NSGA-II. To bridge DRL and con-
straint programming (CP), [7] introduced a hybrid approach where RL agents
learn efficient search strategies within a constraint optimization problem (COP).
However, these efficiency-focused applications largely overlook human-centric
fairness. This work directly addresses this critical gap by integrating fairness
constraints into both the DRL reward functions and the COP algorithms to
ensure long-term equity.

Balancing efficiency and fairness within DRL remains a significant open chal-
lenge. [11] explored this trade-off in transport networks, utilizing DRL to bypass
the complex constraint formulations required by traditional algorithms [3]. While
multi-objective RL can theoretically address fairness, selecting solutions from
multiple Pareto-optimal options remains highly complex [11]. By utilizing reward
functions based on the generalized Gini index or Rawls’ justice principle, recent
DRL approaches have successfully generated more equitable outcomes, whereas
traditional methods prioritized only average efficiency [3].

Algorithmic fairness encompasses diverse mechanisms for equitable resource
allocation [6,12]| ranging from appointment scheduling via whale optimization [2]
to adapting voting theory for iterative settings [4]. While much of the recent lit-
erature focuses on mitigating data-driven biases in Machine Learning [19], our
work concentrates specifically on metrics for repeated physical resource distribu-
tion among agents. Novel allocation mechanisms include using artificial karma
in auctions to balance long-term giving and taking [13]. While these mecha-
nisms exist, none dynamically integrate learning-based reweighting directly with
symbolic constraint solvers to ensure long-term equity in recurring constrained
resource distribution, which is the core contribution of this work.
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The integration of collective decision-making and constraint reasoning was
first proposed by [5], who encoded leximin search for combinatorial auctions
via constraints. This concept was followed by sequential, myopic voting proce-
dures [9,10,23]. More recently, Condorcet [26] and Copeland [4] voting models
were developed within the MiniZinc system to eliminate weighted-sum biases.
Ultimately, this paper builds upon the Social COP framework [24], introducing
DRL as an intelligent reweighting agent within existing constraint optimization
architectures.

3 Methodology
3.1 Background

The Gini index is commonly used to measure inequality in distributions. The
metric originally emerged from the measurement of income inequality [12]. The
Gini index is defined as:

it g lmi— @l
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0 represents perfect equality, while 1 is the distribution to one agent only and
all others not receiving anything. Using the Gini index assumes that agents’
valuation values are comparable across agents. This is a common assumption in
centralized fair allocation models, but it limits applicability in settings where
utility is private, strategic, or measured on heterogeneous scales.

When focusing on complex scenarios, the equal distribution of the goods does
not seem to be the most preferable approach. Therefore, the Gini index is calcu-
lated based on the satisfaction level of each agent rather than on the distribution
of the physical good itself. In this work, fairness is therefore operationalized as
equality of achieved satisfaction rather than equality of raw resource quantities.

Two of the most straightforward social choice augmentations are Utilitari-
anism and Rawlsianism, as they simply amount to an integer-valued objective
that can be readily passed to a solver. Utilitarianism emphasizes the impor-
tance of the solution with the highest total utility [6,25]. Hence, the sum of all
agents’ utility variables is maximized. The Utilitarian approach does not focus
on an equal distribution among the agents but on maximizing the overall sum
of utilities. It sacrifices the satisfaction of single agents to the goal of overall
welfare.

By contrast to the Utilitarian approach, another common social choice con-
cept is Rawlsianism. The central argument put forth by John Rawls declares that
the selection of the optimal solution should be independent of the decision-maker,
and the objective is to maximize the outcome for the least advantaged [16,18,29].

Both fairness concepts, Utilitarian and Rawlsian distribution are used to test
the performance of the RL algorithm in combination with COP.

Other fairness concepts, such as envy-freeness, proportional fairness, max-
min fairness, and Nash welfare, are also relevant for allocation problems. This
paper focuses on Gini-based inequality, Rawlsian fairness, and Utilitarian distri-
bution.

Gini(x)
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3.2 Simple Allocation Scenario

Before deploying the full Social COP integration, a simplified standalone envi-
ronment validates whether a DRL agent can natively improve fair repeated dis-
tribution. In this controlled environment, five indivisible goods are distributed
sequentially per timestep. To simulate realistic, stochastic demand patterns,
agent requirements are modeled using Gaussian distributions. Each agent is
assigned a base sequence of three requirement values representing a repeating
cycle over three weeks, perturbed by a non-negative Gaussian distribution. Ten
distinct experimental settings—ranging from perfectly balanced to highly asym-
metric demand profiles—were defined.

The learned DRL policy is evaluated against four deterministic baselines. Two
primary metrics measure performance: the Gini index (|) over the agents’ val-
uations to measure equity as a proxy for fairness, and the sum of distributed
goods (7) to measure allocation efficiency and prevent the solver from out-
putting trivial zero-distribution solutions.

To evaluate whether Deep Reinforcement Learning can improve repeated
resource allocation, a simple allocation experiment was conducted in a simplified
standalone environment. The learned policy was compared against four deter-
ministic baselines inspired by common fairness strategies in process schedul-
ing [14]

— Round-robin: Selects the next agent sequentially, completely ignoring the
current state.

— Worst-received: Selects the agent with the absolute lowest cumulative
received goods.

— Greedy (Highest requirement): Selects the agent with the highest current
immediate demand.

— Required-received ratio: Selects the agent with the highest requirement-
to-received ratio.

Ten experimental environments with different cyclic requirement profiles were
used to evaluate the robustness of the methods. Each environment specifies a
three-step requirement cycle for five agents, which is repeated throughout the
simulation. This setup allows the evaluation of the algorithms under balanced,
asymmetric, and heterogeneous demand structures.

3.3 Constrained Desk Allocation Setup

The primary technical contribution of this work lies in scaling the DRL approach
by integrating it with Social COP. The underlying resource allocation problem is
formulated as a constraint model in MiniZinc, including user preferences such as
desired days, number of office days, and preferred co-workers. Hard constraints
guarantee the strict operational validity of all allocations. Social COP allows
applying various social choice concepts, such as Utilitarianism or Rawlsian fair-
ness to the exact same constraint model. To transfer the repeated allocation
approach to a constraint-based setting, DRL is integrated into the Social COP
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framework [24]. Social COP is used to model and solve fair allocation problems
in MiniZinc, while the reinforcement learning component is used to influence
repeated allocations over time.

Constraint and Preference Model. As an illustrative example, a table
assignment problem is used. The goal is to assign employees to available office
tables over several working days. The constraint model defines the agents, the
available tables, and the decision variables for the assignments. Agent prefer-
ences are represented through utility functions, including preferences for specific
days, the number of desired office days, break days, and preferred co-workers. In
addition, hard constraints such as limits on work-from-home days are included.
Social COP can apply different social choice concepts, such as Rawlsian or Util-
itarian optimization, to the same underlying constraint problem.

Learning-Based Reweighting. The reinforcement learning component is
incorporated by extending the Social COP objective with agent-specific weights.
At each iteration, the DRL agent produces a weight vector that is added to
the optimization problem. The fairness objective of Social COP is not replaced
by these weights. Instead, they act as an adaptive reweighting mechanism that
guides the allocation in accordance with previous outcomes. The fairness objec-
tive therefore operates on two levels: locally through the Social COP optimiza-
tion criterion and temporally through the DRL reward function, which evaluates
inequality across repeated allocations.

The learning environment follows the same principle as in the standalone
proof-of-concept. For each timestep, the current state of the allocation process is
observed, a weight vector is generated, and the corresponding MiniZinc instance
is solved under the selected fairness criterion. The resulting allocation updates
the environment state. The reward is based on the Gini index of the agents’
valuations, encouraging the policy to reduce inequality over time.

Hyperparameter tuning is again performed with Optuna [1]. Different com-
binations of solvers, fairness criteria, and reinforcement learning algorithms can
thus be evaluated systematically within the same Social COP-based framework.

Deep Reinforcement Learning Architecture. To optimally balance fairness
across multiple iterations, the DRL agent dynamically adjusts agent priorities.
The problem is mathematically framed as a Markov Decision Process (MDP)
and implemented as a custom Gymnasium environment [28].

Observation Space. The state representation captures the agents’ evolving
satisfaction and demands. The observation space consists of continuous arrays
(normalized between 0 and 1) alongside tracking variables: required (upcom-
ing resource demands), received (cumulative allocated resources up to now),
valuation (the specific utility derived from the latest allocation, considering
individual preferences), and overall_valuation (the historically accumulated
satisfaction). Each agent represents one index in these arrays.
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Action Space. The action space adapts depending on the complexity of the
use case (i.e., selecting an agent or deciding their priority as a vector):

— Simple Allocation (Discrete): The agent outputs a single discrete action
corresponding directly to the index of the agent receiving the goods.

— Constrained Desk Allocation (Continuous): The policy outputs a con-
tinuous weight vector bounded between —1 and 1, representing agent priority.
To satisfy the strict integer-based requirements of finite-domain solvers like
Chuffed and Gecode, these weights are mapped to integers (e.g., 0 to 200)
and structurally injected into the objective function.

Reward Function. The DRL agent optimizes long-term equity in the distri-
bution of utility. The numerical reward is calculated as:

R = p(1 — Gini(valuations))

where p is a configurable scaling factor that defines the maximum achievable
reward. This formula heavily penalizes inequality and encourages a policy that
actively maintains a balanced valuation profile across the entire population.

Training and Hyperparameter Optimization. The DRL agents are sys-
tematically trained using vectorized environments to stabilize learning and max-
imize sample efficiency. While A2C [20], SAC [15], and DQN [21] were explored,
primary experiments focused on Proximal Policy Optimization (PPO) [27] imple-
mented in StableBaselines3 [22]. PPO was selected due to its objective function
clipping mechanism, which prevents destructively large policy updates and allows
the agent to stably navigate the complex fairness-efficiency trade-off. Hyperpa-
rameter optimization is conducted using Optuna [1], employing Tree-structured
Parzen Estimators (TPE) to explicitly maximize the mean reward achieved over
evaluation episodes.

4 Results and Analysis

The results of one instance of a repeated table assignment are presented in this
section. To keep runtimes manageable and the example easier to understand,
the evaluation focuses on five agents. The requirements repeat every four weeks
and can be found at https://github.com/AImotion-Bavaria/Social COP.

All evaluations compare RL approaches (PPO, A2C, SAC, and DQN) with
deterministic strategies. Three configurations are evaluated:

1. Reweighting only (no fairness constraint)
2. Reweighting combined with Rawls fairness
3. Reweighting combined with Utilitarian fairness

Efficiency is given by the cumulative number of allocated resources (sum_rec),
while fairness is evaluated using the Gini index of the agents’ valuations.


https://github.com/AImotion-Bavaria/SocialCOP
https://github.com/AImotion-Bavaria/SocialCOP
https://github.com/AImotion-Bavaria/SocialCOP
https://github.com/AImotion-Bavaria/SocialCOP
https://github.com/AImotion-Bavaria/SocialCOP
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4.1 Representative Experiment

To illustrate the typical behavior observed in the experiments, Experiment 3
is presented as a representative example. The experiments differ in the agents’
requirement patterns. For example, in Experiment 3, agents follow heterogeneous
cyclic demand profiles such as Agent 1: [5,5,5] and Agent 4: [3,2,1].
This configuration contains moderate heterogeneity in demand and avoids
both symmetric and extreme scenarios, making it suitable for illustrating the
general behavior of the evaluated methods. Figure 1 shows the development of
the Gini index over time in the upper panel. The trained reinforcement learning
agent progressively reduces the Gini index and stabilizes at a lower inequality
level than the deterministic baselines. In contrast, the deterministic approaches
exhibit larger fluctuations and higher average inequality. The bottom panel
shows the cumulative sum of distributed goods (sum_rec), which measures allo-
cation efficiency. As expected, the greedy approach achieves the highest efficiency
by always allocating resources to the agent with the highest demand. However,
this results in the highest inequality. The reinforcement learning agent achieves
the second-highest efficiency while maintaining substantially lower inequality.

Scalar: Test/Gini_Index
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Fig. 1. Experiment 3. Top: Gini index over time. Bottom: cumulative distributed goods.
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4.2 Aggregate Results Across Environments

To assess the robustness of the results, Table1l summarizes the average per-
formance of all methods across the ten experimental environments. The rein-
forcement learning approach consistently achieves the lowest mean Gini index,
indicating the most balanced distribution of satisfaction among agents.

While the greedy method achieves the highest efficiency in terms of total
distributed goods, it also produces the highest inequality. Deterministic fairness-
oriented methods such as worst_received and round_robin result in lower
efficiency. In contrast, the reinforcement learning agent consistently achieves the
second-highest efficiency while maintaining the lowest inequality, demonstrating
a favorable balance between fairness and resource utilization.

Table 1. Average performance across all ten experimental environments. The reinforce-
ment learning approach achieves the lowest inequality while maintaining high allocation
efficiency.

Method Mean Gini Index ||Mean Sum_rec T
required _received|0.62 145.3
greedy 0.77 245.4
round _robin 0.61 123.8
worst_received  |0.60 121.5
RL (PPO) 0.41 205.7

4.3 Table Assignment: Reweighting Only

Table2 compares the repeated allocation results obtained with Chuffed and
Gecode under adaptive reweighting without additional fairness constraints. Allo-
cation efficiency is measured by the cumulative number of assigned resources
(sum_rec), while fairness is evaluated using the Gini index of the agents’ val-
uations. PPO and A2C achieve the lowest inequality values while maintaining
high allocation efficiency. Overall, the Chuffed solver achieved lower average Gini
index values and higher allocation efficiency than Gecode in the reweighting-only
setting.
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Table 2. Reweighting-only evaluation using Chuffed and Gecode

Chuffed

Run Mean(Sum_rec)|Std(Sum__rec) Mean(Gini)|Std(Gini)
A2C 9.76 0.43 0.04 0.03
DQN 9.26 0.82 0.06 0.01
PPO 9.76 0.43 0.04 0.02
SAC 8.04 2.77 0.07 0.02
greedy 8.52 1.47 0.04 0.02
none 9.00 1.00 0.06 0.01
round _robin 8.78 1.36 0.05 0.02
worst_received (8.52 1.47 0.04 0.02
required _received|8.52 1.47 0.04 0.02
Gecode

Run Mean(Sum _rec)|Std(Sum_rec) Mean(Gini)|Std(Gini)
A2C 9.52 0.50 0.04 0.01
DQN 5.98 2.20 0.07 0.03
PPO 9.28 0.83 0.05 0.02
SAC 7.32 1.33 0.05 0.02
greedy 3.54 1.49 0.08 0.02
none 0.00 0.00 0.07 0.03
round _robin 2.38 1.77 0.08 0.02
worst_received 3.54 1.49 0.08 0.02
required _received 3.54 1.49 0.08 0.02

4.4 Table Assignment with Rawls Fairness

Table 3 shows the results when Rawlsian fairness is incorporated into the opti-
mization objective together with the learned reweighting strategy. Overall, the
additional fairness criterion substantially reduces inequality across all methods
and both solvers. PPO achieves the lowest Gini index for Chuffed, while SAC
achieves the best fairness values for Gecode.

The results indicate that incorporating Rawlsian fairness substantially
reduces inequality across all methods and both solvers. In this setting, the influ-
ence of the learned reweighting policy becomes smaller because the optimization
objective already strongly favors disadvantaged agents. Nevertheless, PPO and
SAC still achieve competitive fairness-efficiency trade-offs, demonstrating that
the learned policies remain beneficial even under additional fairness constraints.

4.5 Table Assignment with Utilitarian Fairness

Finally, adaptive reweighting was combined with Utilitarian optimization.
Table4 summarizes the resulting allocations for both Chuffed and Gecode. In



Fairness in Repeated CCOP Through DRL 127

Table 3. Rawlsian optimization using Chuffed and Gecode

Chuffed

Run Mean(Sum_rec)|Std(Sum__rec) Mean(Gini) Std(Gini)
A2C 9.76 0.43 0.02 0.01
DQN 9.76 0.43 0.02 0.01
PPO 9.52 0.83 0.01 0.01
SAC 10.00 0.00 0.03 0.01
greedy 9.50 0.50 0.03 0.01
none 9.50 0.50 0.02 0.02
round _robin 9.36 0.66 0.03 0.01
worst_received  (9.50 0.50 0.03 0.01
required _received|9.50 0.50 0.03 0.01
Gecode

Run Mean(Sum _rec)|Std(Sum_ rec) Mean(Gini) Std(Gini)
A2C 9.02 0.71 0.02 0.01
DQN 9.52 0.85 0.03 0.01
PPO 8.76 0.43 0.02 0.01
SAC 8.50 1.14 0.01 0.01
greedy 9.26 0.82 0.02 0.02
none 7.72 0.83 0.02 0.02
round _robin 8.80 0.94 0.02 0.02
worst_received |9.26 0.82 0.02 0.02
required _received|9.26 0.82 0.02 0.02

contrast to the previous experiments, only small differences between methods
can be observed because Utilitarian optimization strongly constrains the feasi-
ble solution space toward maximizing aggregate utility.

Under Utilitarian optimization, all methods achieved nearly identical alloca-
tion efficiencies regardless of solver or reweighting strategy. Consequently, the
observed differences mainly concerned the resulting inequality levels measured
by the Gini index. However, these differences remained comparatively small
because Utilitarian optimization strongly constrains the feasible solution space
toward maximizing aggregate utility. This reduces the influence of the learned
reweighting policy compared to the previous experiments. Even though greedy
and worst_received outperformed the trained models in the last experiment,
PPO remained one of the most consistent methods, balancing stability and fair-
ness.
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Table 4. Utilitarian optimization using Chuffed and Gecode

Chuffed

Run Mean(Sum_rec)|Std(Sum_rec) Mean(Gini)|Std(Gini)
A2C 9.76 0.42 0.030 0.01
DQN 9.76 0.42 0.035 0.02
PPO 9.76 0.42 0.031 0.01
SAC 9.76 0.42 0.034 0.02
greedy 9.76 0.42 0.033 0.02
none 9.76 0.42 0.033 0.02
round _robin 9.76 0.42 0.030 0.02
worst_received |9.76 0.42 0.033 0.02
required _received|9.76 0.42 0.033 0.02
Gecode

Run Mean(Sum _rec)|Std(Sum_rec) Mean(Gini)|Std(Gini)
A2C 9.76 0.43 0.035 0.02
DQN 9.76 0.43 0.031 0.02
PPO 9.76 0.43 0.030 0.02
SAC 9.76 0.43 0.030 0.02
greedy 9.76 0.43 0.028 0.02
none 9.76 0.43 0.030 0.02
round _robin 9.76 0.43 0.030 0.02
worst_received (9.76 0.43 0.028 0.02
required _received|9.76 0.43 0.033 0.02

5 Conclusion and Future Work

This work evaluated Deep Reinforcement Learning (DRL) for repeated resource
allocation, comparing trained DRL agents (A2C, DQN, PPO, SAC) with four
deterministic baselines. Efficiency was measured by the sum of received values,
and fairness by the Gini index of the valuation.

The results indicate that DRL can be useful for repeated allocation problems
because it learns adaptive reweighting policies that respond to previous alloca-
tion outcomes. This allows the method to balance short-term efficiency with
long-term fairness.

Key insights include:

— DRL policies learn to trade off between fairness and efficiency, consistently
reducing the Gini index while maintaining high aggregate utility.

— Integrating DRL weights into the Social COP framework makes it possible to
combine learned heuristics with formal fairness criteria such as Rawlsian and
Utilitarian objectives.



Fairness in Repeated CCOP Through DRL 129

— PPO and A2C were the most stable, delivering high-quality allocations
across solvers and preference scenarios, while greedy baselines tended to over-
optimize utility at the expense of fairness.

Across all environments of the simple allocation, a consistent pattern emerges.
Deterministic methods tend to specialize either in efficiency or fairness but rarely
achieve both simultaneously. The greedy approach maximizes resource utiliza-
tion but leads to strong inequality, while fairness-oriented heuristics distribute
resources more evenly but often fail to utilize the available resources effectively.

In contrast, the reinforcement learning agent adapts dynamically to the envi-
ronment and learns a policy that balances both objectives. It avoids extreme
inequality while still allocating a large portion of the available resources. The
results demonstrate that DRL can effectively address repeated allocation prob-
lems in which multiple, potentially conflicting objectives must be considered
simultaneously.

In a table assignment scenario, reweighting only, Rawlsian, and Utilitarian
fairness constraints were tested using Chuffed and Gecode solvers. For reweight-
ing only, A2C and PPO achieved the best balance between efficiency and fair-
ness, with Chuffed yielding higher utility than Gecode. With Rawls constraints,
trained models still outperformed deterministic approaches, though margins were
smaller. SAC achieved maximum efficiency with Chuffed, while PPO minimized
the Gini index. Under Utilitarian constraints, all methods achieved similar effi-
ciency. PPO remained consistent in balancing fairness and efficiency, even if
greedy or worst received attained slightly better results.

Limitations of this approach include high computational cost, lower inter-
pretability, and untested generalization to unseen requirements, potentially caus-
ing bias. Deterministic methods, by contrast, are interpretable and require no
training.

The results highlight the potential of DRL for repeated allocation environ-
ments. Especially, the observed trade-offs between fairness and efficiency varied
across model types and experimental setups. This indicates that no single app-
roach is universally optimal across all fairness settings and allocation scenarios.

The evaluations of this work indicate opportunities for future research and
practical application. The evaluations were based on a limited example. The
implementation into real-world problem statements and their evaluation would
establish a suitable extension of the current work. Especially the variety of agent
demands over time, which is not as periodic as in the evaluated example, needs
to be addressed in future work. This would allow more realistic modeling of real-
world scenarios and, therefore, evaluate the adaptability of the chosen methods
under uncertainty.

When implementing fairness-aware allocation methods in real-world appli-
cations, explainability is vital. Clear and understandable decision-making pro-
cesses are essential for earning trust and acceptance from human stakeholders
who depend on these systems. Future research is encouraged to focus on creat-
ing models and interfaces that offer explicit justifications for allocation decisions,
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aiding users in comprehending how fairness standards are utilized and how spe-
cific outcomes are derived.

Combining Deep Reinforcement Learning techniques with constraint opti-
mization showed promise in balancing efficiency and fairness. Rather than replac-
ing constraint optimization, DRL should be viewed as a complementary mecha-
nism that learns adaptive prioritization policies across repeated allocation deci-
sions. This work demonstrates that combining DRL with constraint optimization
provides a promising direction for fairness-aware repeated allocation problems
and motivates further investigation in larger and more realistic real-world envi-
ronments.
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Abstract. This paper introduces a robust pipeline enabling Large Lan-
guage Models (LLMs) to perform precise Table Question Answering
(Table-QA) on complex statistical tables. Processing complex, visually
oriented table formats remains a major challenge for large language mod-
els, as they exhibit inherent multi-dimensional and hierarchical struc-
tures. Despite their visual complexity, these formats adhere to strict
structural conventions. Our approach leverages these regularities—such
as specific cell border styles and hierarchical indentations—to transform
these files into a unified JSON structure using a deterministic extraction
method. Instead of generating direct answers, the LLM is fine-tuned
to produce Python scripts that programmatically extract information
from the generated JSON files. To achieve this, we generated a syn-
thetic dataset comprising approximately 13,000 high-quality question-
code pairs. Our fine-tuned Microsoft Phi-4 model achieves a functional
success score of 88.5% (peaking at 95.2% on XLSX files), on par with
the most advanced proprietary models, such as GPT-4.1. Furthermore,
we demonstrate that a smaller 8B parameter model (Llama-3.1) is a
highly efficient alternative, achieving a functional success score of 78.6%
in resource-constrained environments.

Keywords: Large Language Models - Table Question Answering -
Data Extraction - Supervised Fine-Tuning - Program Synthesis

1 Introduction

The sequential processing nature of LLMs presents a fundamental challenge
when interacting with multi-dimensional, hierarchical data structures. Statis-
tical tables, particularly those from open data sources like the German Federal
Statistical Office (Genesis Online), are typically distributed as two-dimensional
projections of higher-dimensional data, such as multi-header XLSX files or denor-
malized CSV files. Direct processing of these formats by LLMs is often ineffi-
cient, as semantic relationships are embedded in the spatial structure of the table
rather than through explicit relational links.
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Therefore, the central research question of this study is: How can complex
statistical tables be transformed into a machine-readable format that enables
LLMs to perform precise, verifiable, and generalizable data retrieval through
code generation?

The objective is to develop a two-stage pipeline that separates program-
matic reasoning from natural language synthesis. In the first stage, a domain-
specifically fine-tuned LLM translates a user’s natural language query into exe-
cutable Python code operating on a structured JSON representation of the table.
After code execution, a standard, non-fine-tuned LLM synthesizes the retrieved
numerical results into a coherent and contextually appropriate response. This
separation assigns data navigation to a specialized model while keeping answer
generation flexible.

The primary contributions of this paper are as follows:

— A deterministic transformation framework: that converts complex, visually-
encoded formats from open data statistical tables into a unified JSON struc-
ture, preserving hierarchical metadata.

— The generation of a synthetic dataset: The generation of a synthetic dataset
comprising 13,000 high-quality question—code pairs, specifically designed to
fine-tune large language models for generating executable retrieval logic in
precise Table-QA over complex statistical data structures.

— A systematic empirical evaluation: of fine-tuned open-source models, estab-
lishing that domain-specific fine-tuning allows medium-scale models to
achieve performance parity with leading proprietary LLMs in complex Table-
QA tasks.

2 Related Work

2.1 Enabling Large Language Models to Understand Complex,
Hierarchical Tables

Efficiently processing complex table structures remains a core challenge [14].
Structural extraction methods range from multi-task learning for region recogni-
tion [6] to format-aware compression in SheetCompressor [7]. To better capture
structual and semantic relationships, recent research proposes bi-dimensional
attention mechanisms [16] and hypergraph encoders [11]. Prompting strate-
gies also play a vital role, either by creating compact table representations
[9,18,22,26] or by utilizing Multi-modal LLMs to preserve visual cues like bor-
ders and colors [19]. A prominent linearization technique transforms complex
tables into sequential inputs by traversing header trees in level-order and uti-
lizing specialized tokens to enable precise multi-level indexing of data regions
[3]. Since GENESIS tables exhibit high structural consistency, we adopt a deter-
ministic heuristic approach. Inspired by the hierarchical indexing logic of [3], we
transform tables into a machine-readable JSON format avoiding the inherent
uncertainty of learned extraction models while maintaining structural integrity.
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2.2 Table Question Answering

Table-QA methods have evolved from table-specific pre-training [8,10,13,23] to
fine-tuning general-purpose LLMs on tabular tasks [12,24]. Recent specialized
models like TableLLM [25] and SpreadsheetLLM |[7] generate executable Python
code or spreadsheet formulas to perform reasoning. To bridge the gap between
natural language and structured data, neural-symbolic frameworks like Binder
[4] and spreadsheet formula-based systems like TabAF [17] map queries to exe-
cutable programs. Other strategies, such as TIDFE [21], decompose questions into
triples for better verification. Our work aligns with the code-generation paradigm
but focuses on the specific challenges of open data statistical schemas through
Supervised Fine-Tuning (SFT).

3 Methodology

The methodology relies on a strict separation of data linearization and structured
data retrieval. We employ a heuristic-based transformation pipeline to linearize
inputs into a structured format and a verified synthetic dataset to train the
model for code-based data retrieval.

For clarity, we distinguish three components throughout the paper that all
share the term pipeline: (i) the Transformation Pipeline (Sect. 3.1), which
converts XLSX/CSV into the unified JSON; (ii) the Data Validation Loop
(Sect. 3.2), which filters synthetic training samples via execution; and (iii) the
Inference Pipeline (Sec. 4.2), which combines code generation, AST validation,
and answer synthesis at query time.

3.1 Heuristic Data Transformation

We implemented a deterministic pipeline to linearize visual XLSX layouts and
denormalized CSV inputs into a unified, hierarchical JSON structure. This inter-
mediate representation abstracts away format-specific idiosyncrasies, enabling
the LLM to access data reliably using consistent dictionary keys. For tables
published in both formats, the resulting JSON structures are schema-equivalent
in approximately 95% of cases. The remaining divergence stems from the higher
information density of XLSX (e.g., font weight, indentation, merge ranges),
which encodes hierarchical cues that the flat CSV format cannot recover. The
performance gap between XLSX and CSV reported in Sec. 5 therefore reflects
this irreducible information loss in the source format, not the JSON representa-
tion itself.

XLSX Parsing Strategy. Genesis Excel files are primarily optimized for
human readability, exhibiting high structural consistency in their visual lay-
out. Leveraging these strict formatting conventions, our parser reconstructs the
semantic hierarchy through a three-step procedure:
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— Boundary Detection via Visual Cues: To distinguish metadata headers from
the data body, the algorithm performs a scan of the first 50 rows and columns.
A row is deterministically identified as a horizontal delimiter if it contains at
least two cells with medium or thick bottom borders. This effectively isolates
the complex header region from the numerical data grid.

— Merged Cells Resolution: A critical challenge is the use of merged cells to
denote super-categories (e.g., a year header spanning three columns). The
parser iterates through the worksheet’s internal merge ranges and logically
replicates the top-left value to all constituent cells. This ensures that every
data point is explicitly linked to its full hierarchical path.

— Hierarchy Reconstruction: Row hierarchies are reconstructed by analyzing
indentation levels and bold font weights. These visual indicators are mapped
to nested dictionary keys, creating a composite path (e.g., "Region | District
| City") for each row.

CSV Pivoting Strategy. The flat CSV format provided by Genesis is denor-
malized. To align this with the hierarchical JSON schema derived from XLSX,
we employ a cardinality-based pivoting algorithm:

1. Context vs. Dimension Separation: The algorithm calculates the number of
unique values (nunique) for every column. Columns with a single unique
value are extracted as global metadata (context), reducing token usage.

2. Dynamic Index Selection: Among the remaining columns, the dimension with
the highest cardinality is selected as the primary row index.

3. Nested Pivoting: The remaining categorical dimensions are pivoted into
nested column headers. This reconstructs the implicit multi-dimensional hier-
archy and ensures a consistent Key — Attribute — Value access pattern across
both input formats, as illustrated in Fig. 1.

JSON Blueprint Structure. To avoid exceeding context limits, the LLM is
not provided with the full data but with a “Blueprint”. Figure 1 shows an example
of this structure, which summarizes headers and provides access path examples.
The blueprint strategy reduces per-query token consumption compared to raw
dataframe input, resulting in significantly lower inference latency and cost. And
more importantly, it guides the LLM to how to navigate the data structure
without overwhelming it with raw data.

3.2 Verified Synthetic Data Generation

To train a model for this specific JSON schema, we created an instruction dataset
of 13,000 examples using Gemini 2.5 Pro [5]. Each example consists of a natu-
ral language question, the corresponding table schema, the access path within
the JSON structure, and the generated Python code (label) used to retrieve the
answer. An abstracted example is shown in Listing 1.1. To ensure the model
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LLM Blueprint
(Structural Context)

"json_blueprint": {

Hierarchical JSON
"top_header_structure": {

— (Unified Schema) Voters": {
nput Table Voters":
(XLSX/CSV) :

“data": {
202502
"Eligi

-23 | Baden-irttenberg”: {
blo Voters":

Election Statistics (Excerpt) o
Eligible Voters | Actual Voters b 3,
Federal State Count Count %2025-02-23 | Bavaria®: { "left_header_summary": {
Baden Wiirttemberg | 7,653,811 6,362,446 "Eligivle Voters:: { . amples” 1]["Bad“""“r“e‘"berg”’
Bavaria 9,481,650 7,996,557 3 et
"example_access_paths": [
rtemberg’] ['Eligible

Fig. 1. Data Transformation Process: (1) Visually oriented input tables are linearized
into a unified hierarchical JSON structure. (2) A structural blueprint is extracted,
providing the LLM with the table schema and key hierarchy (including example access
paths) while omitting numerical values to minimize token consumption.

learns robust reasoning capabilities rather than simple pattern matching, the
generation prompts were strictly constrained to enforce diversity. As detailed in
Listing 1.2, each batch was required to cover a spectrum of complexity levels,
ranging from single-cell lookups to multi-step aggregations and negative con-
straints. The generation process included a rigorous verification loop.

1. Prompting: Gemini was supplied with with the’JSON Blueprint’ and 50 uni-
formly sampled entries from the table’s data dictionary to establish the nec-
essary context for the generation. The model was then instructed to generate
a natural language question and the corresponding Python code. Listing 1.2
shows the system instructions used to enforce logical coherence and key con-
sistency.

2. FExecution Loop: The generated code was immediately executed against the
full source data in a sandboxed environment.

3. Filtering: If the code threw an error (e.g., ‘KeyError‘) or returned ‘None‘, the
example was rejected. Only code that successfully executed and produced a
valid result was added to the training set. This execution-based validation
pipeline ensures the technical integrity of the synthetic samples by filtering
out code that fails to interact correctly with the data structure.

This process filtered out 14% of generated samples, primarily eliminating logic
hallucinations (e.g., inventing keys not present in the Blueprint) and ensuring
that the fine-tuned models trained on valid, functional access paths rather than
mere probabilistic text patterns.

{
"question": "What is the area of Bavaria in 20237",
"table_schema": "state year value",
"example_access_path": "data[’>Bremen’][’Stichtag’][’31.12.2023°]",
"generated_code": "value = datal[’Bayern’][’Stichtag’][’31.12.2023°]"
}

Listing 1.1. An abstracted example out of the dataset
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You are a highly intelligent data analysis engine. Your primary task is to
generate exceptionally high-quality training examples.

=== YOUR TASK ===

1. Deeply analyze the provided €¢JSON DATA STRUCTURE ¢.

2. Generate exactly 5 diverse, high-quality question-and-code pairs.

3. Ensure maximum diversity: Covers Direct Lookups, Complex Aggregations,
Rankings, and Calculations.

4. Negative Case Rule: One question must be a ’negative case’ asking for non-
existent data.

=== UNBREAKABLE RULES ===

- Key Consistency Rule: Keys used in Python code MUST EXACTLY match the
blueprint.

- Positive Case Rule: Prefer direct dictionary access (datal’key’]) for
positive examples.

- Output Format Rule: All logic must end with a print() statement outputting
only the final value.

Listing 1.2. System Prompt for Synthetic Data Generation

3.3 Supervised Fine-Tuning (SFT)

We fine-tuned the models using LoRA (Low-Rank Adaptation) on a single
NVIDIA RTX 6000 Pro (Blackwell generation) GPU. The training configura-
tion included rank=32, alpha=64, batch_size=1 (with gradient accumulation
steps=32), and a learning rate of 3e-5 with a maximum of 5 epochs, where early
stopping was triggered at epoch 2. The training was completed in approximately
1.4%h for Llama-3.1-8B and 6-8h for Phi-4 (14B).

4 System Architecture and Application

To demonstrate the system’s capabilities, an interactive Streamlit prototype was
developed, facilitating the complete input-to-response pipeline.

4.1 Accessible Interface

To maximize usability and ensure low-barrier access to complex statistical data,
we developed a multimodal interface that supports both text- and voice-based
interactions. The system’s speech-to-text (STT) capabilities are implemented
using the Whisper model [15], which allows users to pose natural language ques-
tions verbally.

To provide a fully interactive experience, the interface optionally outputs
the generated answers as speech. This is achieved through the XTTS (eXten-
sible Text-to-Speech) framework [2], which synthesizes natural-sounding voice
responses. By integrating these components, the pipeline not only simplifies data
exploration for experts but also significantly enhances accessibility. It enables
users with visual impairments to interactively explore complex tables through
natural language dialogue. Furthermore, it facilitates interaction in environments
where hands-free operation is preferred.



Code Generation for Open Data Statistics 139

Answer: On

23.02.2025, there
were 7,996,557 actual
voters in Bavaria.

final

Fig. 2. Integrated Two-Stage Inference Pipeline: Stage 1 utilizes a fine-tuned LLM to
generate Python code. This code undergoes a mandatory AST-based Security Valida-
tion (blocking unsafe functions/modules). In Stage 2, the validated code is executed in
a sandbox, and the factual result is synthesized into a final answer by a general-purpose
LLM.

4.2 Two-Stage Inference Pipeline

Query answering is performed in two distinct stages to maximize transparency
and precision:

1. Stage 1: Reasoning (Code Generation): The fine-tuned LLM processes the
user’s query alongside a compact JSON context that outlines the data struc-
ture. It generates the Python code required to query the full JSON data
(Fig.2).

2. Security Layer (AST Validation): Before execution, the generated code under-
goes a rigorous security audit using Abstract Syntax Tree (AST) analysis. We
implement a CodeVisitor that checks for forbidden built-in functions (e.g.,
eval, exec, open) and restricts imports to a whitelist of verified libraries
(pandas, numpy, matplotlib). Any code containing restricted modules (e.g.,
os, subprocess) is blocked.

3. Stage 2: Synthesis (Answer Formulation): The generated code is executed
in a sandboxed environment. The execution output is passed to a second,
general-purpose LLM (e.g. Qwen3 4B [20]). The model then synthesizes the
factual results into a fluent natural language response (Fig. 2).

5 Evaluation and Results

To assess the performance of our fine-tuned models, we conducted an evaluation
using a manually curated hold-out test set consisting of 252 unique question-
answer pairs. These test cases are balanced across the two primary input formats,
with 126 questions based on tables extracted from XLSX files and 126 questions
from denormalized CSV files.

The test set covers a broad spectrum of open data statistical domains, includ-
ing demographics, healthcare, economic indicators, and environmental data.
Based on the nature of the tasks, we categorized the evaluation into three distinct
complexity levels:

— Level 1: Direct Retrieval (Lookups): Tasks requiring the model to identify
and extract a single data point based on specific row and column identifiers.
For example, retrieving the migration balance for a specific city in a given
year.



140 V. Schmidberger et al.

Level 2: Comparative and Basic Arithmetic: Tasks involving operations
between two or more values, such as calculating the absolute difference
between reporting years or summing values across related categories (e.g.,

combining “male” and “female” deaths for a specific diagnosis).

notation or rounded figures.

This categorization ensures a rigorous evaluation of the model’s ability not
only to parse structured JSON output but also to perform reliable data analysis

on real-world statistical data.

5.1 Metric Definition

We define the Functional Success Score as follows: A test case is considered
successful if the two following conditions are fulfilled: 1. The generated Python
code executes without raising an exception. 2. The result matches the ground
truth with a similarity ratio > 0.95 (based on the Ratcliff/Obershelp algorithm
[1] as implemented in Python’s difflib Sequence Matching). This threshold
accounts for minor formatting differences (e.g., “1000” vs. “1.000”) while rejecting

incorrect values.

5.2 Model Selection (Fine-Tuned Open Source)

Table 1. Model Selection: Functional Success Scores & Efficiency

Level 3: Complex Analytical Reasoning: High-level questions requiring multi-
step logic, including percentage shares, ratios (e.g., students per teacher),
or identifying maximum values within a hierarchical group. These tasks test
the model’s ability to navigate nested JSON structures and handle scientific

XLSX CSV Avg Time
Model (Fine-Tuned) (%) (%) (%) (min)
DeepSeek-Coder-V2 62.7 59.5 61.1 24.83
Granite-3.1-8B 65.1 64.3 64.7 10.73
Nemotron-Nano-9B 73.0 69.8 T71.4 55.25
Ministral-8B-Instruct 78.6 675 73.1 11.55
Qwen3-8B 81.0 72.2 76.6 21.46
Llama-3.1-8B 81.0 76.2 78.6 08.14
Gemma 3 12B 81.0 77.0 78.9 18.01
Microsoft Phi-4 (14B) 95.2 81.7 88.5 29.11

Table 1 presents the Functional Success Score and inference efficiency. To ensure
a fair comparison, all models were fine-tuned using the identical synthetic dataset
of 13,000 samples and the same LoRA hyperparameters described in Sect. 3.3.
The inference efficiency is measured by the total inference time, defined as the
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duration required for the model to generate the Python code for all 252 test
queries on a single NVIDIA RTX 6000 GPU.
Two superior models emerged in Table 1:

1. Top Performer: Microsoft Phi-4 (14B) achieved the highest functional success
score (88.5% avg), reaching 95.2% on structured XLSX data.

2. Most Efficient: Llama-3.1-8B provides a balanced alternative with 78.6%
functional success score but is approx. 3.5x faster than Phi-4.

The substantial spread across base architectures (61.1%-88.5%) is, in our
interpretation, not primarily a function of parameter count or code-pretraining
exposure. DeepSeek-Coder-V2, despite its explicit code-pretraining focus, trails
the general-purpose Llama-3.1-8B by more than 17 points, while Phi-4’s strong
result aligns with its emphasis on instruction- and reasoning-heavy training data.
We therefore hypothesize that adherence to the strict schema-constrained output
format dominates raw coding ability for this task, making instruction-tuning
quality on structured outputs the decisive factor.

5.3 Impact of Supervised Fine-Tuning (SFT)

Table 2. Impact of Fine-Tuning: Base vs. Fine-Tuned (Avg Functional Success Score)

Model Base (Few-Shot)Fine-Tuned (SFT)|Delta
Llama-3.1-8B|61.1% 78.6% +17.5%
Phi-4 (14B) 0.0% 88.5% +88.5%

To validate the necessity of fine-tuning, we compared our fine-tuned models
against their base versions (using few-shot prompting).

Table 2 reveals a critical insight: While Llama-3.1 Base performs moderately
well (61.1%), Phi-4 Base fails completely (0.0%). Inspection of the inference logs
reveals that the failure of the Phi-4 Base model is not due to a lack of arithmetic
capability, but a misalignment in task adherence. Specifically, we observed three
persistent failure modes in the base model’s output:

1. Data Hallucination: Instead of generating code to query the provided data dic-
tionary, the model frequently attempted to reconstruct the dictionary itself,
populating it with hallucinated or placeholder values (e.g., “Anzahl” 1234).

2. Format Violation: The model included conversational text, which caused syn-
tax errors in our strict execution environment designed for pure script evalu-
ation.

3. Context Neglect: Lacking instruction tuning on the specific “Blueprint”
schema, the model failed to utilize the correct dictionary keys provided in
the context, resulting in KeyError exceptions.
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To rule out that the 0.0% score reflects a flawed prompt rather than a model
limitation, all base-model evaluations used the identical few-shot prompt shown
in Listing 1.3. The same prompt yielded 61.1% for Llama-3.1 Base and non-zero
scores on all other base models we informally tested, indicating that the failure
is specific to Phi-4’s instruction-following behavior on this schema rather than
the prompt itself.

SYSTEM:

You are a Python code generator. Your sole task is to answer a question about
a JSON object with Python code.

Rules:

- CODE ONLY: Your response must contain EXCLUSIVELY Python code.

- NO EXPLANATIONS: Do NOT add explanations, introductions, comments, or
example outputs.

- NO MARKDOWN: Output raw text, no markdown formatting such as ‘‘‘python.

- ALWAYS OUTPUT THE RESULT VIA print ().

USER TEMPLATE:
### Table Title
{table_title}

### JSON Data Structure
{json_blueprint}

# Example accesses to the data structure:
{json_blueprint_example_accesses}

### Global Filters (if any)
{global_filters}

### Question

{user_question}

Listing 1.3. Few-shot prompt used for base-model evaluation (translated). All base
models received the identical system and user template.

This confirms that while base models possess general reasoning capabilities,
Supervised Fine-Tuning is strictly necessary to constrain the output space to the
required executable JSON retrieval logic.

5.4 Error Analysis

An analysis of the remaining 11.5% failure cases in the fine-tuned Phi-4 model
reveals two primary error categories:

1. Key Retrieval Failures: The model occasionally fails to resolve the deep hier-
archy correctly, returning ‘O‘or ‘None‘via ‘.get()‘instead of the actual value
(e.g., retrieving "Total"" instead of "Total | male” in highly nested demo-
graphics tables).

2. Arithmetic Hallucinations: In rare cases involving calculations (percentages
or differences), the model generates syntactically correct code that performs
the wrong mathematical operation. This results in numerical discrepancies
between the generated output and the ground truth.
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5.5 Impact of Data Transformation Pipeline

Furthermore, we evaluated the performance of industry-leading frontier models
(GPT-4.1 and Gemini 2.5 Pro) as baselines across two distinct settings:

— Raw (Pandas): The model receives the raw dataframe head (20 rows).
— Ours (Pipeline): The model receives the JSON context.

Table 3. Ablation Study: Impact of Input Representation

Model & Setting XLSX (CSV  Total Time
Standard Approach (Raw Data/Pandas head)

GPT-4.1 (Raw) 32.5% 41.3% [19.83 min
Gemini 2.5 Pro (Raw) 61.9% [52.4% |80.56 min
Our Approach (Hierarchical JSON Context)

GPT-4.1 (Pipeline) 96.0%)85.7% |08.52 min
Gemini 2.5 Pro (Pipeline)93.7% |88.1%|38.22 min

Table 3 shows that even GPT-4.1 fails on raw XLSX data (32.5%), while our
pipeline improves functional success score to 96.0%. Notably, Gemini 2.5 Pro
struggles massively with raw data, taking over 80 min (due to retries), whereas
the pipeline reduces this to 38 min.

5.6 Comparison with Specialized Table Models

Table 4. Performance of TableLLM on statistical CSV Data

Difficulty Level [Success Score
Simple (Lookup)9.5%
Medium (Calc) 2.4%
Complex (Agg) 2.4%
Overall 4.8%

To contextualize our results against domain-specific Table-QA baselines, we eval-
uated TableLLM [25], a model explicitly trained for tabular reasoning. Since
TableLLM is restricted to flat CSV inputs, the evaluation was conducted on the
CSV half of our test set (126 questions). It achieved an overall functional success
score of only 4.8% (Table4), with Table4 reporting the per-complexity break-
down. This result indicates that general-purpose table models, which typically
assume flat single-row headers, fail to navigate the multi-level indexing inher-
ent in open statistical reports, underlining the need for the hierarchical JSON
representation proposed in this work.
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5.7 Final Benchmarking: Fine-Tuned vs. Frontier Models

Table 5. Final Comparison: Ours vs. SOTA (using Pipeline)

Model XLSX CSV Avg

GPT-40 92.9% 72.2% 82.6%
GPT-4.1 (Apr 2025) 96.0% 85.7% 90.9%
Gemini 2.5 Flash 96.0% 86.5% 91.3%
Gemini 2.5 Pro 93.7% 88.1% 90.9%

Ours (Llama-3.1-8B) 81.0% 76.2% 78.6%
Ours (Phi-4 14B) 95.2% 8L.7% 88.5%

Finally, we compare our fine-tuned models against the latest proprietary frontier
models. Table5 demonstrates that our fine-tuned Microsoft Phi-4 (14B) model
is highly competitive.

Several key observations can be made from these results. First, our special-
ized Phi-4 model outperforms the general-purpose GPT-40 by nearly 6% points
on average. This performance gap is particularly evident in the CSV format,
where our model achieves 81.7% compared to GPT-40’s 72.2%. Second, while
the state-of-the-art models (GPT-4.1 and Gemini 2.5) still hold a slight edge of
approximately 2-3%, our model achieves this level of precision as a fully open-
source solution.

Interestingly, even our smallest model, Llama-3.1-8B, shows strong results.
With 78.6% average functional success score, it outperforms GPT-40 in the CSV
category, suggesting that the quality of our synthetic training data effectively
compensates for smaller model scales.

These results prove that for specialized tasks like Table-QA on open data
statistics, fine-tuned medium-sized models can match or even exceed the per-
formance of massive proprietary models. This is particularly relevant for gov-
ernment agencies and data portals that require high precision but must operate
under strict data privacy regulations, as our pipeline allows for entirely local
deployment.

6 Limitations and Future Work

A primary limitation of this work is the parser’s heuristic nature, which is
deterministically tailored to the specific formatting conventions of the Gene-
sis Online database (e.g., specific border styles and indentation rules). While
highly robust for this source, the logic is rigid and does not immediately gener-
alize to non-standard Excel layouts or unstructured PDFs. However, our ablation
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study (Table 3) demonstrates that the performance gain stems from the hierar-
chical JSON representation, not the raw parsing logic itself. Consequently, the
proposed architecture is domain-agnostic: the pipeline can be extended to other
administrative domains (e.g., Eurostat, US Census) by substituting the initial
parser component while retaining the fine-tuned code-generation engine.

Future work will focus on three primary areas. First, we plan to enhance
the execution environment. While our current AST-based validation provides a
significant security layer against malicious code, a move toward containerized
execution (e.g., Docker-based sandboxing) would provide an even more robust
isolation, preventing potential low-level exploits.

Second, we are integrating a Retrieval-Augmented Generation (RAG) sys-
tem to automate the “Text-to-Statistics” workflow by identifying relevant tables
across the entire database. Finally, we are refining the model’s ability to generate
complex matplotlib visualizations. Initial tests show promising results in pro-
viding not only textual answers but also high-quality graphical representations
of the statistical data directly within the interface.

7 Threats to Validity

Four factors constrain generalizability. (i) The 252-item test set is modest; dif-
ferences below 2—-3 points should not be over-interpreted. (ii) Training and test
questions were both generated with Gemini 2.5 Pro, introducing potential circu-
larity, mitigated for the test set by manual verification against the source tables.
(iii) Ground-truth answers were annotated by a single author; no inter-annotator
agreement was measured. (iv) The parser is Genesis-specific and results do not
directly transfer to other portals.

8 Conclusion

This paper presents a specialized Table-QA pipeline for open data statistics. By
transforming heterogeneous XLSX and CSV files into a unified JSON structure
and fine-tuning open-source models, we achieve high precision on these formats.
Our fine-tuned Microsoft Phi-4 reaches an average success rate of 88.5%, on par
with proprietary models such as GPT-4.1 and Gemini 2.5 Pro for this domain,
suggesting that specialized fine-tuning is a viable path for organizations requiring
high-precision extraction under local data sovereignty.!
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Abstract. Within the last years, generative Al usage rose dramatically.
Using such tools is problematic in areas like academia where integrity
matters most. Hence ways must be found to reliably determine author-
ship. Our system addresses this issue by involving four classifiers and
gradient boosting. Its classification pipeline processes texts sentence-wise
and applies two tests afterwards: A Gauss test evaluates whether the
proportion of flagged sentences is within an expectation, the second test
checks for consecutive flagged sentences. Here the false positive rate can
be controlled with custom cutoffs. This leads to false positive rates of
less than 1%. Furthermore we evaluated 30,000 arXiv drafts published
between 2015 and 2025. There we can see a rising tendency for texts pre-
dicted to be machine-influenced for each new generative Al generation.

Keywords: Natural Language Processing - Text classification -
Al-generated text detection

1 Introduction

Recent advances in generative Al (GenAl) make it increasingly difficult to tell
apart human texts from generated ones [10,24]. [42] et al. suggest this can be
improved with training but settings where integrity is crucial (e.g. academia
and news websites) can profit from reliable detectors. Here we regard texts as
fabricated if they are created by a Large Language Model (LLM) or machine
translators (GenAl originates there [51]).

In academia we already face a flood of GenAl submissions and peer
reviews [21]! which endangers academic processes of becoming meaningless. At
our university, we see GenAl use in a surging amount of student submissions.
This harms academic integrity and instructors are tricked into believing the stu-
dents understood their task. Here GenAl detectors can support the examiner in
revealing the real amount of own work.

! https://www.nature.com /articles/d41586-025-03506-6.
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Using these tools is more difficult in practice as data protection laws exist.
So we can’t use third party detectors without consent. Also the processing and
further usage of uploaded documents remain unclear; finding reliability metrics
is difficult at best. Apart from that existing open source detectors are merely
proof-of-concept apps that often struggle with real-world data.

Our system addresses these issues and outperforms existing ones. Thereby
we make the following contributions:

—  Our tool runs locally, ensuring privacy during inference. We use a combination
of open-source and own datasets to rule out legal issues in the dataset.

— The involvement of multiple classifiers (SVM, FFNN, DistilBERT, RoBERTa)
with gradient boosting reduces false positives significantly. Users can set own
cutoffs which further allows reducing false positives if required.

— Test metrics for assessing real-world documents:

Consecutive-sentence test: Searches for generated paragraphs.

Gauss test: Assesses whether the proportion of flagged sentences in a doc-
ument matches the estimate for human texts, virtually eliminating the
effects of false positives.

— An evaluation of 250 arXiv drafts/month in the computer science (CS) cate-
gory between 2015 and 2025 shows our system works on real-world data. We
can see a rising amount of machine-influenced submissions since the release
of ChatGPT; it continuously increases with every new generation.

In this paper we present our system: First we review related literature in
Sect. 2. Afterwards we present the methodology used to collect and preprocess
training data in Sect.3. Then Sect.4 presents our main findings and the arXiv
study. Subsequently the results are discussed in Sect. 5. Finally we conclude in
Sect. 6.

2 Literature Review

Our literature review is structured as follows: We discuss the separability of
human and machine language in Sect.2.1. Afterwards Sect. 2.2 reviews existing
approaches. Lastly Sect. 2.3 differentiates present work from ours.

2.1 Separability of Human and Machine Language

Within the last years, the capabilities of LLMs advanced significantly (e.g. [7,
37,51]). Current models (e. g. [18,32,34,54]) can generate human-like language.
Consequently the question arises if telling apart GenAl texts from human ones is
feasible. This becomes increasingly difficult for humans [10,24], but the situation
is better for computers: According to Suvanto et al. [49] GenAl detectors work
in their domain, but classification quality degrades outside of it. However they
also state that detectors outperform humans in classifying texts. The results of
other studies are even more encouraging: They claim that identifying machine-
generated texts is possible due to unique text properties and features [35,58].
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There are already survey papers evaluating different types of classifiers and
implementations [1,53,55]. In the following we concentrate on literature closely
related to the architecture of our pipeline.

2.2 Classifiers

Early classifiers used LLMs themselves for authorship assessment: GLTR [17]
combines GPT-2 [37] with Bidirectional Encoder Representations from Trans-
formers (BERT) [13], Grover works in a very similar fashion [57]. Other
approaches, such as [33] evaluate the probabilities of an LLM outputting specific
words of a rewritten sentence. MAGE [27] combines these methods.

Nowadays most approaches focus on encoder-only transformers, such as
BERT [13] and its knowledge-distilled [8,22] variants [13,29,43]. Here RoBERTa
is used frequently [4,6,40,52]. Regarding combined approaches, Bakhthin et
al. [5] use RoOBERTa with BiLSTM [46]. CoCo [28] similarly uses RoBERTa to
generate text embeddings which are then evaluated with Long Short-Term Mem-
ory (LSTM) [23]. Chen et al. [9] developed a solution that bases on RoOBERTa
with the option to use T5 [38] instead. Alikhanov et al. [3] compared DistilBERT
with BiLSTM on classification tasks, both achieved high accuracies.

Masih et al. [31] evaluated traditional and transformer-based algorithms.
There RoBERTa turned out to be the best-performing classifier. Furthermore
they incorporated LIME and SHAP to highlight linguistic differences between
human and GenAl fabricated texts.

These papers convincingly show that machine learning (ML) algorithms,
especially BERT-based models, can be used to effectively distinguish between
human written and fabricated texts. Nevertheless other approaches exist as well:
Similar to [57], Gromadzki et al. [20] fine-tuned detectors on specific GenAl mod-
els. Hereby they achieved token-level accuracies of up to 99.6%. Aityan et al. [2]
use traditional algorithms to build classifiers and achieved high accuracies. Zeng
et al. [58] use out-of-distribution detection instead: There LLM-generated texts
form one class and human written language is the outlier: Texts that lay outside
of the LLM’s class are considered human. Roy et al. [41] use LLM to rewrite
existing texts and compare the distance between the original and rewritten coun-
terpart: Short distances suggest LLM authorship. DNA-GPT [56] uses another
approach of rewriting: texts are split in halves and an LLM is asked to complete
the first half. Depending on the distance to the original they deduce the author-
ship. To prevent against paraphrasing attempts, Dipper [25] uses a database of
collected GenAl samples to match against.

As we can see there is lots of research on predicting the authorship of
unknown texts and it is shown that GenAl can be detected reliably. It becomes
obvious that BERT-based [13] models are popular due to their good overall
performance.
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2.3 Differentiation to Related Work

Most studies consider only one classifier, just a few combine multiple ones. Often
the exact way of combination remains unclear or is passed to the user. Our
approach applies boosting [14,16] instead: A boosting machine is trained on
how to combine the individual classifiers best.

We split texts into sentences and apply the individual classifiers on them.
Their results are evaluated by the boosting machine: There we search for GenAl
texts using two approaches. A consecutive sentences test searches for machine-
influenced paragraphs; a Gauss test checks if the proportion of potential GenAl
sentences in the document exceeds an expected value. These tests mitigate effects
of potential false positives. Moreover the user can select cutoffs to instruct the
model to predict sentences as GenAl more greedily or permissively. Hereby we
allow adjustments for specific use cases and give users more control about the
prediction process.

We tested our approach on real-world data by evaluating 250 arXiv submis-
sions/month from 2015 to 2025. The predictions of our models show an increasing
trend of LLM-influenced papers which suggests the correctness of our approach.

3 Methodology

To train ML algorithms, a proper dataset must be created as shown in Sect. 3.1.
Afterwards Sect. 3.2 deals with the data preprocessing for traditional classifiers.

3.1 Data Collection

There exist freely available datasets that claim to be usable for text classification.
Unfortunately most of them suffer from at least one of the following drawbacks:

— Little size which limits model generalization.

— A significant imbalance of human and GenAl fabricated texts.

— Samples from old, outdated GenAl models make it questionable whether texts
fabricated by newer GenAl systems are detected reliably.

To mitigate these drawbacks we combine ten freely available datasets. This also
rules out legal issues. We enrich this data with own datasets, including public
student paper archives (to nudge the model to learn how students write) and
CS terminology from Wikipedia with GenAl counterparts as well as completely
generated documents. We use only English datasets, hence the classifier can not
evaluate texts written in other languages.

Our combined dataset contains 685,837 human and 680,898 GenAlI fabricated
sentences. The training-validation-test split is 70/15/15. Here the supplementary
repository provides more details?.

Before proceeding with the training, the data is preprocessed as described in
the following section.

2 https://github.com /ttefke/ai-generated- text-detector.
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3.2 Data Preprocessing

To process natural language, a conversion to a machine representation (vector
embeddings) is inevitable. BERT-based classifiers [13] do this internally, but
traditional algorithms (e.g. Support Vector Machines (SVMs) [12,50]) lack this
capability. Hence embeddings must be computed for these classifiers.

Mahsih et al. [31] experimented with traditional methods, such as
Word2Vec [19], GloVe [36] and FastText [44]. They state that these algorithms
are a great baseline, but we use Sentence Transfomers (SBERT) [39] instead.
They allow finetuning an LLM to improve embedding quality for specific use
cases, which appears promising. Moreover SBERT transforms data into very
high-dimensional vector spaces, making it easier for classifiers to find ways on
how to predict new sentences [15]. The following section shows that this approach
succeeds.

4 Experiments and Results

Here we present our results: First Sect. 4.1 shows the embedding process. Then
Sect. 4.2 focuses on the training and its technical details. Afterwards, in Sect. 4.3,
we use ensemble learning to reduce false-positives. There we also present the
tests that can be applied on new texts. Finally Sect. 4.4 presents our validation
study; it shows the correct functioning of our system by evaluating 250 arXiv
papers,/month over the range of 10 years.

4.1 Sentence Embeddings

All individual sentences were converted into vector embeddings for the
SVM and Feedforward Neuronal Network (FFNN) using SBERT [39]. The
all-MiniLM-L6-v2% model was fine-tuned with the train dataset to improve
the sentences’ separability. This fine-tuned model is used to embed the train-
ing data into a 384-dimensional vector space. Figure 1 shows this process in the
training part.

To elaborate on our separability assumption, we performed a Principal Com-
ponent Analysis with 100,000 samples (see Fig.2): Human and generated sen-
tences appear separable in the three-dimensional vector space which confirms
the results of [35,58]. To profit from the blessings of higher dimensions [15], the
original 384-dimensional vector embeddings are used.

Now we can start the training process as shown next.

3 https://huggingface.co/sentence-transformers/all- MiniL.M-L6-v2.
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Fig. 1. Our model’s architecture. The validation data is used to evaluate the models,
the test data is used to estimate the performance on unseen data.

4.2 Model Training
To be able to classify sentences, we trained four individual classifiers:

— A SVM [12,50] (lightweight baseline classifier).

— A FFNN [45] (see structure in Fig. 3, versatile baseline classifier).

— RoBERTa [29] (specialized on Natural Language Processing (NLP)).
— DistilBERT [43] (specialized on NLP).

The concrete training parameters are given in our materials repository (See
Footnote 2). Table 1 shows the metrics for the trained classifiers.

As Table 1 shows, the BERT-based models outperform traditional classifiers,
especially for generated sentences (true positives). The amount of true nega-
tives (human text) is slightly higher than for traditional classifiers, resulting in
a higher accuracy (see Equation (1)). With regard to false positives (human
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Fig. 2. Principal Component Anal- Fig. 3. The FFNN. Layers 1-3 reduce
ysis of 100,000 sample sentences. dimensions (384 — 256 — 128 — 64).
Red: GenAI sentences. Green: human- Layer 4 determines the result.

written sentences. (Color figure online)

Table 1. Metrics for the individual models.

Model TN FP |FN TP Accuracy|PrecisionRecall |Specificity
FFNN 95,088 19,935 (13,931/84,704 |0.8828 |0.8950 |0.8588 |0.9054
SVM 97,619 7,404 |10,539/88,096 [0.9119 |0.9225 |0.8932 |0.9295
RoBERTa [99,083|5,940/5,683 92,952 |0.9429 |0.9399 |0.9424 0.9434
DistilBERT|95,332 {9,691 3,551 |95,084/0.9350 |0.9075 |0.96400.9077

text classified as GenAl), RoOBERTA performs best; it reports slightly better
precision scores (see Equation (2)). On the other hand, DistilBERT performed
best for false negatives, leading to a better recall (Equation (3)). All classifiers
are capable to identify human text as the high specificity scores (see Equation
(4)) show. Overall we can see that all classifiers learn how to distinguish human
from GenAlI sentences. This result was expected, Fig. 2 already indicated a good
linear separability. Due to the high dimensions, even traditional classifiers offer
a reasonable performance.

Despite these already impressive results, relying on the best classifier appears
to be error-prone: Potential model biases could influence the classification results.
To mitigate that issue we use gradient boosting to process the results of the four
classifiers as shown in the following section.

4.3 Ensemble Learning

To increase the predictions’ reliability, we adopt gradient boosting [14,16]. Con-
sequently our classification pipeline is as follows (see Fig. 1):

Preprocessing: Sentence-tokenize the text and compute vector embeddings.
Individual classification: Apply the four classifiers on each sentence.
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Fetch intermediate results: Get the classification probabilities.

Gradient boosting: Put the GenAl probabilities into the boosting machine.
Result: Get the final sentence predictions from the boosting machine.
Interpretation: The results can now be interpreted by the user.

To train the boosting machine, the individual models’ predictions on the test
dataset are combined with their real label. 20% of the data are used for testing.

acc = TP+ TN (1) recision = _Ir (2)
~TP+TN+FP+FN b ~TP+FP
TP e TN
recall = m (3) SpeCZf’LCZty = m (4)

When predicting new sentences, the results for the individual classifiers are
computed and put into the boosting machine to obtain a final score. It represents
the prediction probability of the sentence being machine generated. Here the user
can set a cutoff which must be met to classify a sentence as fabricated. Table 2
provides the metrics of different cutoff values, according confusion matrices can
be found in the repository (See Footnote 2).

Table 2. Metrics for the boosting machine with different cutoffs.

Cutoff TN |FPFN |TP  |Accuracy Precision Recall |Specificity
0.5 |20,100/905/1,090/18,637/0.9510  |0.9537 ]0.9447/0.9569
0.75 |20,753/252|2,028/17,699/0.9440 |0.9860 |0.8972/0.9880
0.9 |20,882[123|2,722/17,005/0.9302 |0.9928 |0.8620/0.9941
0.95 120,926|79 |3,317/16,410/0.9166 |0.9952 0.83190.9962

As we can see, high cutoffs reduce false positives with the trade-off of more
false negatives, which is reflected by the increased precision and specificity. How-
ever a cutoff of 0.95 still leads to a recall of more than 0.8. At the same time,
the false positive rate is just around 0.38%. This appears promising and allows
us to create test cases for unknown texts. These are presented in the following.

Consecutive Sentence Test. With a false positive rate of 0.38% at 0.95 cutoff, it
is very unlikely to get multiple consecutive false positives when assessing a text
sentence-wise. Once this test finds at least three consecutive sentences classified
as machine generated, it flags them as fabricated. Hence it is well suited to search
for machine-influenced paragraphs in texts of arbitrary length.
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Gauss Test. This test evaluates if the proportion of sentences in a document
classified as GenAl resides within an expected range. It approximates a nor-
mal distribution with an estimated mean of 0.0920 and a standard deviation
of 0.0601. This range assumed as ground truth was received by evaluating 250
papers/month published in the CS section of arXiv from 2010 to the end of 2014
(n = 15,000). Due to the high amount of papers we can, according to the central
limit theorem, assume normal distribution [26,48]. The effect of false positives
virtually vanishes due to normal distribution properties: A higher false positive
rate leads to a higher standard deviation.
Based on this, two hypotheses are formulated:

Hy: The document is written by a human.
H;y: The document is not written by a human (machine-generated or influenced).

To assess on new text, the proportion of sentences classified as machine-
generated is computed. Afterwards, it is checked how many standard deviations
the received proportion is away from the estimated mean: A z-score is computed
for a right-sided z-test [48]. If the received p-value is < 0.001, the Hj is rejected
and H; is assumed. We use this test for texts with a sufficient amount of sentences
(> 100) to reduce the effects of potential false positives on the final classification.

Besides that, we applied a SHAP analysis [30] to see how boosting combines
the individual classifiers. Figures4 to 5 show the results: The classification is
on average mostly influenced by the BERT-based classifiers. RoBERTa has, on
average, such a high impact that it outperforms all other classifiers.

flx)

DistilBERT
SVM
FFNN -0.32 .

0 -1

ROBERTa

DistilBERT

FFNN

svmM

S ‘

00

05 10 1 3 1
mean(|SHAP valuel) (average impact on model output magnitude) ELf00]

Fig. 4. Influence of the individual clas- Fig.5. SHAP analysis example for a
sifiers on the result. fabricated sentence.

To see how the system performs on real-world data, we conducted a validation
study we present next.

4.4 arXiv Validation Study

To validate our pipeline, we wanted to see how it performs on real-world data.
Hence we set up a study to assess arXiv preprints published between 2015 and
2025. For each month in this range, we use the first 250 English preprints a
search in the CS section returns (n = 30,000). We chose this section as it is
known that it has been flooded with GenAl influenced papers?.

* https://blog.arxiv.org/2025/10/31 /attention-authors-updated-practice-for-review-
articles-and-position-papers-in-arxiv-cs-category/.


https://blog.arxiv.org/2025/10/31/attention-authors-updated-practice-for-review-articles-and-position-papers-in-arxiv-cs-category/
https://blog.arxiv.org/2025/10/31/attention-authors-updated-practice-for-review-articles-and-position-papers-in-arxiv-cs-category/
https://blog.arxiv.org/2025/10/31/attention-authors-updated-practice-for-review-articles-and-position-papers-in-arxiv-cs-category/
https://blog.arxiv.org/2025/10/31/attention-authors-updated-practice-for-review-articles-and-position-papers-in-arxiv-cs-category/
https://blog.arxiv.org/2025/10/31/attention-authors-updated-practice-for-review-articles-and-position-papers-in-arxiv-cs-category/
https://blog.arxiv.org/2025/10/31/attention-authors-updated-practice-for-review-articles-and-position-papers-in-arxiv-cs-category/
https://blog.arxiv.org/2025/10/31/attention-authors-updated-practice-for-review-articles-and-position-papers-in-arxiv-cs-category/
https://blog.arxiv.org/2025/10/31/attention-authors-updated-practice-for-review-articles-and-position-papers-in-arxiv-cs-category/
https://blog.arxiv.org/2025/10/31/attention-authors-updated-practice-for-review-articles-and-position-papers-in-arxiv-cs-category/
https://blog.arxiv.org/2025/10/31/attention-authors-updated-practice-for-review-articles-and-position-papers-in-arxiv-cs-category/
https://blog.arxiv.org/2025/10/31/attention-authors-updated-practice-for-review-articles-and-position-papers-in-arxiv-cs-category/
https://blog.arxiv.org/2025/10/31/attention-authors-updated-practice-for-review-articles-and-position-papers-in-arxiv-cs-category/
https://blog.arxiv.org/2025/10/31/attention-authors-updated-practice-for-review-articles-and-position-papers-in-arxiv-cs-category/
https://blog.arxiv.org/2025/10/31/attention-authors-updated-practice-for-review-articles-and-position-papers-in-arxiv-cs-category/
https://blog.arxiv.org/2025/10/31/attention-authors-updated-practice-for-review-articles-and-position-papers-in-arxiv-cs-category/
https://blog.arxiv.org/2025/10/31/attention-authors-updated-practice-for-review-articles-and-position-papers-in-arxiv-cs-category/
https://blog.arxiv.org/2025/10/31/attention-authors-updated-practice-for-review-articles-and-position-papers-in-arxiv-cs-category/
https://blog.arxiv.org/2025/10/31/attention-authors-updated-practice-for-review-articles-and-position-papers-in-arxiv-cs-category/
https://blog.arxiv.org/2025/10/31/attention-authors-updated-practice-for-review-articles-and-position-papers-in-arxiv-cs-category/
https://blog.arxiv.org/2025/10/31/attention-authors-updated-practice-for-review-articles-and-position-papers-in-arxiv-cs-category/
https://blog.arxiv.org/2025/10/31/attention-authors-updated-practice-for-review-articles-and-position-papers-in-arxiv-cs-category/

An Ensemble Approach Towards Detecting Machine-Generated Texts 157

Percentage
= - N “ w * B w o ~ ~ 0 3 < © =
w G 5 5 8 &6 &8 & & & 3 & 8 & &
2015-01
/
201507} | <
\
\
AN
D
2016-01 /<
S
p4
AN
)
2016-071
N ¢
S
|
NS
2017-01 L&
|
| Y
(ks
201707 D))
{
A Y
| -
L L
2018-01 SN
Y
Zl
D3
PT
2018-07 >
S
14
7
2019-01
\ GPT-2 small
7 N
7 PT-2 medium
2019-07 {
PT-2 large
GPT-2
202001 74 {
= I,
g PT-3
3 2020-07 (
2 L
S
N
202101 \
1
N
AN
2021-07 J
C
202201 A
14 GPT-3.5
N
<
202207 >
pd S
<
hatGPT
2023-01
£ PT-4
2023-07
)|
<
2024-01
N L
L PT-40
202407 < &
202501 )
PT-4.5
PT-4.1
202507 I I’
Jeprs
232
\ g 3 fGPT5]
3 £ {épr32
o®
©o
RS
S
b=

Fig. 6. Percentage of arXiv papers classified as machine-generated. Orange: consecutive
sentences test. Blue: Gauss test. (Color figure online)
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The first 285 submissions are downloaded and their text is mined with Apache
PDFBox”. Then the language is checked using an according detection model [11].
Only the first 250 English documents that could be mined are further consid-
ered. These were fed into the pipeline and both the consecutive sentences and
the Gauss tests were performed. The first uses a cutoff of 0.95, because it still
captures fabricated texts well while keeping high precision and specificity (see
last section). The Gauss test uses a cutoff of 0.5 as it has the highest recall and
false positives effectively vanish under the normal distribution.

The results of this study are depicted in Fig. 6. We can see the following;:

The consecutive sentences test flags more papers: There are multiple
possible explanations:

— The possibility of false positives in the consecutive sentences text is low,
but can not be fully ruled out. Due to the high amount of processed
sentences, false positives are possible.

— Most papers are written by a group. If just one person uses GenAl tools,
the proportion of GenAl sentences is lower. Then the Gauss test may
rate the deviation from the assumed proportion as negligible whereas the
consecutive sentences test leads to a hit.

— The selected p-value of just 0.001 for the Gauss test is very low; significant
deviations from the expected value are required to reject Hy. Hence it
could be possible the Gauss test is more lenient.

— Biases in the ground truth of both tests can lead to differing results for
some evaluated papers.

Very few positives before November 2022: Few percent of the papers pub-
lished before the release of ChatGPT are flagged. Even if we assume these are
all false positives, it’s a rather small percentage. However, we must also con-
sider machine-translated texts. GenAl bases on Transformers which were first
used for translation [51]. Hence flagged texts might have been translated by a
machine. This could also explain the rise between the release of Transformers
and ChatGPT.

Rising amount of machine-influenced submissions: Since ChatGPT’s
release the proportion of machine-influenced submissions rises sharply. With
each new major generation of GenAl we can see new highest values. This
indicates that the amount of machine-influenced submissions is rising and
GenAl is more and more used by CS researchers.

This study supports our approach and indicates the system can work with
real-world data. That suggests practical relevance and correctness. However
potential issues remain which are discussed in the following.

5 Discussion

In Sect.5.1 we interpret our findings. The limitations of the approach are dis-
cussed in Sect. 5.2. Finally Sect. 5.3 reviews ethical aspects.

5 https://pdfbox.apache.org,/.
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5.1 Interpretation

Overall the experiments indicate the correctness of our approach and results. As
our use case is revealing GenAl texts in student submissions, we must prevent
false positives. Our system does this by adopting boosting which leads to a higher
precision. Custom cutoffs allow to further reduce false-positives in the consecu-
tive sentences test with the trade-off of a degraded detection performance. Here
a cutoff of 0.95 appears to be reasonable (see Table2).

As the arXiv study indicates, the classification pipeline and the developed
tests appear to work reliable. Figure 6 shows us a significant rise of detections
with the release of ChatGPT as well as with each new major version. However
it has to be stated that the information used as ground truth for the Gauss
test was derived from arXiv papers submitted between 2010 and 2014. Even
though it can be assumed that back then, automated translation services were
rarely used and transformers didn’t exist, we don’t know the real labels of these
submissions. Consequently the graphic should rather be seen as trend curve and
not as absolute truth.

Moreover our approach has some limitations which are discussed next.

5.2 Limitations

Despite of the good results, our model has limitations: It was only trained on
English language, hence text written in other languages can not be evaluated
reliably. Also the model can only show whether language appears to be machine-
generated but we can not determine the impact of such a case: We can not figure
out wether a text has been generated from the ground up or if an existing human
text was ‘only’ translated or paraphrased. Obviously the system can not assess
on the factual correctness of a text.

Due to the focus on technical writing in the computer science area, our model
might be less suited for other domains [49]. Also finding a suitable ground truth
for the Gauss test is difficult. In our case values obtained from arXiv papers
published between 2010 and 2014 were used, but different corpora might lead
to other values. Furthermore the assumption of normal distribution regarding
GenAl sentence proportions can only be true in the range of 0 to 1, as not more
than 100% or less than 0% of a document can be flagged. Moreover future LLMs
released after dataset creation might be able to construct language that is even
more human-like and less separable which further complicates reliable detection.
Also we expect that identifying texts generated by LLMs with modified inference
parameters, such as temperature- or fine-tuned models [47], is more difficult.

These limitations must be considered when evaluating a text. The following
section focuses on that.

5.3 Ethical Considerations

As outlined above, our model has limitations. When assessing a student’s text,
an ethical handling with the model’s prediction is crucial. First of all, it must
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be acknowledged that false positives occur and can never be fully ruled out, e.g.
due to dataset or model biases. Also GenAl texts can be found everywhere, so it
could be possible some students tend to have a similar writing style. Moreover
it is has to be assumed that some students use LLM to improve their writing
even though the actual content is own work. Hence a classification result must
always be evaluated carefully and cautiously.

If GenAl usage is suspected, additional measures are recommended. This
can be checking for confabulated references and rigorous oral examination. Here
having a closer look at flagged sentences can support the examiner.

6 Conclusion and Future Work

Our contribution shows that human text can be well separated from machine-
generate one, confirming the results of [35,58]. We developed a classification
pipeline involving several classifiers and gradient boosting. This significantly
reduces false positives, which must especially be prevented in academic settings.

Our system provides two tests: A consecutive sentences test which searches
for at least three sentences classified as GenAl in a row. It allows setting a custom
cutoff to reduce false positives. We found a cutoff of 0.95 reasonable, leading to
a false positive rate of only about 0.38%. The Gauss test assesses how much
the proportion of flagged sentences differs from an estimate drawn from 15,000
arXiv papers published in the CS section between 2010 and 2014. Its normal
distribution properties help to virtually eliminate false positives.

To validate this system, we conducted a study that evaluated 250 arXiv
submissions/month uploaded to its CS section between 2015 and 2025 (n =
30,000). This study reports strong indications of rising GenAl usage. These
results suggest that an increasing amount of scientific texts are influenced by
GenAl and that our approach works reliably on real-world documents.

We used our tool as aid to evaluate student submissions. Those predicted
as GenAl influenced were carefully checked manually. In their oral defenses, the
students were asked detailed technical questions regarding flagged paragraphs.
When confronting students who could not rule out our impression of GenAl
usage, they admitted its use except one group whose cited references were mostly
confabulated.

While this suggests the tool is helpful, areas for future work remain. These
include further lowering the false positive rate and exploring other ensemble
methods. Also incorporating newer and more diverse datasets would be beneficial
for a higher detection quality. Investigating into methods to identify other GenAl
content, such as code, also appears to be interesting.

In summary we show that the detection of machine-generated text is well
possible with our system while maintaining a low false positive rate. Its source
code and further information is available on GitHub (See Footnote 2).
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Generative AI and Citations Statement

This paper and its described program (See Footnote 2) were created without
GenAl. Obviously the GenAl-labeled datasets used to train the classification
model had to be created using GenAl. Since this study evaluates GenAl usage in
scientific papers, we used a checklist to identify trustworthy references. Papers
published before 2023 were considered reliable as highly capable GenAl tools
were not publicly available back then. Newer papers published in peer-reviewed
conference proceedings or journals were also considered trustworthy. The remain-
ing papers were considered trustworthy once one of these rules applied in this
order:

1. If their preprint was updated after publication in a journal [38] else if

2. An open-weight LLM is technically described [18,32,34,54] else if

3. We or others could reproduce a paper’s main conclusions in same or similar
settings [2,3,9,20,35] else if

4. The paper describes a dataset we use that was of sufficient quality, suggesting
the original paper’s conclusions are plausible as well [41] else if

5. Our tools classifies the paper as human [49].
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Abstract. Vision classifiers can exploit spurious correlations, achieving
high in-distribution accuracy yet failing under distribution shift. Exist-
ing approaches to bias mitigation and analysis often depend on curated
datasets, spurious-attribute or group labels, or retraining, which may be
infeasible once a model is deployed or the relevant bias is unknown. We
present a bias-label-free, post-hoc method for identifying spurious con-
cepts in frozen vision models, relying only on standard class labels from
a held-out audit dataset. For each target class, we collect patches from
inputs predicted as that class and apply non-negative matrix factoriza-
tion to intermediate activations to obtain a bank of interpretable con-
cept vectors. Candidate concepts are then ranked with a bias estimator
derived from their interaction with backpropagated gradients on misclas-
sified examples: bias concepts tend to get activated when correcting false
negatives and suppressed when correcting false positives. On Colored
MNIST and Waterbirds the method recovers concepts aligned with the
known spurious cue, and on CelebA it surfaces decision-relevant direc-
tions that only partially coincide with the annotated gender attribute;
suppressing the top-ranked concepts at inference time improves worst-
group accuracy by up to 17.9 percentage points on Waterbirds and 10.4
on CelebA without any retraining or parameter updates. Our method
identifies decision-relevant spurious directions that need not coincide
with annotated ones, providing both an interpretable auditing tool and
an actionable debiasing handle for frozen vision models. Code is available
at https://github.com/vitryt/label-free-bias-identification.

Keywords: Bias identification - Bias mitigation + Concept-based XAI

1 Introduction

Modern vision models can achieve high in-distribution accuracy while relying on
spurious correlations: attributes that predict the label in the training data but
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are not causally related to the task. This shortcut learning behavior [12] can
lead to brittle generalization and systematic failures when the correlation shifts
at deployment. For example, in fine-grained recognition the model may over-
rely on context: on Waterbirds [39], background type is spuriously correlated
with the bird label during training. Such shortcuts may remain hidden when the
available held-out set (e.g., the validation set) shares the same correlation, yet
cause systematic errors when the correlation breaks at deployment.

To counter shortcut learning, methods often mitigate spurious correlations
during data collection or training [29]. When the relevant bias concept is known,
it can be targeted for mitigation via retraining [5,9,10,22] or post-hoc inter-
ventions on inputs or representations [2]. These pipelines typically assume that
the spurious attribute has already been identified and therefore do not solve
the discovery problem. In practice, however, we only have access to a deployed
frozen model and a held-out set, but not to the original training pipeline, and
rarely to bias or group annotations. In this setting, analyzing a deployed model
is difficult because the spurious attribute is often unknown, and collecting new
annotations can be costly. This motivates methods that can propose plausible
spurious attributes post-hoc, while returning a concept vector in the latent space
that is directly compatible with downstream interventions.

We study whether unsupervised, representation-level concept discovery can
detect spurious attributes in frozen vision models when bias annotations
are unavailable. Our approach decomposes intermediate activations into non-
negative concept vectors and uses a held-out set (without group or bias labels)
to probe the model via gradients (Sect.3). We first test whether the spurious
attribute learned by a biased model reliably appears as a distinct concept direc-
tion in this basis (Sect.4.1). Building on this, we propose a bias identification
criterion based on how concept activations change under a gradient descent
step: bias concepts tend to be activated when correcting false negatives and sup-
pressed when correcting false positives, while concepts encoding intrinsic class
evidence change much less asymmetrically. We validate the scoring criterion
against ground-truth bias (Secs. 4.2 and 4.3) and then test whether the identi-
fied concepts are actionable, by suppressing them at inference time without any
parameter updates (Sect. 4.4). We evaluate these on Colored MNIST, Waterbirds
and CelebA, three standard benchmarks for spurious correlation learning, and
find that concept suppression substantially improves worst-group accuracy on
Waterbirds and CelebA. The resulting approach provides both an interpretable
auditing tool and a concrete debiasing handle for frozen vision models when bias
annotations and retraining are unavailable.

2 Preliminaries

We consider a multi-class classification task with inputs z € X C R? and labels
y €Y =1{1,...,C}, and a hypothetical ideal classifier f* : X — ). Follow-
ing [29], an attribute is a function b : X — {0,1}; it is intrinsic to class y if it
defines membership (e.g., digit shape), and a bias attribute for y if it is spuriously
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Fig. 1. Diagram of the bias identification method. (a) We collect false negatives and
false positives from a held-out set (the bias-audit set) and pass them through the model.
Here, studying class y=0 (landbird), the sample is a false positive: a waterbird misclas-
sified as a landbird. (b) Using non-negative concept decomposition trained beforehand
on the bias-audit set, we decompose activations of the sample into its concept coeffi-
cients. (c) Using the ground-truth label from the bias-audit set, we backpropagate the
gradient to the activations. (d) We decompose the updated activations (after the gra-
dient step) using the same concept bank. (e) We compare which concepts are activated
before and after the gradient step. Concepts that are removed (for false positives) or
added (for false negatives) by the gradient step are candidate bias concepts. (f) The
identified bias concepts come with their encoding in the activation space and their most
activating patches, enabling interpretation. Note that bias concepts are identified by
aggregating over multiple samples, not from a single example.

correlated with y without being intrinsic. We are given a frozen classifier f with
class scores f(z) = (f.(z))%; and a held-out bias-audit set D = {(z;, i)},
with y; = f*(x;) but no attribute or group annotations. D need not be from
the training set and may be unbiased or distribution-shifted; it may come from
a validation split, relabeled deployment data, or targeted stress tests. Our goal
is to detect, for each class y, concept directions in the representation space that
plausibly encode bias attributes used by the model and that are empirically

implicated in its decisions.

Non-negative Concept Decomposition. Following CRAFT [11], we write f = hog
where g : X — A maps an input to an intermediate representation a = g(x) €
A CRP and h : A — RY maps the representation to class scores. We choose
a representation layer after a ReLU so that a € RY,, enabling non-negative
matrix factorization (NMF). For each class y, let §(z) = argmax.cy f.(z) be
the predicted label and collect inputs predicted as y:

Xy =A{zi:g(w:) =y}

A patch dataset is then created by applying a crop-and-resize operator 7, (patch
size s) to these images, yielding patches P, = {ms(x) : z € X,}. Let A, =
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g(Py) € R;%Xp be the resulting activations. We compute a class-conditional
concept bank

.1 T2
(Uy,Wy) = argmin - ||4, — u,w, ||F, (1)
Uy>0, Wy >0
via NMF, where W, ¢ R?f contains r concept vectors wy1,..., Wy, and

U, € RZ" the corresponding non-negative concept coefficients. As in [11],
this typically yields semantically meaningful, relatively disentangled concepts;
the decomposition is approximate and its residual is captured by Eq. (1). In
practice, we solve this NMF objective by alternating between two non-negative
least-squares (NNLS) subproblems, fixing W,, while optimizing U,, and vice versa.
This monotonically decreases the objective and converges to a stationary point
under standard assumptions.

Given Wy, we obtain concept coefficients for any representation vector a € R?
(in particular, a = g(z) € RZ,) by solving an NNLS problem,

uy(a) :argminHa—uWyTHz, (2)
u>0
and write u, r(a) for its k-th component.

3 Gradient-Based Bias Identification

We hypothesize that spurious attributes learned by a biased model appear as
distinct concept directions in the non-negative concept decomposition, and that
a gradient-based criterion can identify them among the extracted concepts.

Our intuition is as follows. A partially biased model uses both intrinsic and
spurious attributes. Intrinsic concepts for class y should be active on true pos-
itives, while bias concepts need not be. On a false negative of class y, missing
evidence is therefore more likely due to missing spurious support than missing
intrinsic evidence; on a false positive, intrinsic evidence is typically absent and
the error is more likely driven by a spurious attribute. Since NMF enforces non-
negativity, evidence can only be added via positive concept activations. Because
activity alone is noisy, we use gradient information to isolate the concepts the
model itself would add or remove to correct its prediction: by propagating the
loss gradient to activations (instead of updating weights), we measure which
concepts change under one probe step. A bias concept should be systematically
absent then added for false negatives, and present then removed for false posi-
tives.

To identify bias concepts without access to b(x), we therefore measure how
concept coefficients change under a single gradient probe step that improves the
model’s prediction on a given example. For a labeled example (z;,y;) with rep-
resentation a = g(x;), let L(h(a),y;) be the cross-entropy loss and compute the
gradient w.r.t. the representation, V,L(h(a),y;). We define a perturbed repre-
sentation

a'=a—dV,L(h(a),y;), (3)
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red concept

H H

Fig. 2. Intuition of the gradient-concept interaction on class y (= 1). The vertical axis
is the bias concept red and the horizontal axis is the relevant concept shape 1. The
blue line is the model’s decision boundary. For false negatives, i.e., image (cyan, 1),
the gradient step increases bias attribute; for false positives, i.e., image (red, 4), the
same probe removes the bias attribute. Intrinsic attribute, i.e., shape 1, is expected to
show a weaker asymmetric pattern.

with gradient step size d > 0. After making a’ non-negative, we compute w, r(a’)
via the same non-negative least squares problem. We treat a concept as active
if its coefficient is positive and write

Iy k(@) = Luy k(a) > 0],

where 1[] is the indicator function.
For a class y, we define false negatives and false positives with respect to y:

FN, = (@i, vi) | vi =y, 9(wi) # y}, FP, = @i yi) | 9(zi) = v, yi # y}-

More explicitly, we define the false-negative and false-positive estimators for
concept k as:

& Iy w(ai) = Iy k(ai) & Iy n(ai) = Iy r(a;)
ERN = Z - 5 Efp = Z - -

[FN, | ’ [FPy| ’

(z4,y:)EFNy, (z,y:)€FPy,

where a; = g(x;) and a} is obtained from Eq. (3). The two terms measure how
consistently concept k is added on false negatives and remowved on false positives
under the gradient step.

As illustrated in Fig. 2, we hypothesize that (i) bias concepts are more likely
to increase under the gradient probe update in Eq. (3) on FN,, (i.e., the model
prefers the spurious cue to predict y) and decrease on FP,, (i.e., reducing features
that spuriously support y), and (ii) that this asymmetric behavior does not hold
strongly for intrinsic concepts, i.e., false negatives possess intrinsic attributes of
class y (otherwise they would not have ground-truth label y), and false positives
lack them. More precisely, for false negatives we expect the probability of a bias
concept k being activated to increase after the gradient step:

P(Iyk(a") =1) = P(I,k(a) =1) >0,



Bias Identification via Gradient Probes on Concept Decompositions 171

whereas for false positives we expect the opposite. To rank concepts, we define
the bias score of concept k for class y as

1
Sua =5 (B + ). (4)

For each example in FN, U FP,, scoring requires one backward pass to
compute V,L and two non-negative least squares solves to obtain w,(a) and
uy(a’). The non-negative concept decomposition is computed once per class.
Figure 1 gives a visual overview of the pipeline; a full algorithmic summary, from
class-conditional concept extraction to bias scoring and ranking, is provided in
Appendix A, Algorithm, of the extended version [41].!

4 Experiments

We evaluate our method on standard benchmarks for spurious correlation learn-
ing and the hypotheses from Sect. 3.

Datasets. We use three standard spurious-correlation benchmarks with a 0.95
train-time correlation. CMINIST is a colored variant of MNIST where color acts
as the spurious attribute (implementation adapted from [5]); we also construct
an unbiased variant and a shifted-bias variant as distribution-shifted audit
sets. Waterbirds [39] classifies waterbirds vs. landbirds [42] with water/land
background [47] as the spurious attribute. CelebA [31] is a blond-hair vs. not-
blond binary task with gender as the spurious attribute [43]; it is particularly
challenging due to a severe class imbalance in the test split (only 180 blond
men vs. 9767 not-blond women), making overall accuracy an unreliable metric.
Split construction follows standard practice; construction details are provided in
Appendix B, Dataset Construction Details, of the extended version [41].

Audit Bias. In all experiments, we vary the bias structure of the bias-audit set
D, a categorical we refer to as the audit bias throughout. We consider three val-
ues: biased (same spurious correlation as the training distribution), unbiased
(correlation broken), and shifted bias (a different spurious assignment than
training). CMNIST evaluates all three; Waterbirds and CelebA are only available
in biased form, so we restrict them to biased. For all audit variants, the under-
lying images are taken from the held-out validation split of the corresponding
dataset.

! Owing to the strict page limit in the published proceedings, the appendices could not
be included in this camera-ready paper. The full algorithm listing, dataset construc-
tion details, CMNIST results, baseline comparison, patch galleries, and extended
related-work discussion are available in the extended version [41].
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Fig. 3. Waterbirds concept bias analysis.

Models and Training. For CMNIST, we use a three-layer MLP with ReLU
activations, trained for 100 epochs with stochastic gradient descent (SGD) and
batch size 128. For the gradient descent, we pick a learning rate of 0.01 halved
every 25 epochs. Waterbirds experiments are run on a ResNet-18 with pretrained
weights [17]. The model is trained with SGD (learning rate 10~! divided by 10
every 30 epochs) for 100 epochs with batch size 1024. Finally, we use a ResNet-50
with pretrained weights [17] trained again with SGD (learning rate 10~%) for 20
epochs with batch size 512 for CelebA. For non-negative concept decomposition,
we extract activations from the final ReLU layer before the classifier head to
ensure non-negativity. Experiments are repeated 10 times with different random
seeds; we report means and standard errors.

4.1 Concept—Bias Alignment

We first investigate whether the spurious attributes learned by the model appear
as distinct concept directions in the non-negative concept decomposition. We
hypothesize that if the model relies on a spurious attribute to predict class v,
then at least one concept in W, aligns with that attribute. To test this, we
use datasets with known ground-truth spurious attributes. On CMNIST, we
measure cosine similarity between each concept vector and an estimated color-
bias direction following [10], treating concepts with similarity > 0.55 as bias-
aligned. On Waterbirds, we compute the average fraction of background pixels
in each concept’s most activating patches using foreground masks; concepts with
> 85% background pixels are considered bias-aligned. We sweep the patch size
s and number of concepts r.
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Results. On Waterbirds (Fig. 3a), we reliably find a background-dominated
concept with very low variance (below 2% standard error), confirming that a
bias-aligned concept is consistently recovered. The best results are obtained
with patch size around 50 and r>10: patches at this scale capture enough back-
ground structure to form a coherent concept while remaining small relative to
the full image, and sufficiently many concepts are needed for a dedicated bias
direction to emerge. Additional CMNIST experiments in Appendix C, CMNIST
Results, of the extended version [41] confirm these findings across multiple audit-
set distributions and show that unbiased models do not produce spurious concept
directions. These experiments confirm that non-negative concept decomposition
reliably captures the bias attribute in biased models. Balancing interpretabil-
ity and decomposition quality, we set (r = 8, s = 6) for CMNIST and (r = 10,
s = 50) for Waterbirds and CelebA, and set the gradient step size to d = 2 x 10%;
Appendix C, CMNIST Results, of the extended version reports the sensitivity
analysis [41].

4.2 Bias Score Validation

Having confirmed that bias directions emerge in the NMF basis, we now test
whether our scoring criterion ranks them automatically. We apply the gradient-
concept interaction score from Eq. (4) to rank concepts as candidate bias direc-
tions on misclassified and distribution-shifted examples, and evaluate if the high-
ranked concepts correspond to the ground-truth bias concepts from Sect.4.1.
Figure 4 first illustrates this interaction directly on Waterbirds: for a bird-focused
relevant concept and a sea-focused bias concept, the gradient probe step consis-
tently increases the bias-concept activation on false negatives and decreases it
on false positives, empirically confirming the intuition of Fig. 2 on real data.

Figure 3b further demonstrates that the relation between bias score and bias
alignment is strong: concepts with bias scores above 0.55 are reliably background-
dominated (mean alignment above 0.8), supporting the use of this threshold
for bias identification. On CMNIST, the same pattern holds for biased models,
while unbiased models show no strong correlation and no concept exceeds a bias
score of 0.7, as reported in Appendix C, CMNIST Results, of the extended ver-
sion [41]. Across both datasets, concepts with bias scores above 0.55 are consis-
tently aligned with the ground-truth bias. We therefore use a bias score threshold
of 7 = 0.55 for the remainder of this study; this threshold can be increased to
reduce the false-positive rate at the cost of sensitivity.

4.3 Correlation with Ground-Truth Bias

To quantitatively validate that the identified concepts correspond to the ground-
truth bias, we measure the correlation between concept activations and ground-
truth bias labels on the test sets. For each concept in the merged concept bank
and each bias attribute, we compute the absolute Matthews Correlation Coeffi-
cient (MCC) between the binarized concept activation I, ; and the binary bias
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Fig. 4. Empirical validation of the gradient-concept interaction on a ResNet-18 trained
on Waterbirds, to be compared with Fig. 2. Each panel scatters concept activations for
the waterbird class, with the relevant concept (concept 0, bird features; green frame)
on the horizontal axis and the bias-aligned concept (concept 1, sea backgrounds; orange
frame) on the vertical axis. Blue crosses: base activations u,(a); red crosses: activations
uy(a') after one gradient probe step (Eq. (3)); grey segments connect the two. (a) On
false negatives, the bias concept is systematically added. (b) On false positives, it
is systematically suppressed. The relevant concept shows a markedly weaker and less
asymmetric change.

label.? The absolute MCC values of identified bias concepts with their corre-
sponding bias attribute are then compared against those of all other concept—bias
pairs. We report the proportion of statistically significant pairs under a y? inde-
pendence test and conduct a one-sided Mann-Whitney U-test to assess whether
identified bias concepts exhibit significantly higher correlation than other pairs.
Results are reported in Table 1.

On Waterbirds, activations of identified bias concepts are highly correlated
with the background attribute (fiias 977, p < 0.001), consistently exceed-
ing other concept—bias pairs. On CelebA, identified concepts (fpias = .969) are
statistically associated with bias but MCC values remain low, and no concept
exceeds an MCC of 0.4. The Mann—Whitney test still shows a significant advan-
tage over other concepts (p = 0.010), indicating that the identified concepts
are relatively more bias-aligned than the remaining ones. The low absolute val-
ues suggest that the single-scale NMF decomposition struggles to capture a
high-level attribute such as gender, possibly compounded by the severe class
imbalance (blond:not blond ~ 1:6.5). CMNIST results in Appendix C, CMNIST
Results, of the extended version [41] confirm strong correlation for biased models
and no correlation for unbiased models.

2 We use the absolute value because the sign of a concept direction under NMF is
determined by the factorization and is not semantically meaningful: a concept that
anti-correlates with the binary bias label encodes the same bias information as one
that correlates with it.
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Table 1. Correlation between identified bias concepts and ground-truth bias labels.
#bias: number of identified bias concepts; fbias / fother: Proportion of statistically
significant pairs ()(2 test) for bias concepts vs. other concept—bias pairs; Prias / Pothor:
mean absolute MCC of significant pairs; p: one-sided Mann—Whitney U-test. CMNIST
results are reported in Appendix C, CMNIST Results, of the extended version [41].

Train dataset/Audit bias|#bias |fuias | fother Pbias Pother D
Waterbirds |biased 4.3+0.6/0.97710.790/0.389+0.175/0.154 +0.123/0.001
CelebA biased 3.2+0.9/0.969/0.76810.163+0.076/0.124+0.083/0.010

4.4 Inference-Time Bias Mitigation

To test whether identified bias directions are actionable, we apply a simple
inference-time concept suppression inspired by projection-based methods such as
P-ClArC [2]. Adapting such projection-style interventions to NMF-based concept
banks raises two practical considerations. First, our bias-identification stage pro-
duces class-conditional concept banks, meaning each decomposition is tailored
to one class and is therefore not directly suitable for full downstream prediction.
We address this by merging class-wise concept banks into a model-wide bank
Winerged and clustering highly similar concepts (cosine similarity above 0.95).
Second, projection-based mitigation requires a neutral value to which the sup-
pressed concept is set. Since NMF matrices are naturally sparse, we use 0 as a
neutral value for each concept, avoiding the need to estimate concept-specific
baselines from additional data. For a test input z, we compute its representation
a = g(z) and concept coefficients Umerged (a), and remove the components along
bias concepts B before rescaling the result to the original activation norm and
performing the classification:

afl2 ~
Qsup = G— Z Umerged (a)k Wmerged,k » Arsc = Asup ||C|l|2 f(l’) = h(arsc)a
sup

keB

where ag,p, is the bias-suppressed representation and ayg is its rescaling to the
original activation norm ||al|2, which compensates for the magnitude lost during
suppression. Based on the previous experiments, concepts with bias scores above
0.55 can reliably be treated as bias-aligned. Accordingly, we define B = Uy{k :
Syx > T} with 7 = 0.55. We test this approach on all three datasets. For
CMNIST and Waterbirds, we choose hyperparameters based on the previous
studies; for CelebA, we reuse the Waterbirds settings because it uses a similar
architecture, allowing us to test whether the hyperparameters transfer across
datasets. To ensure that effects are linked to our identification, we also run an
ablation that randomly suppresses the same number of concepts in the merged
bank for each model. These experiments are reported as ablation in the results.

Results. Table2 reports overall, worst-class, and worst-group accuracy. On
Waterbirds, suppression improves overall accuracy by +4.3, worst-class accu-
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Table 2. Effect of suppressing the identified bias concepts at inference time. Symbol “—
” under Audit bias denotes the base frozen model without mitigation. CMNIST results
are reported in Appendix C, CMNIST Results, of the extended version [41].

Train dataset/Audit bias/Accuracy|Worst-class acc Worst-group acc
Waterbirds |- 82.1+0.3 169.1+0.8 45.9+1.5
biased 86.4+1.7 7T7.6+2.5 63.8+4.0
ablation |84.8+1.4 /66.8+5.2 43.7+48.5
CelebA — 95.3+0.1 181.3+1.3 43.4+42.5
biased 94.9+0.2 186.4+1.4 53.8+4.1
ablation 194.14+1.2 179.3+11.8 45.4+17.9

racy by +8.5, and worst-group accuracy by +17.9, clearly outperforming ran-
dom ablation despite class imbalance. On CelebA, worst-class and worst-group
accuracy improve by +5.1 and +10.4 with only a small drop in overall accuracy
and no dataset-specific tuning (Waterbirds settings were reused); the random-
suppression ablation (45.4+17.9 worst-group) is consistent with the effect being
concept-specific rather than a pure capacity reduction. Despite the weak correla-
tion with the annotated gender attribute (Sect.4.3), suppression improves fair-
ness metrics—the qualitative analysis in Sect. 4.5 suggests the identified direc-
tions capture decision-relevant spurious information that only partially coin-
cides with gender. On CMNIST, suppression yields mixed results, as reported in
Appendix C, CMNIST Results, of the extended version [41]. Appendix D, Com-
parison with Supervised Baselines, of the extended version provides a detailed
comparison with supervised baselines (JTT, Group DRO, DFR) [41].

4.5 Bias Concept Interpretation

Each identified concept comes with its most-activating audit-set patches, which
can be inspected qualitatively. To reduce reliance on bias-prone manual inspec-
tion, for each bias concept we generate the 10 labels most associated with its
top-100 patches (weighted by rank) using NOVIC [1], an open-vocabulary image
classifier; we treat the labels as a qualitative summary rather than ground truth.
Representative patch galleries are shown in Fig. 5; per-dataset extended galleries
and discussion are provided in Appendix E, Bias Concept Interpretation, of the
extended version [41].

On Waterbirds (Fig.5a), the top labels align cleanly with the ground-truth
bias: plant-related terms (bamboo, phyllostachys, rain tree) for landbird
and marine terms (wave, blue whale, sea) for waterbird. On CelebA (Fig. 5b),
the top labels cluster around hair (hair, human hair, hair space, ...); qual-
itative inspection of the patches suggests the direction captures hair shape and
length rather than color. This is consistent with the low MCC against the anno-
tated gender attribute (Sect. 4.3): gender on CelebA is a spatially distributed cue
that a patch-based decomposition cannot encode as a single direction, but local-
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ized proxies such as hair length, eyeshadow, or lips carry partial gender informa-
tion, which explains why suppressing these concepts still improves worst-group
performance (Sect.4.4).

MEEESENS /aram remr

(a) Waterbirds, bias for landbird: bamboo, (b) CelebA, bias for blond: human hair,
phyllostachys, common bamboo, lesser hair, body hair, hair space, hair wig.
bullrush, damselfly.

Fig. 5. Top-activating patches of representative bias concepts identified by our method,
with top-5 generated labels from NOVIC [1]. (a) Landbird bias concept (vegetation
background). (b) Blond-hair bias concept (hair shape/length). Extended galleries for
all concepts are provided in Appendix E, Bias Concept Interpretation, of the extended
version [41].

5 Related Work

Shortcut learning is a pervasive failure mode where models rely on spurious cor-
relations that break under distribution shift [12,44]. Bias-aware mitigation.
When the spurious attribute is known, methods reduce reliance via regulariza-
tion [5], adversarial training [22], representation erasure [6], concept-supervised
probing [9,21], or directional interventions [2,10]; post-training approaches
include saliency-masked fine-tuning [4] and subspace projection [20]. Bias
discovery without bias labels. Related work upweights high-loss exam-
ples [30,33] or discovers latent failure slices via environment inference and
pseudo-labeling [16,34,38,45,46], though these generally do not yield a class-
conditional direction that can be ranked and targeted [14,26,40]. Unsupervised
concept discovery extracts interpretable directions from activations [11,15,28]
and has been applied to robustness [3], concept ranking [25], and post-hoc
bias proposal via explanation maps or vision-language models [8,23,35], though
often without providing a concrete direction for intervention [7,36,37]. Post-
hoc mitigation with frozen models. Existing approaches reduce spurious
reliance through last-layer retraining on a reweighted split [24], sub-network
extraction [27], activation erasure [18], data pruning [32], or inference-time debi-
asing [13,19], but still require optimization, group labels, or model edits. In con-
trast, we identify class-conditional spurious concept directions in a frozen model
without bias labels, providing interpretable handles for downstream intervention
without updating parameters. An extended discussion is provided in Appendix F,
Eztended Related Work, of the extended version [41].
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6 Conclusion

We presented a label-free, post-hoc method for identifying and mitigating spu-
rious concepts in frozen vision classifiers that requires only standard class labels
from a held-out audit set. Non-negative concept decomposition reliably recovers
spurious attribute directions across hyperparameters on CMNIST and Water-
birds, and our gradient—concept interaction score ranks these directions without
any bias annotations. Suppressing the top-ranked concepts at inference time
improves worst-group accuracy by up to 17.9 percentage points on Waterbirds
and 10.4 on CelebA, with no retraining or parameter updates. On CelebA, the
identified concepts improve fairness metrics despite correlating only weakly with
the annotated gender attribute, indicating that the method captures decision-
relevant spurious information that extends beyond pre-defined bias categories.
Together, these results demonstrate that unsupervised concept discovery com-
bined with gradient probing can serve both as an interpretable auditing tool and
as a practical debiasing handle for deployed models.

Limitations and Future Work. Our approach assumes access to a post-hoc bias-
audit set and is most informative when enough misclassified examples are avail-
able; in low-error regimes, targeted stress tests or distribution shifts may be
needed to surface failures. The single-scale patch decomposition limits the ability
to capture bias attributes that are spatially distributed (as observed on CelebA);
multi-scale decompositions [15] may address this. Bias information may also be
entangled across multiple concept directions, leading to collateral suppression of
task-relevant features; recursive or hierarchical decompositions could help disen-
tangle these and are a promising direction for future work.

Acknowledgments. Jae Hee Lee and Stefan Wermter were supported by the German
Research Foundation (DFG), project number 551629603.
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Abstract. Conditional belief bases with ranking-function semantics
provide a powerful framework for non-monotonic reasoning and belief
revision. c-Representations and c-revisions based on conditional preserva-
tion satisfy strong rationality requirements, but generally admit multiple
admissible models or revision operators. In this paper, we introduce core
c-revisions, a subclass of c-revisions obtained by simplifying the under-
lying constraint systems. We show that core c-revisions inherit the desir-
able properties of general c-revisions, including compliance with the DP-
postulates, while being stratified and computable via revision-aware tol-
erance partitions. This yields the existence of a minimal core c-revision,
which allows us to define the first fully specified strategic c-revision oper-
ator selecting minimal revision outcomes.

Keywords: non-monotonic reasoning - conditionals - belief revision

1 Introduction

Reasoning with defeasible information is a central challenge in knowledge repre-
sentation and reasoning and Al in general. Conditional statements of the form
“if A, then usually B” offer a natural and expressive means to encode typicality
knowledge, rules with exceptions, and causal regularities. Belief bases consisting
of finite sets of such conditionals have therefore become an established formalism
for modeling non-monotonic knowledge and belief change. A particularly influ-
ential semantic approach to conditionals is based on ranking functions, originally
introduced by Spohn [17]. Ranking functions assign degrees of (im)plausibility to
possible worlds and allow one to interpret conditionals in terms of comparative
plausibility. Within this framework, c-representations provide a principled class
of ranking functions that respect the principle of conditional preservation [10],
ensuring that belief change minimally disturbs the agent’s prior epistemic state.
c-Representations have been shown to support a wide range of reasoning tasks,
including non-monotonic inference and iterated belief revision [10,14,15].
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Belief revision in this setting is captured by c-revisions, which generalize
c-representations to the revision of a prior ranking function by a new condi-
tional belief base. Conceptually, c-revisions of ranking functions can be under-
stood as a (semi-)qualitative analogue of revising probability distributions by
probabilistic conditional information (“if A holds, then B follows with prob-
ability p”) based on the principle of minimal cross-entropy [11]. They satisfy
the postulates for iterated belief revision proposed by Darwiche and Pearl [5]
and thus constitute a well-behaved and expressive revision framework. However,
both c-representations and c-revisions suffer from a common limitation: in gen-
eral, they form families of admissible ranking functions or revision operators,
characterized by constraint satisfaction problems with multiple pareto-minimal
solutions. As a consequence, they do not directly yield a unique epistemic state
or revision outcome, which is often required in concrete applications. Recently,
core c-representations have been introduced as a remedy for this problem in
the static case of belief base modeling [18]. By simplifying the underlying con-
straint system, core c-representations retain the essential semantic properties of
c-representations while guaranteeing the existence of a minimal model. More-
over, they admit a stratified computation based on tolerance partitions, closely
related to System Z [16], significantly improving conceptual clarity and compu-
tational manageability.

In this paper, we lift these ideas to revision by introducing core c-revisions
as a subclass of c-revisions that are obtained by an analogous simplification of
the revision constraints. We show that core c-revisions form a proper subclass
of c-revisions and inherit all their favorable properties. More importantly, we
establish that core c-revisions are stratified and can be computed iteratively
using revision-aware tolerance partitions. This stratification enables us to prove
the existence of a minimal core c-revision for every revision task involving a finite
ranking function and a consistent belief base. Based on this result, we define a
strategic minimal core c-revision operator which deterministically selects the
minimal core c-revision for each input. To the best of our knowledge, this is the
first fully specified strategic c-revision operator proposed in the literature.

The rest of the paper is organized as follows. We recall preliminaries
(Sect. 2) and core c-representations (Sect. 3), and introduce the concept of core
c-revisions (Sect.4). Afterwards, we analyze the computation of core c-revisions
based on revision-aware tolerance partitions (Sect.5) and introduce minimal
core c-revision (Sect. 6). Eventually, we discuss constraint reductions and related
work (Sect. 7), and conclude with an outlook (Sect.8).

2 Preliminaries

Let £ be the propositional language that is defined over a finite signature X by
using the common connectives =, A, and V. Elements in Y are called atoms;
atoms and their negations are called literals. For propositions A, B € L, we
abbreviate A with A and A A B with AB, and we denote arbitrary tautologies
AV Aby T. The semantics of £ is as usual, with |= denoting classical entailment.
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A conditional (B|A) with A, B € L is a formal representation of the defeasi-
ble statement “if A, then usually B,” where the meaning of ‘usually’ has to be
clarified. Finite sets of conditionals serve as belief bases. A common way of defin-
ing the semantics of conditionals is via ranking functions over possible worlds. In
this paper, a possible world w is simply a propositional interpretation represented
as a complete conjunction of those literals which are true in the interpretation.
The set of all possible worlds is denoted by (2.

A ranking function k: £2 — NoU{oo} maps possible worlds to (im)plausibility
ranks while satisfying the normalization condition x£~1(0) # @ [17]. The most
plausible possible worlds are those with rank x(w) = 0. We call a ranking func-
tion x finite if K(w) < oo for all w € 2. A ranking function ~ is extended
to propositions A € £ via k(A) = mingen: o4 k(w), where the convention
min () = oo applies. Further, & accepts a conditional (B|A) if kK(AB) < k(AB),
i.e., if in the presence of A the conclusion B is more plausible than its negation.
A ranking function k models a belief base A if it accepts all conditionals in A.
A belief base with at least one model is called consistent.

For convenience, we enumerate the conditionals in belief bases and associate
A={01,...,0,} with §; = (B;|A;) for i = 1,...,n. Further, we denote the sets
of possible worlds which verify/falsify a conditional § = (B|A) with

v(0) ={w € 2| w |E AB}, f(0) ={we N |wkE AB},
and the sets of conditionals from A which are verified/falsified in w € 2 with
valw)={d € A|wev(d)}, fa(w)={0eA|lwef(A)}.

These notations are related to the conditional structures of possible worlds [10]
and will simplify expressions in the context of c-representations and c-revisions.

c-Representations constitute a class of ranking functions that show outstand-
ing properties w.r.t. various reasoning tasks such as drawing inferences and revis-
ing beliefs, because they follow the principle of conditional preservation [10]. The
rationale behind this principle is that revising by new information should mini-
mally disturb an agent’s epistemic state (= ranking function). A ranking function
is a c-representation of a belief base A if it models A and is of the form

HZ((")) = ZdinA(w) M, WwWE 12, (1)

where n = (n1,...,n,) € N} is a so-called impact vector that penalizes pos-
sible worlds for falsifying conditionals from A. Note that c-representations are
defined in a more general fashion in [10], but (1) is a very common derivation.
In particular, a belief base is consistent if and only if it has a c-representation of
the form (1). It is well-known (cf., e.g., [2]) that the impact vectors that lead to
c-representations are exactly the non-negative integer solutions of the constraint
satisfaction problem CSP(A) = {Cy,...,C,} given by

Ci: ni > minwev(éi) 827 (UJ) - minwef(ﬁi) S:I (UJ), (2)
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where S (w) = > 5;€fa(w)\[5:} i~ The constraint C; is the acceptance condition

k' (A;B;) < K\ (A; B;) solved for n;. A conditional (B|A) can be inferred from a
c-representation &'y, written '} ;v (B|A), if K\ (AB) < k", (AB) or "\ (A) = o0,
which constitutes a non-monotonic inference relation.

Belief revision integrates new beliefs into belief bases or epistemic states. A
c-revision Kk " A of a ranking function k by a belief base A is defined by

(" A)w) =m0+ @)+ D M W E D, (3)

where n = (n1,...,m,) € N has to solve the constraint satisfaction problem
CSP(k, A) = {Cy,...,Ck} given by

Ci: mi > mingey(s,) (k(w) + 87 (w)) — mingeg(s,) (K(w) + S (w)), (4)

and 7o is a normalization constant ensuring ming,ec o (k *" A)(w) = 0. A minimal
c-revision Kk *min A is a c-revision using a pareto-minimal impact vector M.
Since there can be several pareto-minimal impact vectors, minimal c-revisions
are not uniquely defined in general.

For each tuple (k, A) with « finite and A consistent a c-revision x*7 A exists.
This follows from the fact that every consistent belief base has a c-representation
and scaling impact vectors of c-representations with a constant factor leads to a
c-representation again. We give a formal proof of this statement in the context
of Proposition 2. Further, note that c-representations of belief bases A arise
from c-revisions by revising the uniform ranking function x, by A, where k,, is
defined by k. (w) = 0 for all w € £2. Notably, c-revisions satisfy the postulates for
iterated belief revision proposed by Darwiche and Pearl [5], and both c-revisions
and c-representations can be made compliant with syntax splitting [12,13].

3 Core c-Representations

In order to solve reasoning tasks it is a common strategy to select a single
model of a belief base A. Core c-representations [18] constitute a subclass of
c-representations that feature, among others, two properties that are especially
beneficial for reasoning and suggest a solution to the model selection task:
(a) While there is no unique minimal c-representation in general because of
pareto-minimality between the impact factors, core c-representations provide
a minimal model of A, both in terms of assigned (im)plausibility ranks and
associated impact factors. Minimality is a common criterion for the selection
of a model. (b) Core c-representations are stratified, i.e., the impact factors
can be computed layer-wise without the need to solve the complex constraint
satisfaction problem CSP(A) at once which makes core c-representations more
manageable than general c-representations.

The idea behind core c-representations is quite simple, and the definition
of them is basically the same as the definition of c-representations. The only
difference is that one removes the negative term in the constraints in (2).
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Definition 1 (Core c-Representation). Let A = {41,...,6,} be a belief base.
Then a ranking function is called a core c-representation of A if it is of the form

Ko, a(W) = Z&iefA(w) i, W€

where = (N1, ...,n,) € Ny solves the constraint satisfaction problem
CSPCO(A) = {CCO,17 [P ;Cco,n}a CCOJ'Z 7 > minwev((;i) Sln (w) (5)

In [18] it is shown that core c-representations of A are indeed
c-representations of A and, in particular, models of A. Further, A is consistent
if and only if A has a core c-representation. Notably, there is a unique mini-
mal non-negative integer solution 7yin of CSP.,(A) leading to the minimal core
c-representation >3 of A with £ (w) < k7, A (w) for all w € 2 and all core
c-representations | 4 of A. In this sense, the minimal core c-representation
is the most cautious ranking function among all core c-representations of A,
assigning no (im)plausibility ranks higher than necessary.

Table 1. Verification/falsification of the conditionals in Aexi and Aeye, minimal core
c-representation Kexi (cf. Example 1), minimal core c-revision Kex2 (cf. Example 2 and
Example 6), and a minimal c-revision kes for sake of comparison (cf. Example 6).

W VA (@) [fag (W) Fed (W) Vags (W)fag, (W) Kee (w) Ko (w)
cdpx|{d1,02,03}{04} |1 {62} {61,035} 5 3
cdp®|{d1, 03,04 }/{} 0 {01,064} {02} 4 3
cdpz|{01, 02,03} {da} |1 {} {65} 4 3
cdpZ {61, 03, 64 H{} 0 {} {} 0 0
cdpz|{d2} {63,04} 2 {62,05} {61} 3 2
cdp {64} {65} 1 {61} {62,04}]10 4
cdpz|{d2} {03,084} |2 {93} {} 2 2
cdpz {94} {ds} 1 {} {} 1 1
cdpx|{} {61,02} 3 {} {61,03} |7 5
edpz {} {oy 11 fay {3 1 1
edpz|{} {61,902} 13 {} {635} |6 5
cdpz {} fay 1 {} {} 1 1
edpz/{} {62} 2 {63} {61 3 2
cdpz {} {} 0 {o.}  {} 0 0
edpx {} {62} 2 {osr  {} 2 2
edpz|{} {3 0 {} {} 0 0

Ezxample 1. An occupational physician has the following typical knowledge: Dust
exposure (d) usually leads to cough (c¢), like chemical exposure (x) does. The
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other way around, cough usually indicates dust exposure, while cough does not
normally indicate chemical exposure, especially if there is no specific information
about the place of exposure, like whether it happened in a paint shop (p) or not.
The knowledge of the occupational physician can be represented by the belief
base Aex1 = {01,...,04} with &; = (c|d), d2 = (c|z), 05 = (d|¢), d4 = (T|c).
The minimal core c-representation of A is given by the impact vector neaq =
(1,2,1,1), which is the minimal non-negative integer solution of CSP.,(Aex1)
consisting of

Ceo.1:m > min{0,n4} =0, Ceo3:n3>min{0,n4} =0,
Ceo2: M2 > min{nz + 14, M4} = N4, Ceo,a: s > min{0, 73} = 0.

See Table 1 for information about the verification and falsification of the condi-

tionals in Aeyq and the minimal core c-representation ke = k<% ) of Aeyt-
Ao

Being special c-representations, core c-representations inherit various benefi-
cial inference properties from general c-representations. In particular, they com-
ply with (conditional) syntax splitting and do not suffer from the drowning prob-
lem [8]. The drowning problem occurs when an exception to one default prop-
erty of a subclass incorrectly prevents the inheritance of other, non-conflicting
default properties from a superclass. In addition, core c-representations show a
close resemblance to System Z [16] because they can be constructed from so-
called tolerance partitions of A, which is also the reason for their stratification.
An ordered partition (Aq,...,A,,) of A is a tolerance partition of A if, for
1 = 1,...,m, every conditional in 4; is tolerated by A’ = Uj>i A;, where a
conditional § is tolerated by a set of conditionals A’ if there is a possible world
w € 2 with w € v(d) and fa(w) N A" = (), i.e., which verifies § and falsifies
no conditional from A’. Once a tolerance partition (Aq,...,4,,) of A—which
always exists—is constructed, core c-representations can be computed by solving
the constraints referring to the conditionals in the first tolerance partition A; at
first and iterating through the other tolerance partitions afterwards. The mini-
mal core c-representation, specifying the impact factors as minimal as possible,
can be computed based on a specific tolerance partition as elaborated in [18].

4 Core c-Revisions

Similar to c-representations constituting a class of ranking functions, c-revisions
constitute a class of revision operators with no unique minimal representative.
For executing revision tasks it is necessary to fix a single revision operator
though. For this, we introduce the subclass of core c-revisions and show that
this subclass provides a minimal core c-revision. This allows us to define a strate-
gic c-revision operator selecting for each belief base its minimal core c-revision,
which is, to the best of our knowledge, the first concrete strategic c-revision
operator published so far.

Definition 2 (Selection Strategy, Strategic c-Revision [15]). A selection
strategy for c-revisions is a mapping o: (k, A) — n that assigns to each pair of a
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finite ranking function k and a consistent belief base A = {d1,...,0,} an impact
vector n € NjJ that solves CSP(k, A). If n = o(k, A) for a selection strategy o,
then we denote the c-revision of k by A w.r.t. n with k x, A. We call %, a
strategic c-revision operator.

Strategic c-revisions ensure that the specific revision operator that is selected
for a tuple (k, A) is based on strategical considerations and not chosen randomly
across different inputs. We introduce and analyze core c-revisions in order to
approach a specific strategic c-revision operator.

Definition 3 (Core c-Revision). Let k be a ranking function and A a belief
base. Then k *, A is a core c-revision of k by A if

(K *go A)(w) :no—*—ﬁ(w)—i_ZévEfA(w) Ni, WwE& Q;

where ng is a normalization constant ensuring min,eco(k *1, A)(w) = 0, and
n=(m,-..,Mm) € N} with n = |A| solves the constraint satisfaction problem

CSPCO(K7 A) = {05071’ s ’Cgo,n ’ Cgo,i: ni > mianV(isi)(K(w) + 817] (W)) (6)

Obviously, the definition of core c-revisions is analogous to the definition of
c-revisions, only the negative parts in the constraints are removed (compare (6)
to (4)). It is easy to see that the impact vector n of a core c-revision k *1, A is
positive, i.e., n € N2, because the RHS of the constraints in (6) is at least 0.
We continue Example 1 to illustrate the concept of core c-revision.

Ezxample 2. The occupational physician from Example 1 has been asked to con-
sult a company which distributes paint. She revises her epistemic state accord-
ingly with the following domain-specific knowledge: Working in a paint shop
alone usually does not indicate chemical exposure, while working in a paint shop
and having a cough together usually do. Chemical exposure usually excludes dust
exposure. If a worker was in the paint shop, has a cough, but no chemical expo-
sure, the cause is usually dust exposure in turn. This knowledge can be formalized
by Aexo = {(51, .. .,54} with §; = (f|p), Oy = (a?|pc), 03 = (d\x), 04 = (d|pC!)?)
The constraint satisfaction problem CSP(Kex1, Aex2), which has the impact vec-
tors of the core c-revisions of kex1 by Aexo as its solutions, is (cf. Table 1)

Cfexi: m > min{07 177727 1 +772 +774} = 07 C?;Til?. n3 > mln{272 + 771} = 27

0!

Cog:ma > min{l +m1 + 13,2+ 1}, Coghima > min{na} = na.

(7)

A solution of CSP(Kex1, Aex2) 1S Mexe = (1,4,3,5). The revised ranking function
Kexa = Kex1 *122 Aeya can be found in Table 1. Note that g = 0 in this case.
While before and after the revision the occupational physician is able to infer
both (d|¢) and (Z|c) (“Cough usually indicates dust exposure but not chemical
exposure.”) based on her epistemic states as formalized in Table 1, the situation
changes in the context of print shops. Before the revision, the work environment
has no influence on the inferences of the occupational physician, i.e., kex1 I (Z|pc)
and kex1 P (d|pe), but after the revision she infers that working in a paint shop
and having a cough together usually indicates chemical exposure, ke I (2|pc),
but not dust exposure, Keq b (d|pe).
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The next proposition shows that core c-revisions indeed constitute a subclass
of c-revisions. Consequently, core c-revisions inherit all the beneficial properties
from c-revisions. In particular, core c-revisions satisfy the postulates for iterated
belief revision of Darwiche and Pearl [5].

Proposition 1. Let k be a ranking function and A a belief base. If k' = (kx1, A)
is a core c-revision of k by A, then k' is also a c-revision of k by A.

Proof. By assumption, n = (n1,...,n,) € Ny satisfies (6) for i = 1,...,n.
Then, for all s; € No, n; > mingey(s,)(k(w) + S} (w)) — s; holds as well. With
8 = mingefs;) (k(w) + 87 (w)) for i = 1,...,n, it follows that n satisfies (4), and
Kk *1 A is a c-revision of k by A. O

For consistent input, core c-revisions always exist.

Proposition 2. Let k be a finite ranking function and A a consistent belief
base. Then a core c-revision k %1, A of k by A exists.

Proof. Because A is consistent, there is a core c-representation ,%ZO’ A of A. By
adding 1 to the RHS of the constraints in (5), we get 7; > 14 ming,eys,) S; (w),
i=1,...,n. Let s = max{k(w) | w € 2} + 1, which exists because the ranking
function x is finite. Then, for i =1,...,n,

semi>s-(1+ min (Y nj))zwgi(gi)(SJr > s
d;€fa(w)\d; dj€fa(w)\d;

> mi 1 s ; Cns).
> min (W) 4D+ Y son)> mim )+ Y s
d;€fa(w)\d; dj€fa(w)\d;

Hence, £ %" A with ' = (s-n1,...,5-1,) € NI is a core c-revision of k£ by A. O

From Proposition 2 it follows with Proposition 1 that, for consistent input,
also general c-revisions always exist. This ensures that strategic c-revisions are
well-defined by Definition 2. Note that this would also hold if one restricts Def-
inition 2 to core c-revisions.

5 Computation of Core c-Revisions

Similar to core c-representations, core c-revisions are stratified and can be com-
puted iteratively based on specific tolerance partitions. The idea is to com-
pute the impact factors of the conditionals with which an epistemic state is
revised layer-wise, beginning with the conditionals in the first partitioning set in
the tolerance partition and iterating through the other partitioning sets after-
wards. For this, we introduce the concepts of revision-aware base functions and
revision-aware tolerance partitions.
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Definition 4 (Revision-Aware Base Function). Let x be a finite ranking
function, A = {01,...,0,} a consistent belief base, T(A) = (Ay,...,4An) a
tolerance partition of A, and m € NZy. Then, for i = 1,...,n, and with Ay,
being the partitioning set in T (A) with 0; € Ay,,

I E) =min ey (@) +STW) € No
fA(W)m(UjZki A;)=0

is the revision-aware base function w.r.t. k, n, and T (A).

The expression QS”T’("A)((L-) is the RHS of the constraint Cf, ; (cf. (6)) where
the minimum is restricted to the possible worlds that prove tolerance of d; w.r.t.

U >k, 4. Thus, g A)( ;) depends on conditionals in previous partitioning sets
Aj; € T(A) with j < k; only. We give an example.

Ezample 5. We recall the belief base Aexo from Example 2. A tolerance partition
of Aexg is T(Aexg) = (Al, AQ, Ag) with Al = {(If"p), (d|l’)}, AQ = {(IL‘|pC)},
and As = {(d|pcz)}. The respective revision-aware base function w.r.t. ke (cf.
Example 1) and an arbitrary but fixed impact vector 7 is

OT(Ruay (01) = min{0, 1} =0, OFA7, ) (52) = min{l 41 + 5,2+ m},
;_exl,ﬂ (53) — 2 ¢nex1ﬂ1 (54) = 1.

Aexz) Aexz)

Differences to the RHS of the constraints in (7) can be observed in the expressions
for 41 and d3. In these cases, the revision-aware base function removes irrelevant
terms from the minima that origin from possible worlds which falsify conditionals
from partitioning sets in 7 (Aexz) with a higher index. By replacing the RHS of
the constraints in (7) by the respective revision-aware base function, one can
simplify the constraints and make them iteratively solvable. However, one has
to be careful by doing so as one may lose solutions by this substitution in other
examples: Assume that the e -rank of the possible world w = édpz is 4 instead
of 2 for some reason so that C;5} becomes 13 > min{4,2 + 71 }. Removing the
term 2 + 77 from this constraint would prevent solutions with n3 = 4. The
way out of this issue is to combine the use of revision-aware base functions
with a sophisticated exploitation of the minima-expressions when setting up the
tolerance partition in order to be able to compute every core c-revision.

Based on the notion of revision-aware base functions and our findings in
Example 3, we define revision-aware tolerance partitions. These tolerance parti-
tions integrate tolerated conditionals in the next partitioning set if and only if
the value of the revision-aware base function is minimal for these conditionals
compared to the other tolerated conditionals.

Definition 5 (Revision-Aware Tolerance Partition). Let k be a finite
ranking function, A = {61,...,0,} a consistent belief base, and n € NZ,. Then
TEM(A) = (Aq, ..., Ay) is the (unique) revision-aware tolerance partition of A
w.r.t. k and n if, fork=1,...,m,

A = argmin{¢/27,  4)(0:) | 0i € 7(A)}, (8)
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where T (A) is the set of conditionals from A" = A\ (U, 4;) tolerated by A”.

Revision-aware tolerance partitions are well-defined although their definition
refers to itself. This holds because in order to compute ¢57, ( A)((SZ-) in (8) the
tolerance partition 7%7(A) has to be known up to index k — 1 only.

Ezxample 4. We revisit Example 3. Let  be an arbitrary but fixed impact vec-
tor. The conditionals §; and J3 are tolerated by Aewo and are evaluated by
the revision-aware base function ¢ = ¢2507, (Auo) t0 #(61) = min{0,1} =0
and ¢(d3) = min{2} = 2. Because ¢(d1) < ¢(d3), only d; is selected for the
first partitioning set A; of 7% (Agys). Then, J and 03 are tolerated by
Aez \ A1 and ¢(d2) = min{2 + n;} and ¢(d3) = 2. Because n; > 0, one has
¢(93) < ¢(d2) and 3 is selected for Ag. After that, only J; is tolerated, so that
Tﬁexlf’l(Ae)d) = (Al,...7A4) with Al = {51}, AQ = {53}7 Ad = {52}, and
Ay ={d4}.

At first glance, Definition 5 seems to be insufficient for computing core
c-revisions because it takes the impact vector 1 as an input while the goal of
computing core c-revisions is precisely to compute 7. This ‘insufficiency’ can be
overcome by computing 7"7(A) and 7 in alternation though.

Ezxample 5. Example 4 worked for every choice of 7, so there was no need to
fix it beforehand. Apart from this, in general, after the computation of each
partitioning set, it would have been possible to fix the impact factors of the
conditionals that have been allocated to this partitioning set. For instance, after
determining A; = {01}, we could have set 91 = 1 > 0 = ¢(§;). With this,
@(d2) had become ¢(d2) = min{2 + 1} = 3 and so on. At every step, the
revision-aware base function would have been completely known for all relevant
(tolerated) conditionals.

The following theorem proves that the procedure from Example 5 always
works and it is possible to compute with revision-aware base functions in com-
bination with revision-aware tolerance partitions every core c-revision.

Theorem 1. Let k be a finite ranking function, A = {61,...,0,} a consistent
belief base, and 1 € NLy. Then k*}, A is a core c-revision of k by A iff

> G, (0. i=1,...n. 9)

Proof. The if-direction holds because ¢, (ay(0i) = mingeys,) (K(w) + S!(w))
for all finite ranking functions &, allnp € N>0, and all = 1,...,n. This is because
the only difference between both sides of the inequation is that the minimum is
built over a subset of possible worlds in the revision-aware base function.

For the other direction we have to show that there is no w’ € v(é;) with

fa(w)N (szki A;) # 0 and

R+ ST (W) < B0, 4 (50). (10)
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We do this by contradiction and assume that there is such a possible world w’.
Consequently, there is 6; € | >k, Q; which is falsified by w'. In particular, &; #
d;, because §; is verified by w’. We may assume w' € arg min,e,(s,) (£(w)+S; (w))
because no w’ € v(;) with fa(w') N (U;sy, 4;) = 0 can satisfy (10) as w’ would
be considered by the revision-aware base function on the RHS of (10) then.
Hence, 7; > mingey(s,) (k(w) + S} (w)) > K(w’) +m > m. The conditional & is
in the same partitioning set as ¢;, i.e., in A, or in a partitioning set with a
higher index, and we can pursue the same line of argument for §; as for §,. That
is, we may assume that there is no w’ € v(&;) with fa(w’) N (U;j5s, 45) # 0
and k(w') + S (W) < @27 n(a)(01) (cf. (10)), and proceed in the same way as
above. This eventually leads to the existence of §; € |J >k Aj; with g > np. By
repeating this argumentation, we observe a descending chain of impact factors
7; > 1 > mp > ... Because A is finite, at some point there must occur an impact
factor ny in this chain which has been in the chain already before. This results
in the contradiction ny > np. O

Eventually, in the next section we will use the concept of revision-aware
tolerance partitions to compute minimal core c-revisions.

6 Minimal Core c-Revisions

The stratification of core c-revisions implies that there is a minimal core
crevision k %, A for k and A that can be obtained by choosing the impact
vector 7 as mlmmally as possible. Because of the equivalence between the solu-
tions of (9) and the impact vectors of core c-revisions, it is possible to simply
set n; = ¢T~W(A (0;)+1fori=1,....,n

Definition 6 (Minimal Core c-Revision). Let k be a finite ranking function
and A ={01,...,0,} a consistent belief base. Then k%7 A is the minimal core
c-revision of Kk by A if p € NL satisfies n; = qﬁTm,(A)( o)+ 1 fori=1,....n
We denote the impact vector of the minimal core c-revision with Mmin-

According to Theorem 1, x *mi» A is a core c-revision of k by A. It remains
to show that k *»i» A is indeed minimal.

Theorem 2. Let k be a finite ranking function and A = {61,...,0,} a con-
sistent belief base. Further, let min = (M1, ...,Mn) be the impact vector of the
minimal core c-revision of k by A and ' = (n},...,n.,) the impact vector of an
arbitrary but fived core c-revision of k by A. Thenn; <n} fori=1,...,n

Proof. Assume 7, < n); for some i = 1,...,n. Then, there is a minimal index k of
a partitioning set in T’”"(A) with Ay such that there is a conditional §; € Ay
with 7} < #;. In particular, the tolerance partitions 7" (A) and 7% "min(A)
agree up to index k— 1. Because §; € Ak, the conditional é; must be tolerated by
A\(U;<x 4;) and has to minimize {gZ)Th " () (52) \ 3; € 7,(A)} (ct. Definition 5).

But then ¢; must be in Ay of 7" Mmin (A) and ¢T~ y (A)(é )= T’f]',‘,‘!‘:mm)(é ) has
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to hold, too. As a consequence, 7; = ;’Q,g“j;‘mm)(éi) +1= ¢;:’:I*,’7,(A)(5i) +1 <,

which contradicts the assumption.

Theorem 2 particularly states that there is no pareto-minimality between
impact vectors of core c-revisions but nyi, is the least element. This implies that
K *min A ig a core c-revision of k by A which assigns the new (im)plausibility
ranks to the possible worlds in {2 in a minimal way.

Corollary 1. Let k be a finite ranking function, A a consistent belief base, and
k*1 A a core c-revision of k by A. Then (k x1min A)(w) < (k*1) A)(w), w € £2.

We give an example.

Ezample 6. The tolerance partition computed in Example 4 together with the
impact vector Nex2 = (1,4,3,5) (cf. Example 2) constitute the minimal core
c-revision of Kex1 by Aex2, 1.€., Kexl *nc Aexz = Kexz. Hence, the revision shown
in Table 1 equals Kex1 *mc Aexz and the stated (im)plausibility ranks are as
minimal as possible (when sticking to core c-revisions). When comparing Kexo
to a minimal c-revision Kes = Kexi *hi, Qexe with 7 = (0,3,2,0) (which is
unique for this example, see the rightmost column in Table 1) one verifies eas-
ily that minimal core c-revisions usually compute higher ranks than minimal
c-revisions. Pareto-minimizing the impact factors comes at the price of comput-
ing the impacts of conditionals only as much as necessary though. In our example,
the minimal impact factors of d5 and dg are 0, meaning that the impacts of these
conditionals are already covered by the prior ranking function and the other
new conditionals. However, as a consequence, d; and dg are not as thoroughly
implemented in the revised ranking function as is the case with the minimal core
c-revision. Of course, we have that both conditionals are accepted after revision,
but in the minimal core c-revision, we also find that the contrapositive form of,
e.g., 05, i.e., (P|lx), is accepted, which does not hold for the minimal c-revision.
While contrapositive forms of conditionals are not implied by belief bases in
general, they nevertheless can be expected to hold if no other beliefs interfere
(which is the case here). This illustrates that minimal core c-revisions tend to
implement more structural information than minimal c-revisions.

Eventually, we are able to define the strategic minimal core c-revision spe
which selects its minimal core c-revision for each pair (k, A) of a finite ranking
function and a consistent belief base A.

Definition 7 (Strategic Minimal Core c-Revision). We call the mapping
mc: (K, A) — Nmin, where K is a finite ranking function and A is a consistent
belief base, the strategic minimal core c-revision operator, and k#,. A the strate-
gic minimal core c-revision of k by A.

To the best of our knowledge, . is the first unique and fully constructive
strategic c-revision published so far.
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7 Discussion and Related Work

Related approaches to belief revision with conditionals include AGM-style belief
revision [1] and its refinements based on epistemic entrenchment relations [6,7],
as well as distance-based and model-based revision operators [4,9]. These frame-
works provide foundational postulates and constructive mechanisms for revising
propositional belief sets, but their extension to conditional belief bases is non-
trivial, as they do not natively capture the defeasible structure of conditionals.
The lexicographic closure, originally introduced as a refinement of rational clo-
sure, has been shown to admit an interpretation as an iterated belief revision
process [3], thereby establishing an explicit connection between default reasoning
and AGM-style revision. However, lexicographic closure relies on a fixed priority
ordering of defaults and does not provide a general revision operator for arbi-
trary ranking functions. In contrast, ranking-based approaches allow condition-
als to be revised while preserving their internal structure. Within this setting,
c-revisions are distinguished by their explicit commitment to conditional preser-
vation and by satisfying both iterated revision postulates and syntax splitting,
a combination that remains difficult to achieve in alternative frameworks.

In the context of computing core c-representations of belief bases A, the
authors of [18] suggest applying rewriting rules to the constraints in CSP(A)
(cf. (2)) prior to removing their negative parts. For example, if the sets coincide
on which the positive and negative minima are built, then both minima can be
reduced to 0. This and similar ideas could be transferred to the constraint satis-
faction problems of (core) c-revisions as well. However, some of these rewriting
rules affect the (im)plausibility ranks assigned by core c-representations, and it
is not entirely clear what is the semantical meaning of these affects, whether the
set of proposed rules is complete or not, and how these rules transfer to core
c-revisions exactly. We leave a systematic treatment of this issue for future work.

8 Conclusion

In this paper, we introduced core c-revisions as a principled subclass of c-revisions
for conditional belief bases. By simplifying the underlying constraint systems,
core c-revisions preserve the semantic foundations and rationality guarantees of
general c-revisions while offering additional structural and computational advan-
tages. In particular, we showed that core c-revisions are stratified and can be
computed iteratively using revision-aware tolerance partitions. A central result
of this work is the existence of a minimal core c-revision. This result enabled us
to define the first fully specified strategic c-revision operator which deterministi-
cally selects the minimal core c-revision. In doing so, we closed the gap between
abstract revision principles and concrete, implementable revision operators.
Future work will address several open issues. From a theoretical perspec-
tive, it would be interesting to further analyze the relationship between core
c-revisions and constraint simplification techniques, as well as deepening the
understanding of their connections to other ranking-based revision frameworks
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and also to the probabilistic principle of minimal cross-entropy. From a practi-
cal standpoint, the development of efficient algorithms and implementations, as
well as empirical evaluations in application domains such as decision support and
knowledge-based systems constitutes a promising direction for further research.

Disclosure of Interests. The authors have no competing interests to declare that

are relevant to the content of this article.
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Abstract. Neural Networks (NN) are recognized as universal approxi-
mators, yet the reasons behind their remarkable generalization capabili-
ties remain partially unresolved. One potential explanation is the mani-
fold hypothesis, which suggests that NNs identify low-dimensional mani-
folds within the high-dimensional real-world data. In each layer of a NN,
the data lies on/near a manifold, a so-called representation manifold,
which gets progressively flatter as the layer’s depth increases. Since NNs
function on these data manifolds rather than isolated points, generaliza-
tion becomes feasible. Notably, manifolds in the deeper layers of trained
NNs tend to be flatter, while at the same time, deeper networks gen-
erally achieve higher accuracy. This leads to the following hypothesis:
There is a correlation between the accuracy of a NN and the flatness
of manifolds in the final layer of the NN. To investigate this, we empiri-
cally test the hypothesis by training a CNN with various hyperparameter
sets. We assess both the flatness of the manifold and the accuracy on a
test set, exploring their connection. We use correlation analysis, plots,
statistical tests and examine whether flatness can be predicted from the
hyperparameters.

Keywords: Manifold Hypothesis - Generalization - Representation
Manifolds

1 Introduction

Neural Networks (NN) are usually trained on a training data set and evaluated
on a separate test data set of the same distribution as the training data. This
allows us to assess how well a NN will perform on unseen data when deployed in
its real-world application. The difference between performance on the training
and test sets is an estimator for the generalization gap.

Deep Networks can approximate and interpolate various functions [4], but
reach surprisingly high accuracy on test sets with relatively low generalization
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gaps. This indicates that they do not simply memorize the training samples.
Further, it was shown that it is imperative to consider not only the applied
model, but also the considered data’s structure to fully grasp the generalization
performance of NNs [13].

One way to characterize the data’s structure is to assume the manifold
hypothesis, i.e. that high-dimensional real-world data lies near low-dimensional
manifolds. This is a popular assumption in the field of Manifold Learning [9,10].
For multi-class problems it is assumed that the data lies on multiple manifolds
where each manifold only contains samples from one class. If the target is to
classify whether images show dogs or cats, there could be multiple cat- and dog-
manifolds which are curvy and entangled, so a linear classifier applied to the raw
image data cannot distinguish them. If the input data to a NN lies near a mani-
fold, Brahma et al. [6] showed empirically that during training, such parameters
are found which flatten these manifolds layer-by-layer. The data manifolds are
still curvy in the first layer but become flatter as the data progresses through
the layers. We call these manifolds found in NN layers representation manifolds.
Since the final layer of a classification NN is usually a linear layer, flat manifolds
guarantee separability as can be seen using the hyperplane separation theorem
[5]. Note that in the following we will differentiate between the “final layer” which
is the classification layer whose output size is the same as the number of classes
and the “last representation layer” which is the layer before the final layer. The
idea that NNs operate on data manifolds, not just individual samples, could
explain the generalization ability of many NNs in practice. It could also explain
why NNs trained on random data that lacks the manifold structure have a large
generalization gap [13].

Using the same manifold hypothesis, Frosst et al. [7] showed empirically that
entanglement in earlier layers can be beneficial for generalization. Entanglement
here means that samples from different classes are close together. This does not
contradict the previously mentioned work, but adds another factor to it, i.e. the
distance between samples of different classes. Kaufman and Azencot [8] showed
that in successful image classification networks, representation manifolds are
especially curvy. However, they did not consider different classes separately.

On the one hand, we know that NNs flatten class manifolds layer by layer, so
manifolds in deeper layers are flatter. On the other hand, we know from practice
that a network’s accuracy often increases with increasing depth of the network
[2], [3], [12]. Combining these two statements, we arrive at the following hypoth-
esis: When comparing two CNNs trained for the same classification
task, the CNN with flatter manifold in the last representation layer
yields higher test accuracy.

In contrast to Brahma et al.’s [6] work, we do not only consider the flatness
of layers in one NN, but compare representation manifolds between different
NNs. To this end, we train a CNN on MNIST with different hyperparameters.
We choose an adaptive Design of Experiment (DoE) via Bayesian Optimization.
This allows us to efficiently evaluate such hyperparameter combinations which
lead to low curvatures in the manifold of the last representation layer. For each
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hyperparameter combination, we train the CNN and evaluate its accuracy on
the same test data set that we calculate the curvature on. This yields accuracy-
curvature pairs which we can analyze, either supporting or contradicting our
hypothesis. Note that even though we use a CNN trained on MNIST and Brahma
et al. used a Deep Belief Network (DBN) trained on a face dataset, we observe
the same flattening of manifolds along the layers. This means that our study does
not only confirm Brahma et al.’s hypothesis on yet another model architecture
and dataset, but that it is a seamless extension.

The article is structured as follows: In Sect. 2, we present the experimental
setup. Section 3 discusses the results. A summary can be found in Sect.4 and
Sect. 5 is the conclusion.

2 Experimental Setup
2.1 Considered Task, Network Architecture and DoE

We consider the popular benchmark dataset MNIST [1] which consists of 70,000
images of handwritten numbers. The goal is to predict the digit seen on the
image. It was shown in previous experiments that a CNN trained on this dataset
shows class manifold disentanglement layer-by-layer [11].

The considered CNN consists of 6 blocks or CNN-layers, each containing
one convolutional layer, followed by a batch normalization layer and a ReLLU
layer. The first CNN block also has a max pooling layer. After these blocks,
two fully connected feed-forward layers are attached where the first one has
ReLU activation function (called FF ReLU) and the second one has softmax
activation function, yielding the output class probabilities. When talking about
(representation/class) manifolds in the rest of this article, we always refer to the
class manifolds extracted from the ReLU-layers of the CNN blocks.

The bounds for the hyperparameters varied in the experiments can be found
in Tablel. We use an adaptive DoE via Bayesian Optimization in order to
predominately examine such hyperparameters which lead to flat representation
manifolds in the last CNN block.

Table 1. Hyperparameters and bounds used for DoE

hyperparameter lower boundupper bound
dense units in FF' ReLU|10 30

learning rate 0.0002 0.002

batch size 32 128

dropout 0.2 0.8

L2 regularizer weight  |0.00005 0.00015
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2.2 Flatness Measure

In order to estimate the flatness of a manifold given by a point cloud, we use
the same estimator as Brahma et al. [6]. Its goal is to approximate the geodesic
distance between point pairs, i.e. the distance of the shortest path between two
points on a manifold. This is compared to the euclidean distance between the
points. For a flat manifold, both distances are the same and the more curvy the
manifold, the larger the difference between the distances.

To compute the estimator, the first step is to form a neighborhood graph. In
this graph, each sample is a node and each node is connected to its k nearest
neighbors in terms of euclidean distance. Then, the direction of the edges is
forgotten, making the graph undirected. This graph approximates the manifold
using local linearization.

In the second step, the shortest path on the neighborhood graph is found
between each pair of samples. The length of the shortest path approximates the
geodesic distance between a pair of samples.

In the third step, the information is combined to form the final estimator for
samples {z;}7_; on the manifold:

TGeodesic =

2 3 lda(zi, 75) — dp(zi, z;)| )
n(n —1) () de(z:, ;)
Here, dg(x;, ;) is the approximated geodesic distance between samples z; and
zj and dg(z;, ;) := ||z, — x;]|2 is the euclidean distance.

Note that to make the measure more robust, the point pairs which are in the
highest and lowest (-percentage of contributors (5 € [0, 1]) are not considered
in the sum (Eq.1). As was proposed by Brahma et al. [6], we choose § = 0.1.
We choose k = 12 since for lower values, large parts of the neighborhood graph
for each class manifold are not connected. To stay consistent with the manifold
hypothesis, in the experiments we compute the curvature separately for each
class manifold and average the results to form one curvature value.

Curvature

" CNN Layers

i CNNELayerAS

Fig. 1. Two examples of curvature of class dependent representation manifolds along
the six CNN-layers (horizontal axis). The lines correspond to the 10 classes.



Do Flat Representation Manifolds Lead to Improved Accuracy? 203

3 Results
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Fig. 2. Scatterplot of corresponding accuracy and mean curvature of all class manifolds
in the last representation layer of each network. The image on the right is a zoomed-in
version to better visualize the bulk of the data.

We conducted one run of the DoE with 64 experiments to check whether a
decrease in curvature throughout the layers can be observed for different choices
of hyperparameters. In Fig.1, we display the flattening behavior throughout
the 6 CNN-layers of two of the 64 CNNs as examples. For all 64 choices of
hyperparameters, the curvature in CNN-layer 6 was lower than the curvature
in CNN-layer 1. The decrease in manifold curvature mimics the results seen in
Brahma et al.’s experiments [6]. This shows that the curvature measure works
and that the task and network architecture are suitable to check the hypothesis.

After this, we repeated the DoE with different train-test splits 20 times with
64 experiments per run. The curvature reported here was computed from the
last CNN block. In Fig.2, we display the results of the runs by plotting the
curvature-accuracy pairs of each of the 64 networks for each of the 20 runs.
Points of the same color correspond to networks of the same run, i.e. the same
randomly chosen training and test sets. It can be observed that there is no clear
correlation between accuracy and manifold curvature. There is also no struc-
ture when only looking at networks of one run. The correlation coefficient when
considering all runs together is -0.08 while the mean of the correlation coeffi-
cients per run is -0.1. These values show a negative trend, i.e. higher accuracy
is more likely to be paired with lower curvature. However, the values are too
low to indicate meaningful correlation between accuracy and curvature. We also
considered the precision and recall for each of the 10 classes separately and
instead of the absolute curvature, we considered the amount of flattening, i.e.
1-— r°prc;?;?f;‘;ﬁg;?g‘fig;‘i‘laturc for the ten classes. But still, there was no clear
connection.

The correlation coefficient only focuses on detecting linear dependencies.
Additionally, we further consider the connection between the networks with low-
est curvature and highest accuracy in each run. For example, it could be that the
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network with lowest curvature is not necessarily the one with highest accuracy,
but always one in the top 10 networks regarding accuracy. We sorted the exper-
iments in each run by accuracy in descending order and recorded the placement
of the experiment with lowest curvature. This results in 20 natural numbers, one
for each run, spanning the range [2, 63]. According to a Kolmogorov—Smirnov
test with @ = 0.05, we cannot confidently say that the distribution of these
values differs from a uniform distribution (p-value: 0.62). This shows that there
is no clear connection between the network with highest accuracy and network
with lowest curvature concerning ranking. The same holds for the network with
highest curvature and the network with lowest accuracy (p-value: 0.46).

Next, we consider whether the hyperparameters can explain the accuracy
and curvature. To this end, we tried different regression models which took the
hyperparameters as input and were trained to predict either the accuracy or the
curvature. We tried different model classes (linear regression, gaussian process
regression and decision tree) where linear regression showed the best results for
both the accuracy and curvature prediction. The R?-values for the accuracy
on a test set of 20% size was 0.23 while the R? value for the curvature was
0.045. This shows that while the dependence of both accuracy and curvature
on the hyperparameters is not very strong, the dependence of accuracy is much
stronger. Curvature is apparently more susceptible to the randomness included
in the training process, e.g. the random initialization of network weights.

4 Discussion

To study the hypothesis “When comparing two CNNs trained for the
same classification task, the CNN with flatter manifold in the last
representation layer provides higher test accuracy”, we performed a set
of experiments where a 6 layer CNN was trained on MNIST data using different
hyperparameters.

As with previous experiments in literature, we saw a decrease in manifold
curvature from layer to layer when considering one CNN after training. How-
ever, accuracy and curvature in the last CNN-layer were uncorrelated and no
clear dependence could be found by other statistical tests. Further, the hyper-
parameters cannot explain the curvature the same way they do the accuracy.
This could indicate that the curvature is more heavily impacted by randomness
in the training process, e.g. random initialization.

5 Conclusion

Even though perfect flatness of class manifolds in the last representation layer of
a classification NN guarantees separability (using the manifold separation theo-
rem [5]), flatness is apparently no direct predictor for accuracy. More studies are
needed to fully understand the connection between NN training, representation
manifolds and the model’s performance. For example, learning how curvature
depends on random initialization could be an interesting topic. It would further
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be interesting to find out whether promoting representation manifold flatness
during network training leads to better generalization due to the additional
information of the manifold’s structure.

Disclosure of Interests. The authors have no competing interests to declare that

are relevant to the content of this article.

References

10.

11.

12.

13.

Baldominos, A., Saez, Y., Isasi, P.: A survey of handwritten character recognition
with mnist and emnist. Appl. Sci. 9(15), 3169 (2019). https://doi.org/10.3390/
app9153169

Basha, S.S., Dubey, S.R., Pulabaigari, V., Mukherjee, S.: Impact of fully connected
layers on performance of convolutional neural networks for image classification.
Neurocomputing 378, 112-119 (2020). https://doi.org/10.1016/j.neucom.2019.10.
008

Benkendorf, D.J., Hawkins, C.P.: Effects of sample size and network depth on a
deep learning approach to species distribution modeling. Eco. Inform. 60, 101137
(2020). https://doi.org/10.1016/j.ecoinf.2020.101137

Berner, J., Grohs, P., Kutyniok, G., Petersen, P.: The modern mathematics of
deep learning. In: Grohs, P., Kutyniok, G. (eds.) Mathematical Aspects of Deep
Learning, pp. 1-111. Cambridge University Press, Cambridge (2023)

Boyd, S.P., Vandenberghe, L.: Convex optimization. Cambridge University Press,
Cambridge UK and New York (2004)

Brahma, P.P., Wu, D., She, Y.: Why deep learning works: a manifold disentan-
glement perspective. IEEE Trans. Neural Netw. Learn. Syst. 27(10), 1997-2008
(2016). https://doi.org/10.1109/TNNLS.2015.2496947

Frosst, N., Papernot, N., Hinton, G.: Analyzing and improving representations with
the soft nearest neighbor loss. In: International Conference on Machine Learning,
pp- 2012-2020 (2019). https://proceedings.mlr.press/v97/frosst19a.html
Kaufman, I., Azencot, O.: Data representations’ study of latent image mani-
folds. In: Proceedings of the 40th International Conference on Machine Learning.
ICML’23, JMLR.org (2023)

Ma, Y., Fu, Y. (eds.): Manifold learning theory and applications. CRC Press, Boca
Raton, Fla., 0 edn. (2012). https://doi.org/10.1201/b11431.0

Meila, M., Zhang, H.: Manifold learning: What, how, and why. Ann. Rev. Stat. Its
Appl. 11(1), 393-417 (2024)

Sarishvili, A., Menzel, F., Adrian, B., Burr, J.: Machine learning for predictive
maintenance in production environments. Stat. Mach. Learn. Eng. Appl. 227, 227—
244 (2024)

Vinayakumar, R., Soman, K.P., Poornachandran, P.: Evaluating effectiveness
of shallow and deep networks to intrusion detection system. In: 2017 Interna-
tional Conference on Advances in Computing, Communications and Informatics
(ICACCI), pp. 1282-1289. IEEE (2017). https://doi.org/10.1109/ICACCI.2017.
8126018

Zhang, C., Bengio, S., Hardt, M., Recht, B., Vinyals, O.: Understanding deep learn-
ing requires rethinking generalization (2016). http://arxiv.org/pdf/1611.03530


https://doi.org/10.3390/app9153169
https://doi.org/10.3390/app9153169
https://doi.org/10.3390/app9153169
https://doi.org/10.3390/app9153169
https://doi.org/10.3390/app9153169
https://doi.org/10.3390/app9153169
https://doi.org/10.1016/j.neucom.2019.10.008
https://doi.org/10.1016/j.neucom.2019.10.008
https://doi.org/10.1016/j.neucom.2019.10.008
https://doi.org/10.1016/j.neucom.2019.10.008
https://doi.org/10.1016/j.neucom.2019.10.008
https://doi.org/10.1016/j.neucom.2019.10.008
https://doi.org/10.1016/j.neucom.2019.10.008
https://doi.org/10.1016/j.neucom.2019.10.008
https://doi.org/10.1016/j.neucom.2019.10.008
https://doi.org/10.1016/j.neucom.2019.10.008
https://doi.org/10.1016/j.ecoinf.2020.101137
https://doi.org/10.1016/j.ecoinf.2020.101137
https://doi.org/10.1016/j.ecoinf.2020.101137
https://doi.org/10.1016/j.ecoinf.2020.101137
https://doi.org/10.1016/j.ecoinf.2020.101137
https://doi.org/10.1016/j.ecoinf.2020.101137
https://doi.org/10.1016/j.ecoinf.2020.101137
https://doi.org/10.1016/j.ecoinf.2020.101137
https://doi.org/10.1016/j.ecoinf.2020.101137
https://doi.org/10.1109/TNNLS.2015.2496947
https://doi.org/10.1109/TNNLS.2015.2496947
https://doi.org/10.1109/TNNLS.2015.2496947
https://doi.org/10.1109/TNNLS.2015.2496947
https://doi.org/10.1109/TNNLS.2015.2496947
https://doi.org/10.1109/TNNLS.2015.2496947
https://doi.org/10.1109/TNNLS.2015.2496947
https://doi.org/10.1109/TNNLS.2015.2496947
https://proceedings.mlr.press/v97/frosst19a.html
https://proceedings.mlr.press/v97/frosst19a.html
https://proceedings.mlr.press/v97/frosst19a.html
https://proceedings.mlr.press/v97/frosst19a.html
https://proceedings.mlr.press/v97/frosst19a.html
https://proceedings.mlr.press/v97/frosst19a.html
https://proceedings.mlr.press/v97/frosst19a.html
https://doi.org/10.1201/b11431.0
https://doi.org/10.1201/b11431.0
https://doi.org/10.1201/b11431.0
https://doi.org/10.1201/b11431.0
https://doi.org/10.1201/b11431.0
https://doi.org/10.1201/b11431.0
https://doi.org/10.1201/b11431.0
https://doi.org/10.1109/ICACCI.2017.8126018
https://doi.org/10.1109/ICACCI.2017.8126018
https://doi.org/10.1109/ICACCI.2017.8126018
https://doi.org/10.1109/ICACCI.2017.8126018
https://doi.org/10.1109/ICACCI.2017.8126018
https://doi.org/10.1109/ICACCI.2017.8126018
https://doi.org/10.1109/ICACCI.2017.8126018
https://doi.org/10.1109/ICACCI.2017.8126018
http://arxiv.org/pdf/1611.03530
http://arxiv.org/pdf/1611.03530
http://arxiv.org/pdf/1611.03530
http://arxiv.org/pdf/1611.03530
http://arxiv.org/pdf/1611.03530
http://arxiv.org/pdf/1611.03530

q

Check for
updates

Explainable Artificial Intelligence in Digital
Ecosystems in Research and Education

Claudia-Melania Chituc®

Leibniz Institute for Research and Information in Education, Frankfurt, Germany
c.chituc@dipf.de

Abstract. The integration of Artificial Intelligence (AI) techniques in e-learning
ecosystems is expanding, although the algorithms used and decision steps often
represent an enigma to learners and educators. Equity issues, plausible privacy
risks, scarcity of transparency and trust are major concerns for the adoption of Al
in digital education, about individualized teaching and learning recommendations,
feedback, and e-assessment. The aim of this work-in-progress is to explore the
importance of integrating explainable AI (xAI) methods in Digital Ecosystems in
Research and Education (DERE) for Education 4.0 (E4.0) and present an approach
for structuring the main stakeholders and XAl use scenarios constructed following
a design-science approach.

Keywords: E-learning - Artificial Intelligence - explainable Al - digital
ecosystem in research and education - Education 4.0

1 Introduction

Industry 4.0 (I4.0) technologies such as cloud computing, cyber-physical systems, Arti-
ficial Intelligence (Al), data and process analysis, robotics, augmented and virtual reality
are increasingly used in higher education to tackle prevailing industry workforce require-
ments [1]. Education 4.0 (E4.0) conceptualizes educational models, learners’ and edu-
cators’ tasks, pedagogy, teaching and learning methods developed with the growing
usage of current and emerging digital technologies in higher education to equip learners
with the knowledge, skills, and know-how required by 14.0 [2]. In addition to techni-
cal and technological expertise (e.g., programming skills, Al/machine learning meth-
ods, big data analysis, cybersecurity, knowledge in the use of human-robot interfaces,
best practices to develop solutions for real-life problems), 14.0 also demands soft-skills
and cross-functional competences, such as critical thinking, cooperation, adaptability,
communication, creativity, and a life-long learning mindset [2].

A robust technical infrastructure is needed to integrate 14.0 technologies into e-
learning ecosystems and deliver instructional activities for E4.0 embedding Al tech-
niques and enhance information technology teaching and learning [3]. Digital Ecosys-
tems in Research and Education (DERE) provide such infrastructure support. DERE
comprise repositories, software services, e-learning systems, Al methods and systems,
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computer networks, practices to strengthen cybersecurity resilience, and the Informa-
tion and Communication Technology (ICT) infrastructure that enables the execution of
different actions (e.g., creation, access, search, reuse, stewardship) with research and
education digital objects, offering capabilities relevant for E4.0 teaching and learning
activities, know-how and technology transfer while enabling open science [4].

The integration of Al methods and systems into e-learning activities and DERE for
E4.0 is expanding, although the algorithms used and decision steps often represent an
enigma to learners and educators. Equity issues, plausible privacy risks, scarcity of trans-
parency and trust are major concerns for the adoption of Al in digital education, about
individualized teaching and learning recommendations, feedback, and e-assessment [5].
The use of Al in education demands transparency and interpretability of the Al-directed
personalized feedback, e-grading, and decision-making mechanisms — which are enabled
by explainable Al (xAl) [6].

xAl concerns processes and methods that empower people to understand and trust
the outcomes constructed by machine learning algorithms; it depicts the Al models, Al-
generated decision making, expected impact of outcomes, potential biases, and enhances
transparency [7]. XAl is necessary to clarify spurious classifiers, build trust, illustrate
new insights from existing patterns, and for legal grounds [8]. The use of xAI methods
in teaching and learning endorses educators to put together reasoned choices for edu-
cational activities [9] and allows learners to better comprehend their learning progress,
individualized recommendations, feedback [10], and interventions [11]. XAl also allows
learners to reason about their strengths and weaknesses [12].

Although xAI in education is nowadays expanding, this area is rather recent, and
researchis at an early stage [9][9]. Moreover, the fields of explainable Al, E4.0, e-learning
systems and DERE evolve without a clear vision how the workforce requirements of
14.0 will be tackled in long term, and how the DERE integrating Al and xAI techniques
enable achieving the goals of E4.0. Pertinent research questions in this area that need to be
addressed are: Why is xAl important in digital education? How is XAl for E4.0 currently
tackled?? Which are relevant stakeholders for integrating xAI methods in DERE for E4.0?
Which are challenges for the integration of XAl methods in DERE for E4.0 that need to
be further addressed? Guided by the above research questions, this work explores the
importance of integrating XAl methods in e-learning ecosystems. The objective of this
work is to present an XAl framework for DERE for E4.0 illustrating its main stakeholders
and main xAI use scenarios, which is constructed following a design-science approach,
as in [14]. The proposed framework embodies a holistic perspective on xAl, E4.0, and
DERE concepts, aiming to coalesce these fields. It represents a useful instrument for
educators, learners, educational institutions, managers, developers of x Al methods and e-
learning systems, policy makers to better understand the importance of XAl in e-learning
ecosystems for E4.0 and identify areas that need to be further addressed by research and
development work.

2 Background: XAl in Digital Education

Research on developing explainability methods (e.g., visualization, text) for non-expert
users of Al systems in the workplace and in educational institutions is expanding in
recent years [15] aiming to tackle concerns about fairness, accountability, transparency
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and ethics of Al decisions and education interventions [5]. XAl approaches in digital
education aim to deliver clear and transparent explanations for the Al-driven education
decisions, enabling trust and accountability [8]. Thus, XAl solutions tackle the pitfalls
associated with the use of Al-driven systems in e-learning, e.g., lack of transparency,
misunderstanding of decisions and recommendations that generate mistrust, difficulty
in adjustment to changing contexts [16].

Global xAl approaches (e.g., globally self-explaining, feature relevance, example-
based), and local XAl approaches (e.g., locally self-explaining) are analyzed in [5].
Moreover, four dimensions of Al explanations for educational contexts are discussed
in [17]: scope, depth (e.g., in relation to the level of selectiveness in explanations),
alternatives, and flow (e.g., explanations as conditions or patterns).

Examples of xAl tools for education are RiPPLE [18] - an adaptive educational
system with comparison, local, and example-based explanations approaches, FUMA —
which assists learners in educational activities in open-ended learning environments
[19], and AcaWriter [20] which supports writing, uses comparison and local explana-
tions. Benefits of XAl systems in education include clarity to nurture comprehension,
relevance about context, specificity concerning Al technology, traceability — which
is relevant for accountability, and consistency [21]. Concurrently, several drawbacks
exist, such as unnecessary use of complex models, inaccurate or incomplete explana-
tions, misinterpretation, developing a false sense of understandability [5]. XAl solutions
bring numerous privacy concerns, they require a high deployment cost, and convoluted
technical implementations [21].

3 Related Work

Explanations of Al systems uphold transparency, interpretability, and trust [22, 23].
To foster learning, explanations must be pedagogically relevant and individualized to
learners’ cognitive needs, stimulating metacognition through reflection and planning
[5]. Next to personalized learning and feedback, examples of xAl uses in education, as
presented in [24], include ethical and regulatory frameworks development relevant to
accreditation standards.

SHAP (SHapley Additive exPlanations) [25] and LIME (Local Interpretable Model-
agnostic Explanations) [26] are XAl tools used in education. For example, in [27], SHAP
is applied to explain the way extra trees model predicts learners’ programming progress.
The use of SHAP and LIME can indicate learners’ academic risks, helping teachers
construct interventions [28]. A framework using SHAP values to improve real-time
learners’ performance prediction in serious educational games is presented in [29].

Actual scientific works on XAl in education often target particular topics, such as
pedagogy (e.g., [30]), system design (e.g., [31]), students’ performance prediction [29,
32]. Most reviews provide an overview of opportunities, obstacles, and challenges of
using XAl in education — see for example [8, 24, 33].

Frameworks for understanding XAl in E 4.0 are scarce. Based on insights from the
fields of AI, human-computer interaction, cognitive and learning sciences, a framework
for XAl in education is presented in [5]. It focuses on six aspects: stakeholders, pitfalls
(e.g., inaccurate or incomplete explanations), benefits, approaches to present explana-
tions, Al models, effective design of educational Al tools (e.g., using user experiences)
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[5]. A deep-learning framework for games educational assessment is proposed in [34]
which relies on Mamba State Space Model (see: [35]) and embeds an Episodic Mem-
ory Module to integrate human-understandable educational insights into the decision-
making process, to apprehend key patterns used to predict learners’ performance. This
work is important for E4.0 because game-based assessment is increasingly used to assess
STEM content, cognitive and soft skills [36]. An xAI conceptual framework for engi-
neering education 5.0 and its integration in digital education ecosystems is presented
in [37]; it comprises seven pillars: skills, knowledge, qualifications; teaching; learning;
implementation; ICT Infrastructure; e-assessment; quality assurance.

The investigation of relevant scientific publications revealed that not many frame-
works exist that capture the most relevant stakeholders of XAl in e-learning ecosystems
for E4.0. The need to develop a unified framework for x Al in education that could supply
a set of guidelines for the development and use of XAl in education is highlighted in [8].
Such an artefact would help stakeholders to sustain collaborative efforts among different
organizations towards attaining the (enhanced) goals of education by making use of Al
technologies [8]. This work tackles such aspects, as presented next.

4 XAI in DERE: Stakeholders, Use Scenarios, and Framework

To equip learners or engaged citizens with the knowledge and skills required by 14.0, edu-
cational institutions, research institutes, 14.0 enterprises, companies developing educa-
tional software, national and local authorities collaborate within educational ecosystems.
DERE enable the integration of heterogenous e-learning systems, ICT infrastructures,
and repositories that can be used by different stakeholders in e-learning ecosystems. Ana-
lyzing the characteristics of DERE for E4.0 (as in [4]) and for engineering education 5.0
(as in [37]) and the findings in [38] and [13], ten relevant stakeholders of xAl for DERE
for E4.0 are identified and illustrated in Fig. 1. Differently from [38] and [13], Open Sci-
ence Communities, Research and Technology Transfer institutes are here stakeholders.
Educational Institutions (e.g., universities, professional schools, libraries) traditionally
center on teaching, learning, and assessment activities. Vocational and Employment
Training Centers (VETCs) are also important for E4.0 because they equip learners and
engaged citizens with the knowledge and skills required by the economy as they rely on
networks of stakeholders (e.g., trade unions, chambers), providing educational programs
prior and after employment [39]. Learners, Educators, and Engaged Citizens enhance
their knowledge and skills by having access to outcomes of Research Institutes and
Technology Transfer Institutes, and educational activities offered by Educational Insti-
tutions and VETCs. Open Science Communities advocate to open up practices for the
creation, evaluation, sharing, exploration and storing of scientific knowledge [40], which
are crucial for the pursuit of further professional development and life-long-learning
requirements of E4.0. Policy Makers, National and Local Authorities focus on defining
policies, regulations and assess their compliance. This is especially important for the
deployment of trustworthy Al-enabled educational systems [5]. Funding Agencies have
a critical role in further advancing the areas of XAl for E4.0, for the development of the
required technical infrastructure and research projects assessing the impact of integrat-
ing xAl methods in education. Al and E-Learning Software Development Companies
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are crucial for enhancing the performance of Al solutions in education, development of
explainable outcomes, and continuous enrichment of their software solutions.

Vocational and Employment Educational
Tfaining Centers Institutions
: . g Research
Funding Agencies Institutes
Aland E-Learning Software &5 28 Industry 4.0
Development Companies Enterprises
L
Policy Makers, National and 2 T Technology Transfer
Local Authorities Institutes
Learner, Educator, Open Science
Engaged Citizen Community

Fig. 1. xAl and DERE for E4.0: Main Stakeholders.

Figure 2 illustrates relationships among stakeholders, operations within the DERE,
and where XAl can help. The arrows indicate the flow of information, which is bi-
directional. E4.0 places students at the center of educational activities. Educators (e.g.,
human, robot, virtual tutor), Open Science Communities, Technology Transfer Insti-
tutes, Research Institutes, 4.0 enterprises access and contribute to the teaching/ learning
resources (e.g., teaching and pedagogy methods, Open Educational Resources/OERs,
games for education and assessment, resources for learning factories). The execution of
these actions (marked with dash dot line) is made though the DERE ICT infrastructure,
and specific rights are assigned to each stakeholder (e.g., by system administrators or
owners). Learners access and use educational resources, participate in virtual learning
events and group projects, execute individual and team projects, and XAl can help by
displaying recommendations of additional learning resources with explanations, visual
representations of the work progress, interventions, personalized feedback. By analyz-
ing students’ learning progress, educators can provide (with support from xAl systems)
explanations on the personalized feedback and grades. The administrative employees
of educational institutions receive insights about students’ experience, risk of dropout,
students’ admission selection. Such activities are represented with light blue lines. xAl
systems also help administrative employees to understand data privacy unwished issues
through explanations of specialized studies (e.g., privacy-preserved algorithms, data
leakage detection) when the number of devices connected to the DERE ICT infrastruc-
ture increases. Such insights enable them to take appropriate actions to enhance data
privacy and improve infrastructure performance. Thus, XAl can help with ICT resources
management. Explanations obtained by executing queries on the DERE ICT infrastruc-
ture are represented with dash lines. XAl is also important in the learning factories used
in E4.0, e.g., to understand Al-enabled decisions concerning predictive maintenance,
analysis of data collected from sensors.
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Fig. 2. Framework for XAl use scenarios

5 Conclusions and Future Work

xAlI solutions in digital education provide clear and transparent explanations for the
Al-driven education decisions, enabling trust and accountability [8]. This work explores
the importance of integrating XAl methods in DERE for E4.0, presenting a framework
for structuring the main stakeholders (educational institutions; research institutes; 14.0
enterprises; technology transfer institutes; open science communities; learners, educa-
tors, engaged citizens; policy makers, national and local authorities; Al and e-learning
software development companies; funding agencies; vocational and training centers),
and XAl use scenarios. XAl is useful not only in educational activities (e.g., to enhance
trust), but also in the management of the ICT infrastructure of the DERE for E.4, quality
assurance. Future work will focus on the further extension and validation of the proposed

framework. It is indented to develop an electronic questionnaire and send it to relevant
stakeholders in Germany.
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Artificial Neural Networks (NN) have emerged as one of the key technologies
in machine learning over the past few decades. Among the various architec-
tural design choices, the selection of the activation function plays a central
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Abstract. Artificial neural networks are one of the key technologies
in machine learning. In particular, networks using the ReL.U-activation
function are widely used in the community of formal verification and
theoretical machine learning. Such networks can be represented by their
linear decomposition, which consists of a set of convex polytopes together
with associated linear functions that capture the network’s behavior.
This representation provides detailed insights into the learned structure
of the model and enables the quantitative analysis of both linear and
non-linear verification problems. However, obtaining the linear decom-
position poses a computational challenge.

To the best of our knowledge, only two algorithms have been proposed
for this task, yet a systematic and objective comparison between them
is still missing. In this work, we implemented both approaches and con-
ducted a comprehensive empirical evaluation of their runtime across a
range of benchmark settings. Our results show that while one algorithm
outperforms the other in many scenarios, both exhibit distinct strengths
and weaknesses. Consequently, no single algorithm emerges as the clear
winner, highlighting that performance is fundamentally shaped by the
network’s structural properties.
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role. One of the most widely used activation functions in the community of
formal verification is the Rectified Linear Unit (ReLU), defined as follows:
ReLU(z) := x for > 0, otherwise 0 [2,6]. In combination with the weights,
a NN with ReLU activation function divides its input space into convex poly-
topes, upon which the graph of the NN is given as a linear function. We call
the polytopes and corresponding functions, that represent the NN, the linear
decomposition (LD). The LD offers a unique perspective on the NN that can be
used to analyze and understand central aspects of machine learning. Researchers
have used it to e.g. analyze the influence of different NN architectures on the
partition of its input space [1], the impact of neurons on the behavior of the
NN with respect to their depth in the architecture [4], or the global decision
boundary in computer vision experiments [5].

Algorithms for obtaining a global LD are scarce, particularly for NN with
input spaces of arbitrary dimension. To the best of our knowledge, there are two
algorithms which we nickname the intersecting- [9] and the exploring-algorithm
[8,10].

There is no benchmark available that compares the two algorithm types side
by side. This is what we set out to do in this work. Since the runtime of both
algorithms is dependent on the NN that is decomposed, it is hard to calculate
how the runtime of the algorithm behaves with parameters like e.g., NN depth.
In the first experiment we address this gap by measuring the runtime of the
algorithms with respect to the depth and number of neurons of the decomposed
NN. However, the NN in this first experiment are specifically designed to measure
scalability and don’t represent structures that are often encountered in praxis.
Thus, in the second experiment, we measure the runtime of the two algorithms
on structures that are frequently encountered in the literature.

2 Algorithms for Linear Decompositions

Our implementations of both algorithms' follow a common structure, with the
LD computed in a layer-by-layer? fashion [9,10]. For a firm mathematical for-
mulation of the underlying concepts, we refer to Ferlez et al. [3].

In general, each neuron’s activation function in a given layer divides the input
space into two half-spaces, separated by a hyperplane. The location of these
hyperplanes is determined by all weights, biases, and activation functions that
come before the corresponding neuron. Once the hyperplanes are computed, the
next step is to obtain the partition of the parent polytope in the input space into
child polytopes defined by these hyperplanes and the hyperplanes of the parent
polytope. Both of our algorithms return a set of nonempty polytopes in their min-
imal representation. To check whether a hyperplane is necessary for representing
a given polytope, a linear program of size #planes x input-space-dimension has
to be solved. After the partition of the parent polytope induced by one layer is

! Code available at Zenodo.
2 We speak of the combination of the ReLU with the linear weights before or, in case
of the end of the NN behind it, as layer.
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obtained, the same procedure can be applied recursively to each child polytope
in the partition.

The intersecting algorithm [9] first considers all hyperplanes of the layer indi-
vidually. The parent polytope is divided in two split polytopes by any hyperplane
that intersects with it. To obtain a given child polytope, a set of one split poly-
tope per hyperplane is considered. All polytopes in this set are intersected to
obtain the final (possibly empty) child polytope. For k hyperplanes, splitting the
parent polytope and the resulting 2k split polytopes, there are consequently 2%
ways to calculate intersections and find child polytopes. Each of these intersec-
tions has to be calculated to find the set of child polytopes.

As an alternative to the intersecting algorithm, which has to compute all pos-
sible intersections, Vincent et al. [8] and Xu et al. [10] introduced the exploring
algorithm. The exploring algorithm starts with one point in the parent polytope.
It then calculates the smallest polytope that can be formed by the newly intro-
duced hyperplanes and the hyperplanes forming the parent polytope, around
that specific point.

Each face of this polytope that is not shared with the parent polytope repre-
sents a boundary to a neighboring nonempty polytope. For each such neighbor,
the algorithm checks whether it has already been explored and, if not, repeats
the process. The procedure terminates once all identified polytopes have been
explored and no new polytopes are found. This approach guarantees that each
polytope is explored only once and considers only nonempty polytopes, making
the runtime proportional to the actual number of child polytopes rather than
the theoretical upper bound of 2. The trade-off is that all splitting hyperplanes
and bounding planes of the polytope have to be taken into account at each step
of polytope formation.

When comparing the two algorithms, the intersecting algorithm generally
requires solving a larger number of linear programs, whereas the exploring algo-
rithm deals with fewer but larger linear programs. Consequently, which algorithm
is ultimately faster depends on the specific polytope structure generated by the
NN, which in turn depends on the NN architecture and its weights. Due to these
complex dependencies there is no known theoretical way to estimate how the
runtime of the algorithm scales with parameters like NN input dimension or
depth and how it behaves on common architectures.

3 Benchmarking Algorithms for Linear Decomposition

To address our two research objectives, namely scaling behavior and runtime on
common NN structures, we conducted two experiments comparing the intersect-
ing and exploring algorithms. Each experiment was dedicated to one of our two
research questions.

3.1 General Setup

In both experiments, the NN’s LD was calculated within a hypercube in the
input space, centered at the origin and spanning an edge length of two.
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The experiments were conducted on untrained NN that were initialized with
random weights by means of PyTorch’s [7] default procedure for random initial-
ization. Both algorithms were implemented using a shared C++ backend to gain
greater control over the runtime behavior of the algorithms. All experiments
were conducted using an “XMG PRO (E22) (XPR15E22)” laptop running an
Intel Core i7-12700H CPU (14 Cores, microcode 1075) and 64 gigabytes of RAM
on two 32 gigabyte banks clocked at 3200 MHz. No parallelization was used in
the experiments to minimize the difference in runtime due to process scheduling
and resource availability.

Not training the NN is motivated by two reasons. First, We don’t want to
introduce more parameters, like e.g., training algorithm and training task into
the pipeline, since they can strongly differ from domain to domain. Secondly,
preliminary tests indicated that training always seemed to reduce the number
of polytopes, which in turn lowered the runtime. Consequently, untrained NN
serve as “reasonable worst-case” scenario for empirical runtime evaluation. For
each algorithm for the LD and each of the NN architectures featured in the
experiments, we opted to calculate the decomposition 100 times, using different
random initialization for the NN weights. We used a scheduling algorithm to
distribute runtime evenly across all NN. We did not have enough resources to
finish the computation of all 100 instances for all NN, resulting in fewer data
points for the runtime intense configurations.

3.2 Experiment 1: Scaling Behavior

To investigate the scaling behavior of the runtime, we evaluated both algorithms
on fully connected feed-forward NN that have the same number of neurons on
each layer. We measured the runtime for NN with two to ten neurons per layer
and depths varying from one to three layers.

The results can be seen in Fig. 1. Despite comprising at the most 30 neurons
(Fig. 1a), the largest NN we decomposed required several hours to compute its
LD. NN with 3 layers: The measured runtime for NN with three layers can
be seen in Fig. la.

Comparing the runtime of the two algorithms across different numbers of
neurons, we observe that both algorithms exhibit similar runtimes for small
NN (two neurons per layer). However, as the number of neurons increases, the
exploring algorithm begins to show a significantly better asymptotic runtime
behavior. Moreover, the runtime of both algorithms appears to grow polynomial
in these settings (in partial agreement with [3]).

NN with 1 Layer. In contrast to the experiments on multi-layer NN, an inter-
esting phenomenon occurs when computing the LD of single-layer NN (Fig. 1b).
While the exploring algorithm is faster for NN with three to eight neurons, it is
outperformed by the intersecting algorithm as the number of neurons increases
further. The experiments suggest an exponential growth in runtime.

As a side experiment, we also explored much deeper NN comprising several
hundred layers. We found that the number of new polytopes introduced per layer
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Fig. 1. The left plot (a) displays the runtime for a NN consisting of three layers, each
containing the same number of neurons. The right plot (b) displays the runtime for a
NN consisting of a single layer. Numbers below the box plots denote the number of
data points that were aggregated to the box plot.

drops drastically, so that after the fourth or fifth layer, virtually no additional
polytopes are added to the decomposition.

3.3 Experiment 2: Runtime on Common Network Structures

To investigate the runtime of both algorithms on NN structures that are fre-
quently encountered in applied scenarios, we tested them on fully connected
encoder, decoder, and autoencoder architectures. Encoder NN have the high-
est number of neurons in the first layer, with progressively fewer neurons in
subsequent layers, whereas decoder NN follow the opposite pattern. Autoen-
coder NN consist of a concatenation of an encoder and a decoder, with equal
input and output dimension. The results of these practical tests are shown in
Fig. 2. The exploring algorithm consistently outperforms the intersecting algo-
rithm across all tested NN. Interestingly, decomposing the decoders is roughly an
order of magnitude faster than decomposing the encoders. All decoders, except
of one, have a two-dimensional input. However, the single decoder with the
three-dimensional input exhibits the highest runtime among the decoders, even
compared to NN with more than twice as many neurons. For autoencoders,
the decomposition runtime is similar to that of encoders with the same input
dimension.

3.4 Discussion

As discussed in Sect. 3.2, the runtime behavior of the intersecting algorithm is
better than that of the intersecting algorithm, except when composing the first
layer. One possible explanation for this observation is that, in the first layer of
a NN, nearly all possible intersections of hyperplanes are nonempty. As a result,
the number of polytopes processed by both algorithms, and consequently the



Comparison of the Runtime of Two Algorithms for the Linear Decomposition 219

Runtime of Algorithms for different Structures

Runtime / s

2,3, 4] 3,51 [2,3,4,56] [4, 2, 4] 5,4,3,2,3,45]
# Neurons per Layer (65, 4,3, 2,3, 4,5, 6]

1, 2] [5,4,3,2] [6,5,4,3,2] 02, 41

Fig. 2. Runtime of the intersecting and exploring algorithm on multiple NN structures.
Numbers below the box plots denote the number of aggregated data points.

number of calls to a linear program solver, is almost identical. In such cases,
the intersection algorithm can outperform the exploring algorithm because it
considers fewer hyperplanes at each step, making each linear program faster to
solve. This observation is in partial agreement with Hanin et al. [4], who also
report that the first layers and the input dimension have the greatest impact on
the total number of polytopes in the LD. In the second experiment, discussed
in Sect. 3.3, there is a strong connection between measured runtime and the
number of neurons on the first layer. This is consistent with the notion that
most polytopes get introduced on that layer. Furthermore, the input dimension
defines the row dimension of the linear problems that need to be solved during
the calculation of the LD.

4 Conclusion and Outlook

We tested two algorithms for computing the LD of ReLU-NN across different
NN structures. For multi-layer NN, both algorithms appear to scale polynomial.
The exploring algorithm [8,10] is faster in almost all cases, except for the decom-
position of the first layer, where the intersecting algorithm [9] performs better.
Additionally, our results support the theory that the input dimension and input
layer have the strongest influence on the number of polytopes in the LD.

The high runtime of both algorithms limited our analysis to relatively small
NN, raising the question of whether these results generalize to larger archi-
tectures. Based on our findings, we identify three directions for future work.
First, the algorithms could be accelerated through parallelization. Second, a
more detailed analysis of the formation of linear regions would allow for a better
theoretical runtime estimates. Third, following the direction of [4], the influence
of training on the formation of linear regions should be investigated.

Finally, for practical applications, we recommend decomposing the first layer
with the intersecting algorithm and all subsequent layers with the exploring
algorithm to achieve the best runtime performance.
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Abstract. This article proposes a methodology for evaluating Al sys-
tems as components of social mechanisms rather than isolated artefacts.
The research question we answer in the paper is: How can an Al sys-
tem’s contribution to a human—agent mechanism be assessed with respect
to collective outcomes, welfare, norms, and risks? Combining mechanism
design with analytical sociology, we propose the Star-Durkheim test as
a diagnostic instrument for asking which collective goal is implemented,
how welfare and fairness are affected, and which causal social dynam-
ics may emerge. The test does not ask whether an Al appears human
as done in the well-known Turing test, but investigates whether it con-
tributes to, distorts, or endangers a socially situated mechanism. Note-
bookLM, Wikipedia, and autonomous vehicles illustrate the method;
LLM prompting is treated as prototyping a Star-Durkheim test, not as
full test automation.

Keywords: Al evaluation - social mechanisms + mechanism design *
Star—Durkheim test - human-agent interaction

1 Introduction and Research Gap

Artificial intelligence is increasingly embedded in work, administration, edu-
cation, knowledge production, and public infrastructure. Nevertheless, evalua-
tion is still often framed as a comparison between a single AI system and a
human benchmark. This framing is historically shaped by the Turing test [14]
and continues in debates on human-level Al and anthropomorphism [6,16]. It
helps measure task performance, but is too narrow when Al systems operate
inside arrangements involving humans, institutions, norms, incentives, and other
agents.

The gap addressed here is therefore not another benchmark for isolated model
capability. The gap is a method for evaluating Al-in-use: Al systems that change
the behavior of human participants, redistribute benefits and risks, and help
generate collective outcomes. Related work exists in neighboring areas. Chat-
bot evaluation studies user satisfaction, trust, task success, and breakdowns
© The Author(s), under exclusive license to Springer Nature Switzerland AG 2027
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[10,11]. Human-machine social systems emphasize mixed networks [13]. Mecha-
nism design analyses outcomes, incentives, welfare, and fairness [9,15]. Our con-
tribution is to integrate these strands into a compact diagnostic framework for
social-mechanism evaluation rather than to present a new technical benchmark.

We call this framework the Star—Durkheim test. The name refers to Susan
Leigh Star’s proposal to shift attention from individual intelligence to the situ-
ated coordination work by which heterogeneous actors make collective action
possible [12]. Furthermore, Durkheim’s classic sociological concept of “social
facts” is significant, as these facts exist outside the individual and constrain his
or her actions. A useful Al system must therefore be evaluated by how it partic-
ipates in rule-governed, normatively structured, and causally effective collective
settings. This also explains why the Turing test is not rejected as historically
irrelevant; it is rejected as insufficient for systems whose main effects arise in
social deployment. A longer version of this paper is provided in [5].

2 Social Mechanisms

We use the term social mechanism for a social context in which humans and arti-
ficial agents interact to achieve a purpose under constraints relevant to humans,
such as safety, fairness, accountability, and trust. An agentic Al system is then
not merely a software component, but a participant in a mechanism. The object
of evaluation is consequently neither the isolated model nor the whole of society.
It is the contribution of a specific Al system, or a class of such systems, to a
defined human—agent mechanism.

Mechanism design asks how rules can be designed so that individual actions
lead to a desired collective outcome. Important concepts include the social choice
function, social welfare, incentive compatibility, fairness, individual rationality,
and budget balance [9,15]. In real human—agent settings, however, human behav-
ior cannot be reduced to stable preferences or perfect rationality. Humans inter-
pret rules, react to framing, have limited attention, and participate only if they
trust the mechanism. A social mechanism must therefore be incentive-compatible
for agents and behavior-compatible for humans.

Analytical sociology adds a complementary perspective: mechanisms explain
how macro-level patterns emerge from micro-level actions [4,8]. It distinguishes
causal explanation, micro-foundations, generativity, social dilemmas, homophily,
and tipping points. In social practice, participants will understand and interpret
mechanisms differently. Required is not perfect shared understanding, but suf-
ficient visibility of rules, risks, and contestable outcomes for participants and
regulators.

Thus, a social-mechanism perspective adds two questions to ordinary system
evaluation. First, what is the mechanism in which the AI system becomes conse-
quential? Second, how does the system change the relation between micro-actions
and macro-outcomes? These questions make the evaluation object explicit and
prevent the analysis from drifting between the agent, a multi-agent system, and
an entire social situation.



Evaluating AI as Part of Social Mechanisms 223

3 The Star—Durkheim Test

The Star—-Durkheim test is not a pass/fail imitation test. It is a diagnostic check-
list with an explicit scoring convention. For a given Al system A, a mechanism M,
and a participant group P, the test asks ten questions. Each item can be rated
as supported, partly supported, unsupported, or unclear. A mechanism passes
only for a stated evaluation purpose, for instance “deployment in a classroom”,
“public-traffic participation”, or “knowledge-curation support”. Passing does not
require all answers to be positive. Rather, it requires that the intended collective
goal is explicit, major harms are bounded, and unsupported or unclear items are
treated as design or regulatory obligations.

1. Social choice function. What collective outcome is the mechanism sup-
posed to produce?

2. Social welfare. Whose utilities, risks, and benefits count, and how are trade-
offs justified?

3. Incentives. Can participants gain by manipulating inputs, rules, or other
participants?

4. Fairness. Are risks and benefits distributed equitably across affected groups?

5. Budget balance. Are costs, data extraction, externalities, and infrastructure
burdens internalized?

6. Causal explanation. Can relevant outcomes be traced to rules, inputs, deci-
sions, and interactions?

7. Micro-foundations. Which local actions aggregate into macro-outcomes?

8. Generativity. Which repeated interaction patterns produce new norms or
institutions?

9. Social dynamics. Which dilemmas, homophily effects, or strategic behaviors
may arise?

10. Tipping points. Which thresholds could abruptly change behavior, norms,

or risk?

The test is deliberately broader than a technical benchmark. It can incorpo-
rate technical evidence, empirical user studies, logging, legal analysis, stakeholder
interviews, and simulation. Chatbot evaluation studies are relevant here, not as
competitors, but as evidence sources for particular items such as trust, task suc-
cess, user adaptation, and breakdowns in interaction [10,11]. The test therefore
yields an audit trail: a table of ratings, the evidence used for each rating, and
the resulting design or regulatory consequences.

4 Three Example Mechanisms

4.1 NotebookLM

NotebookLLM is a document-grounded system in which a human uploads sources
and receives summaries, answers, or audio overviews. The mechanism has a
relatively narrow purpose: to help a user transform a document collection into
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usable secondary artefacts. We avoid the term “ground truth” here because many
social mechanisms have multiple desirable outcomes and contested preferences.
Instead, evaluation should compare the output with the uploaded sources, the
user’s stated purpose, and the expectations of the intended audience.

NotebookLM differs from a general chatbot because it is a retrieval-
augmented system. Explanations of particular outputs should therefore rely pri-
marily on source links, retrieved passages, and the transformation from source
material to generated text, not merely on prompts or hidden model states. This
makes causal explanation partly supported: the source basis may be inspectable,
while the generation process remains only partly transparent. The mechanism
is generative in the weaker sense that repeated interactions can produce new
summaries, research notes, and teaching material. Claims about filter bubbles,
homophily, or tipping points should be treated cautiously unless there are mul-
tiple users, shared corpora, or institutional adoption.

4.2 Wikipedia

Wikipedia is a large-scale knowledge-production mechanism in which humans
and software agents jointly maintain articles. Bots revert vandalism, repair links,
recommend tasks, and enforce procedural routines. A crucial distinction is that
these bots are not the same as free LLM-based text generators. Wikipedia com-
munities have developed strict rules for automated editing and increasingly cau-
tious rules for LLM use, especially because unverifiable generated text can under-
mine sourcing norms. The social choice function is not “the true article”, but a
provisionally accepted article version produced under Wikipedia’s norms of ver-
ifiability, neutrality, and community oversight. Fairness must also be treated
as only partly supported. Formally, many users can edit; socially, participa-
tion is affected by expertise, time, conflict tolerance, and gendered participation
patterns, a point emphasized in studies of Wikipedia’s gender gap [7]. Causal
explanation and micro-foundations are relatively strong because edits, reversions,
talk-page discussions, bot actions, and policy references are archived. Genera-
tivity is strong: repeated editing produces not only articles but also norms, role
structures, dispute procedures, and institutional memory.

4.3 Autonomous Vehicles

Autonomous vehicles in public traffic participate in a mechanism involving
pedestrians, cyclists, human drivers, regulators, insurers, manufacturers, and
infrastructure. The collective goal is not merely efficient mobility, but safe, law-
ful, predictable, and publicly legitimate mobility. Social welfare must include
travel time, safety, environmental effects, accessibility, infrastructure costs, and
the distribution of risks across vulnerable road users.

The trolley problem is commonly used as an example of a social dilemma.
This is considered as misleading. As Coeckelbergh argues, trolley-style thought
experiments often abstract from the social and subjective context in which real
traffic decisions occur [3]. More relevant dilemmas include strategic yielding,
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congestion externalities, unequal deployment across neighborhoods, overreliance
by human drivers, and conflicts between manufacturer optimization and public
safety. Tipping points may arise when the share of autonomous vehicles changes
traffic no rms or infrastructure de sign. Homophily may arise if vehicle-to-vehicle
communication privileges autonomous vehicles over humans who cannot partici-
pate in that communication channel. The discussion of this section is summarized
in Table 1.

Table 1. Illustrative Star-Durkheim ratings. “Partly” and “unclear” are not failures;
they identify design and evidence needs.

Dimension NotebookLM |Wikipedia/Autonomous vehicles
Social choice function|supported supported |[supported
Social welfare partly partly partly
Incentives supported partly partly
Fairness supported partly partly
Budget balance unclear partly partly
Causal explanation |partly supported |partly
Micro-foundations partly supported supported
Generativity supported supported |[supported
Social dynamics limited /unclear|partly supported
Tipping points unclear supported supported

5 From Prompting to Test Protocols

As part of our research process, we asked ChatGPT to apply the test to lit-
erature about autonomous vehicles. We now treat such prompting as a purely
exploratory step. Asking an LLM to perform the Star—Durkheim test does not
automate it.

It can summarize known arguments, reveal missing dimensions, or generate
a first coding scheme, but it cannot observe the actual mechanism or verify
the contribution of an Al system in practice. A credible research design would
require four steps. First, define the mechanism, participants, institutional set-
ting, and intended deployment purpose. Second, collect evidence: system docu-
mentation, logs, user studies, stakeholder interviews, simulations, and regulatory
constraints. Third, rate each test item with justification and uncertainty. Fourth,
translate unsupported or unclear items into design changes, deployment restric-
tions, or regulatory obligations. The LLM may assist in drafting hypotheses,
but the test itself must be grounded in empirical and institutional evidence.
This formulation also clarifies the role of the examples: they are not empiri-
cal validations, but worked illustrations of how the diagnostic vocabulary can
structure later empirical work.
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6 Economic and Regulatory Relevance

Brynjolfsson’s “Turing trap” warns that human-like automation can concentrate
wealth and power, whereas Agrawal, Gans and Goldfarb describe “Turing trans-
formations” in which AT augments work by reorganizing tasks [1,2]. The differ-
ence is not only technical. It depends on the mechanism: who controls the Al,
who benefits from productivity gains, who bears errors and externalities, and
which counterfactual institutional arrangements are available.

This mechanism perspective also sharpens regulation. Risk-based frameworks
such as the EU AI Act are necessary, but they mainly classify systems and obli-
gations. A Star—Durkheim analysis asks an additional question: in which social
mechanism is the Al embedded, and what does it do to welfare, fairness, incen-
tives, explanation, and collective stability? This does not replace legal compli-
ance; it connects technical evaluation, social-scientific explanation, and regula-
tory judgement. It is especially useful where technical compliance alone leaves
open whether an Al system changes roles, incentives, or institutional dependen-
cies in unacceptable ways.

7 Conclusion

The Star—Durkheim test reorients Al evaluation from human imitation to social
contribution. It asks how a system participates in mechanisms that generate
collective outcomes, distribute welfare, stabilize or destabilize norms, and affect
human participants. The test framework remains conceptual, but it is formu-
lated as a research design: it defines the object and pass condition of the test; it
distinguishes LLM prompting from real test automation; and it qualifies spec-
ulative claims in the examples. It also defines the mechanism, gather evidence,
rate the diagnostic items, and derive design or regulatory consequences. Thus,
the test is not an alternative to benchmarks, user studies, or legal analysis. It
connects them when Al systems become part of social mechanisms.
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Abstract. Recent advances have introduced speech-to-speech (S2S)
conversational assistants capable of producing natural-sounding interac-
tions, including non-verbal cues like tonality and mood. In the automo-
tive domain, this enables intuitive and humanlike in-car dialogue expe-
riences. However, integrating these end-to-end assistants limits architec-
tural options for programmable domain-specific safeguards. This paper
discusses two implementation approaches for S2S guardrails: transcript-
based and tool-based. Through an empirical evaluation, we demonstrate
that both strategies are insufficient for industrial deployment in most
cases due to prohibitive latency (delaying each answer by 0 to 1.4s
even for computationally cheap checks) and technical impediments (like
potentially non-deterministic tool call behavior). Finally, we outline open
challenges for S2S guardrails in the automotive context.

Keywords: LLM - Speech-to-Speech Assistants -+ LLM Guardrails -
Responsible Al

1 Introduction

Voice interaction is a natural fit for automotive applications since it reduces
manual and visual workload and allows eyes on road and hands on wheel. In
contrast to traditional speech recognition systems, the use of Large Language
Models (LLMs) in speech assistants enables free conversation flow instead of
fixed keyword detection and a more natural understanding of user commands.
However, this conversational freedom also enables novel attacks on the overall
system. This is exacerbated with Speech2Speech (S2S) systems: While they offer
new capabilities like producing and reacting to speech tonality, this comes at the
cost of less control over the system’s data flow: S2S systems allow less control
over intermediate results than traditional text-based systems, i.e. more steps are
handed off to the model itself or to a vendor’s black box. Present safeguards
do protect certain parts of such a system, but new attack surfaces also require
new defenses. It remains an open question whether vendor blackbox guardrail
© The Author(s), under exclusive license to Springer Nature Switzerland AG 2027
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approaches can fully capture application specific requirements, organizational
constraints, and contextual threat models. Therefore, custom application-level
guardrails are necessary to enforce concrete behavioral constraints beyond model
intrinsic safeguards.

We explore two approaches for custom guardrails within implementation
frameworks given by three major LLM vendors (Amazon, Google, and Ope-
nAl): transcript-based and tool-based guardrails (see Sect. 3). To verify their fun-
damental applicability, we performed latency tests comparing a no-protections
baseline against both guardrail variants. These experiments reveal that for two of
the investigated APIs, guardrails introduce significant delays incompatible with
fluid conversation, and that essential features for reliable guardrails integration
are lacking. We discuss directions for future work and current shortcomings that
need to be addressed for in-production use of custom made guardrails in S2S
assistants.

2 Related Work

Many voice assistants rely on a chained architecture consisting of Speech Recog-
nition, a text-based Large Language Model, and Text-to-Speech synthesis [7].
Recent Speech-to-Speech (S2S) architectures supersede this by processing and
generating speech and audio directly without intermediate text [5,7,22]. This has
the advantage of more natural conversation and may include non-verbal speech
features like emotion and tonality. Multiple open- [8,9,16,25] and closed source
solutions [1,11,19] exist.

Many approaches for LLM guardrails have been suggested [10]. Commer-
cial providers offer configurable guardrails [3,12,18]. However, these are pre-
dominantly designed for text-based interactions and offer limited configurabil-
ity for domain-specific requirements. Some frameworks [13,17] do provide pro-
grammable guardrails, but their integration with streaming S2S APIs introduces
latency that may be unacceptable for real-time conversation.

Deploying speech assistants in vehicles introduces domain-specific require-
ments spanning technical resilience, safety, privacy, and fairness [21]. Resilient
systems must defend against attacks that could trigger dangerous vehicle maneu-
vers. Privacy concerns arise when attackers extract sensitive information such as
calendar entries or navigation history [26]. Circumventing safeguards to gener-
ate hate speech or discriminatory content violates fairness principles [24]. Auto-
motive standards like TARA (ISO/SAE 21434 [14]) were developed for tradi-
tional cyber-physical systems with deterministic behavior, not for the proba-
bilistic, adaptive, and linguistically unpredictable characteristics of generative
Al In addition, the automotive context imposes constraints including latency
requirements for natural conversation (below approximately 0.4s added delay
[6,15,23]) and integration with safety-critical vehicle systems. These constraints
make direct application of generic guardrail frameworks challenging.
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3 S2S Guardrail Implementation Options

Based on the considerations above, we implemented two variants of S2S
guardrails: Transcript-based and tool-based. Transcript-based guardrails denote
functionality operating on transcripts handed back by the LLM. The transcripts
may be constructed by the main LLM itself (as is the case for Gemini Flash [11]
and Nova Sonic [4]) or by an auxiliary model (e.g. whisper-1 or gpt-4do-transcribe
in case of GPT Realtime [20]). Figure 1 shows their data flow: (1) An arbitrator
(e.g. a car’s software backend) sends audio to the LLM. (2) In parallel, the LLM
(a) creates a transcript that is passed to the input guardrails, and (b) creates
an audio answer that is sent to the arbitrator and buffered there. (3) The input
guardrails notify the arbitrator about their result based on the transcript. (4)
The arbitrator sends the buffered audio to the output device if the guardrails
were passed. Otherwise, the arbitrator instructs the model to react with previ-
ously defined refusal behavior.

Voice Voice
LLM LLM tool
execution
transcript _\,
1 tOOl 4 Aud)ul
request
/ 1 !;
~drails
guardrails 5 guar
— <> — <>
4 arbitrator 8 arbitrator
Fig. 1. Transcript-Based Guardrails. Fig. 2. Tool-Based Guardrails.

Tool-based guardrails denote separate functionality whose execution is
requested by the LLM. Figure 2 shows the data flow: (1) The arbitrator sends
audio to the LLM. (2) The LLM sends a tool request for the guardrails tool
containing necessary parameters (like the transcript). (3) The arbitrator passes
on the request and parameters to the guardrails tool. (4) The guardrails tool
judges the input and passes back the result to tool execution. (5) Tool execu-
tion notifies the arbitrator about the result. (6) The arbitrator passes on the
full tool result to the LLM. (7) The LLM decides between blocking and passing
behavior based on the guardrails tool result, generates fitting audio, and sends
the audio to the arbitrator. (8) The arbitrator sends the audio to the output
device. Model providers may offer configurable guarantees about deterministic
tool usage [2|. However, at the time of this writing no vendor offered comprehen-
sive tool pipelining which may be necessary if guardrails require several tools,
or if guardrails coexist with other mandatory tools.

Note that while transcript-based guardrails show fewer communications steps
than tool-based guardrails between components in the architecture, the former’s
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implementation requires a larger amount of custom code since it offloads fewer
steps to the LLM.

4 Evaluation Setup

Detection accuracy or similar measures are not part of our analysis. We focus on
the following non-functional requirements since they are a necessary precondi-
tion for industrial application: (R1) minimal added latency, (R2) deterministic
model response when refusing user input, and (R3) safety first, i.e. guardrails
must reliably be evaluated before every model answer. R2 and R3 are general
requirements for guardrailed systems, while R1 specifically concerns the conver-
sation flow benefits S2S systems deliver over chained systems: Adding delay as
low as 0.4s into conversations negatively impacts people’s impression of their
counterpart [23] and introduces confusion into the conversation [6]. Therefore,
for S2S systems to be able to play to their strengths, guardrails introduced into
the system should not significantly delay answer times.

Evaluation is broken up along the dimensions model (Google’s Gemini
Flash, Amazon’s Nova Sonic, OpenATl’s GPT Realtime), guardrails (none, tool-
based, transcript-based), and input (malicious, non-malicious). Malicious input
is defined as all text containing the specified trigger word “whale”, a benign word
that model vendors’ own safety checks should not identify as problematic. This
rules out conflicts between self-implemented and vendor-implemented guardrails.
The three test dimensions’ value sets yield 3 * 3 *x 2 = 18 distinct setups. Each
test run was repeated 300 times, resulting in a total number of 5400 runs. To
prevent temporary black box effects or time-related influences (like temporarily
slow internet connectivity) from potentially overshadowing the effects of inter-
est, the tests were repeated only after a single run along all test dimensions was
completed, i.e. after each unique combinations of model, guardrails, and input.

5 Evaluation Results

As overall latency, we track the time that passes between the end of the user
input (i.e. the time the user stops speaking) and the first audible response of
the system. While the tool-based approach means no answer is generated until
the mandatory guardrail result is returned, transcript-based guardrails need to
interrupt running answer generation. At the time of this writing, not all vendors
offered programmatic interruptions of a running session. To preserve compara-
bility between vendors, interruption was performed by streaming a fixed audio
message to the model asking for refusal. Duration of this audio message was
subtracted from pertaining latencies to emulate an immediate interruption.
Figure 3 shows the results. The x-axis shows the delay between user speech
end and start of the model’s audio playback in milliseconds, the y-axis shows
the density distribution of measurements, separated by whether the input was
malicious or not. Each combination of model and guardrail type is shown in a
separate plot. In addition to the density, the P50 quantiles for non-malicious and
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Fig. 3. Guardrails and Models Comparison.

Table 1. Latencies - Milliseconds non-malicious/malicious

model |guardrails P50 n/m P90 n/m P99 n/m mean n/m/SD n/m
Geminijnone 1616,/16632278 /23413598 /3311|1828/1862(485,/409
Gemini[tool 3096,/2438/4109/3044/5009 /3566|3149 /2574|723 /356
Geminiltranscript|1920,/2339/3070,/29604090,/3421|2216/2477|602/313
Nova |none 1931/24312070/25912269,/2876|1949/2457|127 /155
Nova [tool 2841/3106(3018,/3265(3478 /3447|2825 /3081 |220,/213
Nova [transcript|2004,/2385/2153/2658(2333/2924/2022/2431(112/192
GPT |none 1391/13292112/17083035,/2320|1488/1379|482/285
GPT |tool 2693/2697|3545 /3586|4766 ,/5040/2819/2841 556 /646
GPT transcript 2146,/31993107/4591 4394 /581122743377 627 /366

malicious inputs are shown by dashed lines. Refer to Table 1 for the numeric val-
ues of P50, P90, and P99 quantiles, in addition to mean and standard deviation
(truncated to full milliseconds).

For the “no guardrails” case, the difference between malicious and non-
malicious input is expectedly negligible. Only Nova Sonic shows a slight differ-
ence, at a more narrow overall distribution than the other models. This difference
is likely explained by the mildly different user inputs.

Tool guardrails delay answers for all models by roughly 0.6 to 1.4 s on average,
with marginally larger delays for Gemini Flash and GPT Realtime compared to
Nova Sonic. This impacts both malicious and non-malicious cases, as tool use
always requires two model inferences (one to request the tool’s result, another
to use the tool’s output) independent of the kind of input. Gemini Flash exposes
a broader distribution in the non-malicious case, and a few outliers with longer
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Table 2. Requirements Compliance

Transcript-based Tool-based
GeminiNovaGPT GeminiNovaGPT
R1 non. 0.3s 0Os 0.7s 1.4s 0.9s 1.3s
R1 mal. 0.6s 0Os 1.8s 0.7s 0.6s 1.3s
R2 ok ok ok ok ok ok
R3 ok ok  limited limited ok  limited

durations occurred for Gemini Flash and GPT Realtime. Apart from these dif-
ferences, and from the shift caused by added latency, the basic behavior of the
models remain largely similar to the no guardrails case.

Transcript guardrails show slightly more varied distributions comparing mali-
cious and non-malicious cases. Overall, they outperform tool-based guardrails in
every case except for GPT Realtime and malicious input. The added latency in
the non-malicious case is small enough for productive deployment for Gemini
Flash and Nova Sonic. The latter shows added latency around 0s for transcript
guardrails in both cases. Note that the non-malicious case is less impacted for
Gemini Flash and Nova Sonic than for GPT Realtime. This is likely due to the
differing architecture of the corresponding inference systems, i.e. GPT Realtime’s
separate transcription model (see Sect. 3).

The overall compliance of the analyzed model and guardrail options with
the requirements from Sect.4 is shown in Table 2. Checking for deterministic
refusal response (R2) did not expose any adverse behavior in our tests. Concern-
ing safety, i.e. guardrails before answer (R3), transcript-based guardrails were
well behaved with the (anecdotal) exception of some transcription errors for GPT
Realtime, which could lead to guardrails erroneously passing. While we observed
no errors for tool-based guardrails concerning R3, only Nova Sonic strictly guar-
antees tool execution before query answer. Concerning added latency (R1), all
tool-based guardrails exceed the acceptable threshold with delays of 0.6-1.4s
for both benign and malicious input. Transcript-based guardrails violate this
requirement for malicious input for Gemini Flash, and for both input types for
GPT Realtime. Nova Sonic with transcript-based guardrails is the only com-
bination that does not surpass the established 0.4s threshold, with almost no
added latency, and is therefore fully compliant with R1.

6 Future Work and Conclusion

Speech2Speech assistants offer compelling features like natural conversation flow.
However, these come at a cost: the consolidation of speech processing into
opaque, vendor-controlled models eliminates the intermediate text representa-
tions that conventional LLM guardrails depend upon. This case study examines
two implementation options for regaining this control. The question it answers
is “can customizable guardrails be integrated into S2S systems such that S2S
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benefits are preserved”. We find that only one of the three vendor offerings inves-
tigated satisfies the corresponding requirements at the time of this writing. By
consequence, productive use of S2S systems is currently dependent on external
factors dictated by vendors, and thus is subject to change. As a next step, stud-
ies on the effectiveness of customizable guardrails according to their specific use
cases are a necessity.

For vehicle assistants, this means the requirements for production-grade S2S
guardrails cannot yet be fully guaranteed. Several developments could change
this picture: vendor APIs exposing reliable and fast transcript streaming, mid-
session refusal mechanisms, and novel approaches such as audio-native guardrails
that bypass text intermediaries entirely. The automotive industry has long bal-
anced innovation against safety. S2S technology is no exception: its benefits are
evident, but so are the gaps between current capabilities and production require-
ments. Closing these gaps will require coordinated progress from model vendors,
framework developers, and automotive integrators alike.
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Abstract. We present a neurosymbolic approach to validating offer doc-
uments in regulated public institutions. We employ a language model to
extract information and then aggregate it with an LTN (Logic Tensor
Network) to make an auditable decision. In regulated public institutions,
decisions must be made in a manner that is both factually correct and
legally verifiable. Our neurosymbolic approach allows existing domain-
specific knowledge to be linked to the semantic text understanding of
language models. The decisions resulting from our pipeline can be justi-
fied by predicate values, rule truth values, and corresponding text pas-
sages. Our experiments on a real corpus show that the proposed pipeline
achieves performance comparable to existing models, but its key advan-
tage lies in its interpretability, modular predicate extraction, and explicit
support for XAI (Explainable AI).

Keywords: Neurosymbolic Al - Explainable AT (XAI) - Logic Tensor
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1 Introduction

In regulated areas such as public academic institutions and their internal pro-
curement systems, simple document classification, e.g., whether the document
is an offer or an invoice or something different, is not sufficient. Decisions on the
extent to which a document can be considered a valid offer must be traceable
and legally sound. It must be clearly recognisable on the basis of which facts or
characteristics a decision was made. Conventional document classification, for
example based on purely statistical or neural network models does not provide
any explanations directly linked to the original document [15]. Classic explain-
able rule-based systems, on the other hand, require that the decision-relevant
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properties of a document are already available in a structured form. Accord-
ingly, these must first be extracted from the text, which decouples them from
the original document [3]. This leads to a gap between powerful but difficult-to-
explain text models [15] and precise but resource-intensive rule-based systems
[7]. We bridge this gap with a neurosymbolic pipeline [3,7] which combines pred-
icate extraction based on a Large Language Model (LLM) with a Logic Tensor
Network (LTN) for aggregation and final decision-making [1,6,16]. Unlike alter-
native neural-symbolic systems like DeepProbLog [12] and NeurASP [17], our
focus is evidence-preserving LLM predicate extraction for procurement docu-
ments. In the first step, an LLM evaluates the truth values of predefined domain-
specific predicates for each potential offer [4]. An LTN aggregates these values
together with coded assignment rules to make a decision about IS_VALID OFFER
and simultaneously provides predicate and rule truth values as an explanation.
By storing the corresponding textual evidence in the predicate layer, it is thus
possible to clearly identify which text passage has a high influence on the final
decision.

2 Problem Definition and Data
2.1 Task Definition

Formally, let D = {di,...,dn} be the set of potential offers to be considered,
where each d; € D represents the text extracted from a PDF, including any
Optical Character Recognition (OCR) that may be required. For each docu-
ment d;, there is a binary ground truth label y; € {0,1} where y; = 1 means
that d; can be accepted as a valid offer in the context described, and y; = 0
means that it is not a valid offer (but rather, e.g., an invoice, delivery note,
order confirmation, general price list, etc.) and therefore cannot be used for pro-
curement. The primary task can thus be formulated as a binary classification
task for documents: Given a document d, the corresponding label y has to be
predicted. Accordingly, the decision must be based on explicit, domain-specific
criteria and must be justifiable in the event of an audit or legal dispute [13,15].
We therefore model offer validation below as a binary classification task with
additional requirements such as rule-based verifiability and explainability at the
document level.

2.2 Predicate Space and Semantic Structure

Through manual pre-review of original offers submitted in the context of procure-
ment and internal procurement guidelines, we identify a set of K domain-specific
predicates that meaningfully characterise whether a document can be considered
as an offer. In this context, K = 8 predicates were identified. First, we model a
vector of these domain-specific predicates for each document d:

p(d) = (p1(d),...,pk(d))



238 C. S. Haufe and F. Stolzenburg

each of which describes a part of the central content-related properties of an
offer. Each predicate py(d) represents the degree to which a semantically clearly
defined property is fulfilled and is later interpreted as a real truth value in [0, 1]:
The value 0 corresponds to ‘does not apply’, values close to 1 correspond to
‘clearly applies’. We use the following predicates:

OFFER_TITLE Title or wording identifies the document as an offer.
OFFER_NUMBER Offer number, reference or comparable identifier is present.
OFFER_VALIDITY Validity period or validity scope is specified.
RESERVATION_CLAUSES Legal reservations or restrictions are present.
PAYMENT_TERMS Payment conditions are specified.
DELIVERY_TERMS Delivery conditions or preconditions are specified.
SALES_CONTACT A supplier or sales contact is given.
NOT_OFFER Evidence indicates another document type, e.g. an invoice.

2.3 Data Set and Annotation

Our data set is based on a corpus of documents, which originate from actual
procurements by a German public university. All documents are available in
PDF format and include both digitally created content and scanned documents.
The average length of a document is approximately two pages. The corpus is
linguistically heterogeneous, with a focus on German-language documents. Each
document d was manually assigned a binary label IS_VALID_OFFER(d) € {0,1}
which identifies the extent to which it is valid or invalid. A valid offer is marked
with IS_VALID OFFER = 1 and could be used in the real process. Documents
that clearly serve a different purpose are marked with IS_VALID_OFFER(d) = 0.
The annotation was carried out by the first author, partly in consultation with
employees from internal specialist departments, in order to correctly interpret
and reflect internal guidelines. This is taken as ground truth. The corpus consid-
ered here comprises a total of N = 200 documents, of which 35 % are annotated
as valid offers. The documents contain personal data within the meaning of
European data protection law.

3 Method: The Neurosymbolic Pipeline
3.1 Architecture Overview

The potential offers submitted in the course of a procurement process are first
prepared. For this purpose, the text contained therein is extracted or, if neces-
sary, OCR is performed. The locally deployed LLM is then used as a predicate
layer to determine truth values for the domain-specific predicates (see Sect. 2.2).
Since these potential offers usually contain several pages and numerous layout
elements, the LLM does not work directly with the entire raw text. Instead, this
raw text is divided into a series of meaningful text excerpts. For each predicate
P, we then formulate a predicate-specific query and evaluate the chunks based
on this. We use a multi-stage search module for this. First, a lexical ranking of
the chunks is determined based on the Best Matching ranking algorithm (BM25)
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[14]. This is followed by a semantic re-ranking, namely embedding similarity and
an LLM-based cross-encoder. Only the chunks with the best evaluation are used
to determine the truth values of the respective predicate [10,11]. After that, an
LTN is used [1,6,16] to make a decision about the validity of the potential offers
based on these truth values. The predicate values p(d) are used as continuous
inputs to apply explicit domain-specific rules.

3.2 LLM-Based Predicate Extraction

The predicate layer determines a numerical value pg(d) € [0, 1] for each potential
offer d and each predicate pi. The calculation is performed through structured
interaction with an LLM, which uses selected chunks to make judgements and
express confidence levels for each predicate. In all experiments, we primarily use
a 14B instruction model from Qwen2.5 (Qwen2.5-14B-Instruct) [2] as the LLM
within the predicate layer. For each predicate, we perform up to three calls to the
14B model to obtain syntactically valid and contextually usable JSON output.
If this fails, a fallback call is made to a larger 32B LLM (Qwen2.5-32B-Instruct).
Our pipeline is based on the Multi-Class Self-Reflection approach
(MCSR) [4]. For each predicate py, we use a three-level ordinal scale with the
classes ¢ € {0,1,2} (where 0 = not fulfilled, 1 = partially fulfilled or uncer-
tain, 2 = clearly fulfilled or present). For a potential offer d and a predicate,
the model receives a predicate-specific query describing the classes and their
semantic meaning (e.g. ‘no offer number recognisable’; ‘some clues are present
but unclear’, ‘clearly marked as offer number’). In a single query (‘evaluate —
reflect — conclude’), the LLM first evaluates each class separately and outputs
an initial confidence estimate together with evidence. This evaluation is then
reflected upon and the class-related confidence values are revised on this basis.
Finally, the class with the highest confidence is selected as the winning class [4].
The reflected confidence of this class is forwarded as a truth value to the decisive
LTN layer. The resulting values py(d) € [0,1] are used as fuzzy truth values in
the LTN decision layer. Prompts and implementation details are available as
repository (see https://github.com/cedricshaufe/From-Large- Language-Model-
Predicates-to-Logic-Tensor-Networks and also [9]).

3.3 LTN-Based Decision Logic

The predicate layer described in Sect. 3.2 assigns a vector with continuous truth
values to each potential offer d:

p(d) € [0,1]°

However, in our implementation, these eight predicates are mapped by 11
derived input channels. This allows clear evidence to be distinguished from
vague/existing evidence for selected predicates, while still allowing them to be
considered together. To aggregate these predicates, we use an LTN in the sense
of Real Logic [1,6,16]. In Real Logic, predicates and formulas are assigned truth
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values in [0, 1], and fuzzy logic operators are defined via differentiable T-norms,
e.g. Godel, Lukasiewicz, and Product [8]. Let A, V and — be the fuzzy con-
junction, disjunction and negation induced by the selected logic backend. In our
pipeline, the influence of selected channels is mapped by learnable smooth gates
g; = o(a;) € (0,1) where o denotes the sigmoid function, i.e. p;(d) = g; p;(d).
(NOT-OFFER) is mapped as negative evidence by a separate learnable gate.
Using the fuzzy operators of the selected backend, we first determine a core
for the positive evidence PosCore(d) and then a core for the negative evidence
NegCore(d) (NOT_-OFFER). The base offer value is defined as

Opase(d) = PosCore(d) A —NegCore(d),

which yields Opase(d) € [0, 1]. A series of fuzzy logic implications are formulated
using predicates. This means that the final decision can also be supported by
domain-specific rules. These rules describe when an offer is valid in this context.
These implications are evaluated using a fuzzy implication function [8]. A truth
value Ry (d) € [0,1] is assigned to each rule. The LTN decision layer outputs a
base evaluation Opase(d). This is calculated from the gated predicate channels
using the selected fuzzy logic backend. IS_VALID_OFFER is decided by applying
a threshold to the base score. The threshold to be used is determined on the
training data of each fold by optimising the Fj-score of the positive class. The
learnable gating parameters are trained in a supervised manner by minimising
the binary cross-entropy (BCE) on the training split of each fold.

4 Experimental Setup
4.1 Model Variants

We evaluate MCSR+LTN as a combination of MCSR-based predicate esti-
mation and LTN-based decision logic, LTN as a classic baseline, BERT as a
purely neural baseline and LLM (BM25+Semantic-CE) as a direct LLM
baseline. For the LTN-based variants, we examine several configurations of the
logical backend (e.g. Lukasiewicz logic and product-based T-norms) to assess
their influence [1,8,16].

4.2 Evaluation Report

Since the available data set is small and slightly unbalanced (see Sect. 2.3), we use
stratified 5-fold cross-validation. This involves performing 5 repetitions, resulting
in 25 folds with a similar class distribution. In each fold, four folds serve as the
training data set and one fold serves as the test data set. The metrics obtained
are averaged across the 25 test folds. The hyperparameters of the models are
determined exclusively on the basis of the training data of one fold. The test
data of one fold is only used for the final evaluation. Since IS_VALID_OFFER is a
binary task with unbalanced class distribution (35 % positive class), we primarily
specify the Fi-score of the positive class F1,4s.
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5 Empirical Results
5.1 Overall Comparison of Pipelines

Table 1 shows a post-hoc summary of the best F results for each pipeline. The
pure LTN variant achieves an average F; value of 0.899 for the positive class
and accordingly serves as the neurosymbolic baseline.

Table 1. Post-hoc average test performance of the approaches considered over 25 test
folds (5 stratified splits x 5-fold cross-validation, N = 200, 35 % valid offers).

Pipeline Fuzzy-Logic|F1 (pos.)

LTN Lukasiewicz 0.899 £ 0.064
MCSR+LTN Product 0.874 +0.043
BERT — 0.859 + 0.097
LLM (BM25+Semantic-CE)— 0.843 £ 0.059

MCSR-based predicate recognition does not surpass the classic-LTN config-
uration on this corpus and achieves F1=0.874. In comparison, the sole use of the
same language model and retrieval with an F; value of 0.843 performs slightly
worse than the MCSR approach. As a purely neural reference, we additionally
use a BERT-based document classification (bert-base-german-cased [5]), which
predicts IS_VALID OFFER directly from the full texts. With an identical cross-
validation protocol, BERT achieves a mean F; value of 0.859 £ 0.097 (Table 1).

6 Conclusion

In this article, we have presented a neurosymbolic pipeline for validating offers
in a regulated context. This pipeline enables text evidence to be linked to logical
predefined rules, making the decision taken explainable. Our experiments with
a real corpus of potential offers in the described context show that the perfor-
mance of the proposed pipeline is comparable to the described baseline models.
The strength of the proposed pipeline lies in its interpretability and modular
predicate extraction. However, the approach remains limited by several factors:
The data set is relatively small, annotated by a single person and comes from a
specific institutional and legal context, the rules are domain-specific and hand-
coded, and the LLM-based predicate estimators are currently only tested for the
German language. Therefore, we understand the results as proof of concept for
explainable offer validation in regulated contexts.

Statement of the Authors. GPT-5.1 (OpenAl) was used to assist with word-
ing, stylistic revision, code support, prompt design refinement used in the exper-
iments (LLM queries) and the creation of preliminary summaries of external
literature. A translation programme (DeepL) was used to assist with the trans-
lation from German into English for this text.
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Abstract. A promising application for the potential revolutionization
offered by quantum computing is the field of machine learning through
the application of quantum machine learning. Yet a critical challenge
remains: no definitive evidence demonstrating a systematic performance
advantage of quantum machine learning models over their classical
approaches. Researchers have attempted to address this uncertainty by
employing focused benchmarking experiments that explore particular
model architectures and particular computational tasks and datasets
with different complexities. In this work, we conduct a systematic
benchmarking of the quantum temporal convolutional network (QTCN)
against its classical counterpart. To ensure a rigorous and controlled
comparison, we implement a mirror quantum architecture that faith-
fully replicates the structural design of the classical TCN. Experimental
results shows that the QTCN outperforms classical models only on com-
plex, richly structured datasets like those from the music domain. Fur-
thermore, by showing exactly how entanglement improves the model’s
performance in complex datasets, we provide a clear path for future
improvements.

Keywords: Sequential Data + Entanglement - Benchmarking
Quantum Models

1 Introduction

Sequential data mining has attracted considerable interest across domains
including finance, medicine, and agriculture [9,10]. With the growing volume of
stored data and the pressure to develop innovative machine learning methods,
quantum computing has emerged as a promising avenue for enhancing classi-
cal techniques [12,17]. Quantum analogues of classical machine learning models
have demonstrated theoretical speedups [6], yet clear evidence of practical quan-
tum advantage remains limited. Systematic and fair benchmarking under iden-
tical experimental conditions is therefore essential. Our main contribution is the
benchmarking of the quantum temporal convolutional network (QTCN) against
its classical counterpart across varying levels of data complexity. To ensure a fair
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comparison, the QTCN is designed as a direct structural mirror of the classical
TCN, preserving its architecture and causality constraints. To the best of our
knowledge, this constitutes the first implementation that faithfully reproduces
the exact structure of a classical TCN within a quantum framework.

2  Quantum Temporal Convolutional Network

The proposed quantum temporal convolutional network (QTCN) preserves the
overall structure of standard temporal convolutional networks (TCNs) while
introducing quantum processing modules. The general architecture using resid-
ual blocks, illustrated in Fig. 1, is composed of three main stages: an input layer,
a stack of residual blocks with quantum dilated convolutions, and a fully con-
nected output layer. Each input vector at time step z; € R? is linearly projected
into a higher-dimensional hidden space of size h as z; = Winpus®t + binput-

2.1 Residual Blocks with Quantum Dilated Convolutions

The TCN enforces the causal constraint through causal convolutions, where the
output at time ¢ depends only on elements up to and including time ¢. Dilated
convolutions increase the receptive field without reducing resolution. Since the
effectiveness of the TCN fundamentally relies on dilated convolution, it pro-
vides a natural foundation for quantum integration. In the QTCN, the dilated
convolution is realized through an entanglement-based module.

The proposed model employs a two-layer encoding strategy. The first layer
is a temporal phase encoding, mapping input x; to a quantum state via:

2i+41

e (1)
The second layer is a standard angle encoding: Ug, (z;) = Ry(x;m). Together,
these layers jointly embed temporal order and amplitude information, making
the representation more expressive and physically grounded. Entanglement is
applied after encoding, realizing the dilated convolution through entangling gate
translations over qubit distances [8]:

—ix; T

Uphase(xi) =e€

n—d—1

[I (CNOT;iva- Rz(w:)isa) 2)
=0

where CNOT, ;14 entangles qubit ¢ with qubit ¢ + d, and Rz (w;) are trainable
rotations on the target qubits. For an n-qubit system with dilation rate d, CNOT
operations are applied between qubits 7 and ¢ 4+ d for even 14, followed by Rz
rotations on the target qubits. The final feature representation is obtained by
measuring Pauli-Z expectation values for all qubits.

The QTCN uses three residual blocks with exponentially growing dilation
rates (27, yielding rates 1, 2, 4), with skip connections ensuring stable gradient
flow:

fres(®) = F(z) + o (3)
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where F(x) is the output of the quantum-convolutional path and a 1x 1 convolu-
tion is applied when needed to match dimensions. Temporal chomping preserves
causal structure by removing future-looking artifacts introduced by dilation.

==

.
Encoding Entagling Dilated Layer

(a) (b)

Fig. 1. (a) Residual block structures in the QTCN (left) and the standard TCN (right).
The two architectures are identical except that the classical dilated causal convolution
is replaced by a quantum dilated convolution in QTCN (red blocks). (b) Example of a
Quantum Dilated Convolutional Neural Network (QDCNN) circuit with dilation rate
= 2. (Color figure online)
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2.2 Modeling Sequence Data

For benchmarking, we selected datasets previously used in the original TCN eval-
uation [4], ordered from low to high complexity: Adding Problem [13], Sequential
MNIST [14], and polyphonic music datasets (JSB Chorales and Nottingham)
[2]. This ordering is critical for evaluating whether quantum advantage is data-
complexity-dependent (Table1).

Table 1. Benchmarking sequence tasks

Task Input Task Complexity
Adding Problem [Sequence length n, depth 2|Sum of two marked valuesLow
Sequential MNIST|784 x1 pixel sequence Classify digit Moderate
JSB Chorales 88-bit piano vectors Predict next notes High
Nottingham 88-bit piano vectors Predict next notes Higher

3 Results and Discussion

We evaluate the QTCN on standard sequence modeling benchmarks relative
to classical TCN, LSTM, GRU, RNN [4], and R-Transformer [22] under identi-
cal experimental conditions. All experiments use the PennyLane default.qubit
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simulator with PyTorch, the same datasets and splits as the classical TCN study,
and identical optimizers, learning rates, epochs, and evaluation metrics. Simula-
tions are run on a workstation with an AMD Ryzen 9 CPU, 64 GB RAM, and
an NVIDIA Quadro A5000 GPU (16 GB VRAM) (Table 2).

Table 2. Hyperparameter configurations per dataset

Dataset Qubits LR Batch|Epochs/Dropout
Adding Problem |6 4x1073%32 10 0

JSB Chorales 6 1x 1073~ 100 0.2
Nottingham 6 1x 1073~ 100 0.5
Sequential MNIST |6 2x1073%64 |20 0

Table 3. Benchmark results on sequence modeling tasks.

Task (Metric) LSTM/GRU RNNTCN |QTCN R-Trans.
Seq. MNIST (accuracy)[87.2 [96.2 21.5 199.0 |50 99.1
Adding T=600 (loss) |0.164 |5.3e-50.177|5.8e-5/0.139 |-

JSB Chorales (loss) 8.45 [8.43 [8.91 [8.10 0.0026/-
Nottingham (loss) 3.29 [3.46 4.05 3.07 |3.9e-52.37

steps

(a)

Steps

(b)

Fig. 2. Test losses across epochs for the Nottingham (a) and JSB Chorales (b) datasets

The results reveal a strong performance differential across tasks. The QTCN
excels on music modeling, outperforming all classical baselines by several orders
of magnitude, while underperforming on lower-complexity tasks (Table 3).
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— Sequential MNIST. The QTCN achieves an accuracy of 50.0, near chance
level, well below the TCN (99.0) and R-Transformer (99.1). This task requires
classifying pixel-level sequential patterns where classical models already per-
form at near-perfect levels, leaving limited room for any structural quantum
benefit.

— Adding Problem. The QTCN loss (0.139) is comparable to the underper-
forming LSTM (0.164) and RNN (0.177), while GRU (5.3 x 1075) and TCN
(5.8 x 107°) achieve several orders of magnitude lower values. The task is
low-complexity and well-suited to classical architectures, providing insuffi-
cient structural richness for quantum operations to offer advantage.

— Polyphonic Music. The QTCN achieves remarkable performance on both
music datasets. On JSB Chorales, the QTCN obtains a loss of 0.0026, com-
pared to 8.10 for the TCN and 2.37 for the R-Transformer. On Notting-
ham, the QTCN yields a near-zero loss of 3.9 x 10~°, while the TCN and
R-Transformer achieve 3.07 and 2.37, respectively. As shown in Fig. 2, both
music datasets exhibit stable, gradual convergence with training and vali-
dation curves closely aligned, indicating robust generalization without over-
fitting. Importantly, prior work [7,11,18] shows that quantum models can
achieve high training accuracy while generalizing well from limited data,
supporting the interpretation that the observed performance reflects genuine
quantum learning.

The core mechanism enabling this advantage is the entanglement module
within the QDCNN circuit. Unlike classical dilated convolutions, which skip
intermediate positions and only indirectly aggregate their context [23], the quan-
tum dilated convolution correlates these positions non-locally through entangle-
ment, weaving intermediate data into the entangled quantum state. Entangle-
ment entropy has been shown to rise as quantum CNNs learn finer features,
confirming that intermediate “skipped” positions are actively encoded rather
than ignored [3]. This can be understood by analogy to dense layers in classi-
cal networks: just as dense connectivity ensures full information flow, entangle-
ment guarantees correlated memory across all qubits, even when gate operations
skip some qubits directly [15]. The resulting representational capacity is funda-
mentally distinct from classical models, which are constrained to vector spaces,
whereas the QTCN encodes correlations in a high-dimensional Hilbert space,
offering a more expressive “language” for capturing complex sequential struc-
ture. This advantage is especially pronounced for polyphonic music, whose rich
harmonic and rhythmic correlations naturally align with entanglement-based
representations. Prior work [1,19] argues that musical relationships are intrinsi-
cally entanglement-like, and that classical sequence models such as RNNs and
LSTMs compress musical history into a single hidden vector, limiting their capac-
ity to represent inherent ambiguity. By contrast, the QT CN replaces the hidden
state with a density matrix, enabling simultaneous representation of multiple
musical interpretations, uncertainty, and coherence—properties that are cru-
cial for modeling polyphonic structure and likely explain the substantial gains
in NLL loss. Further support comes from studies linking music cognition to
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quantum-probabilistic frameworks [5,16], where expectation and meaning follow
superposed and context-dependent states rather than classical logic.

3.1 Quantum and Classical TCN Comparison

Classical dilated convolutions expand the receptive field by skipping intermedi-
ate positions, which are not directly processed but only indirectly incorporated
through context aggregation [20,21]. In the QDCNN, dilation is instead real-
ized through entangling gate translations over increasing qubit distances, where
a shift by i qubits corresponds to a dilation rate of 2°. Rather than ignoring
skipped positions, entanglement correlates them non-locally, ensuring they are
woven into the joint quantum state.

Beyond the entanglement advantage, the QTCN offers several additional ben-
efits over the classical TCN:

1. Lower parameter count. The QTCN requires substantially fewer param-

eters than fully classical TCNs. In all experimental settings, the QTCN con-
tains no more than 45k parameters, as detailed in Table4.

Table 4. Trainable parameter counts for QTCN and classical TCN

Dataset QTCN Parameters|Classical TCN Parameters
Adding Problem (T" = 600)/~38k ~70k

JSB Chorales ~38k ~300k

Nottingham ~38k ~1M

Sequential MNIST ~39k ~T0k

2. Enhanced feature representation. Quantum data encoding maps classical
inputs to a higher-dimensional quantum feature space, increasing representa-
tional expressiveness.

3. More efficient long-range dependency capture. QTCN’s quantum
dilated convolutions capture long-range dependencies with substantially fewer
layers than classical TCNs, as demonstrated by superior performance on com-
plex datasets even with a minimal QDCNN configuration.

4. Quantum parallelism. In addition to classical convolutional parallelism,
the QTCN benefits from quantum parallelism, whereby quantum operations
encode and manipulate multiple states simultaneously.

A current limitation of the QTCN is that the dilation rate is constrained by
the number of qubits, which restricts its maximum achievable range.
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4 Conclusion

We presented the QTCN, a quantum temporal convolutional network that mir-
rors the architecture and causality constraints of the classical TCN for princi-
pled quantum-classical benchmarking. Systematic evaluation across datasets of
increasing complexity demonstrates that the QTCN provides significant improve-
ments over the classical TCN on highly structured sequential data, while under-
performing on simpler tasks. These findings indicate that quantum advantage
is strongly data-dependent, and that meaningful quantum benefit in machine
learning requires architectures carefully matched to problems exhibiting long-
range dependencies and non-local correlations. Future work should target large
language modeling tasks, where the high structural complexity of language data
may further amplify the quantum advantage observed here.

Acknowledgments. The authors acknowledge support by the Deutsche Forschungs-
gemeinschaft (DFG, German Research Foundation), project number 534951134.
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Abstract. Large language models are increasingly used for knowledge
graph question answering (KGQA), but can fail to correctly ground
answers in the underlying graph. Current approaches to LLM-based
KGQA either rely on full semantic parsing into executable queries such as
SPARQL, which is brittle in practice due to complex schemas or incom-
pleteness of real-world KGs, or on LLM-reasoning and answer generation
over KGs, which can be more robust but lacks formal guarantees.

In this work, we study a complementary setting in which candidate
answers are generated by an LLM-based system and subsequently veri-
fied using lightweight symbolic constraints derived from the question. We
introduce Constrained Entity Selection under Partial Knowledge (CES-
PK), a problem formulation that focuses on eliminating invalid answers
and providing symbolic support for valid ones without requiring con-
struction of executable logical forms. To account for incomplete KGs, we
employ a three-valued constraint semantics (satisfied, violated, unknown)
that avoids incorrect rejections under open-world assumptions.

To demonstrate the effects of our method, we instantiate CES-PK over
the Hetionet biomedical knowledge graph and evaluate both controlled
and LLM-generated candidate sets. Experiments show that constraint-
based verification improves precision while preserving recall and provides
additional symbolic evidence for remaining candidates.

Keywords: Knowledge Graph Question Answering - Large Language
Models * Constraint-Based Verification + Incomplete Knowledge Graphs

1 Introduction

Large language models (LLMs) are increasingly used for knowledge graph ques-
tion answering (KGQA) [11], but may fail to correctly ground answers in the
underlying graph and violate structural or semantic constraints.

Current LLM approaches to KGQA typically follow one of two paradigms.
In semantic parsing [3,4], questions are translated into executable logical forms
such as SPARQL queries. While this enables precise answers, generating correct
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queries remains challenging for complex schemas and incomplete KGs [5]. In con-
trast, retrieval-augmented or agentic approaches such as [12] use LLMs to reason
over KGs. These methods are more flexible and robust to missing information
but lack formal guarantees and may produce hallucinated answers.

In this work, we propose a complementary perspective that avoids both
full semantic parsing and unconstrained LLM reasoning. Instead, we extract
lightweight necessary constraints from the question to verify candidate answers
produced by an upstream system (e.g., an agentic LLM pipeline). This verifica-
tion layer filters invalid candidates, retains candidates that cannot be disproven
under incomplete knowledge, and provides symbolic support for valid candidates.

We formalize this setting as Constrained Entity Selection under Partial
Knowledge (CES-PK). To account for the open-world nature of real-world KGs,
we employ a three-valued constraint semantics that distinguishes between satis-
fied, violated, and unknown constraints. This allows us to reject candidates only
in the presence of explicit violations, thereby avoiding false negatives caused by
missing information.

We instantiate this framework for entity-centric queries over the Hetionet
biomedical KG [7] and evaluate it on both controlled and LLM-generated can-
didate sets. We show that constraint-based verification improves precision while
preserving recall and providing support for KG-grounded answers. Furthermore,
we analyze the complementary roles of constraint types: exclusion constraints
contribute to filtering, whereas positive relation constraints contribute to verifi-
cation through support.

Contributions. This paper makes the following contributions:

— We introduce Constrained Entity Selection under Partial Knowledge (CES-
PK), a problem formulation for post-hoc verification of KGQA answers with-
out requiring full semantic parsing.

— We analyze the complementary roles of constraint types for filtering and ver-
ification with a three-valued constraint semantics for incomplete KGs.

— We provide an empirical study demonstrating that lightweight constraint-
based verification improves precision while preserving recall and additionally
provides support scores for retained answers.

2 Problem and Method
2.1 Problem Setting

We consider a KGQA setting where candidate answers are produced by an
upstream component and may contain incorrect or unsupported entities.

Let G = (V, E) be a knowledge graph [9] with entities V and typed relations
E CV xRxV. Given a question ¢, we assume a candidate set C(g) C V and an
(unknown) set of correct answers A(q) C V. Rather than deriving A(q) directly,
we aim to identify candidates consistent with necessary conditions implied by
the question.
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Constrained Entity Selection under Partial Knowledge (CES-PK). Given C(q)
and a set of constraints C(q) derived from ¢, compute a subset C*(¢) C C(q) such
that no retained candidate violates any constraint under incomplete knowledge
and associate remaining answers in C*(q) with support scores reflecting the
degree of constraint satisfaction.

2.2 Assumptions on the Knowledge Graph

We assume that the KG is factually correct but may be incomplete, i.e., all
represented triples are true, while some true facts may be missing (open-world
assumption) [8]. All candidate entities are assumed to be present in the graph.

2.3 Constraints

We consider lightweight necessary constraints extracted from the question with
respect to a known schema (this set of constraint types can be extended, e.g., to
capture joins or cardinality constraints):

— Type constraints: type(x,T)
— Relation constraints: R(z,y)
— Exclusion constraints: = R(z,y)

2.4 Three-Valued Constraint Semantics

Due to incompleteness, constraints ¢(z) for candidate answers = over graph G
are evaluated under a three-valued semantics: [c¢(z)]q € {sat, viol, unk}.

Relation Constraints.

sat if (x,R,y) € E
unk otherwise

[[R(‘Tvy)]]G = {

FExclusion Constraints.

viol if (z,R,y) € E
unk otherwise

[-R(z,y)le = {

Type Constraints.

sat if type(z) =T
viol otherwise

[type(z, T)]c = {
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2.5 Constraint-Based Filtering and Support-Based Verification

We retain only candidates that do not violate any constraint:

C*(q) = {r € Clq) | Ve € C(q) : [e(x)] ¢ # viol}.

This strategy relies solely on explicit violations and is therefore robust under
incomplete knowledge.
Further, let
C*(q) = {c€C(q) | sat € range(c)}

denote the subset of constraints that can provide positive evidence by being
satisfied. The support of a candidate x is defined as the fraction of constraints
in C*(q) that evaluate to sat:

[c(@)]e = sat}]
- .

~ HeelCt(g)
support(z,q) = ICT(q)]

|
C
3 Experiments

3.1 Experimental Setup

We evaluate the proposed constraint-based verification approach on entity-
centric KGQA tasks using the Hetionet! biomedical KG [7].2

The evaluation is designed as a controlled study to isolate the effect of
constraint-based verification independently of upstream candidate generation.
We simulate answer generation by sampling queries and gold answers from the
Hetionet KG and then generate candidate answers from gold answers by sys-
tematically adding incorrect answers (false positives). For the controlled can-
didate sets, all gold answers are included by construction; since our method
only removes candidates with explicit constraint violations, recall remains con-
stant. In addition, we evaluate CES-PK with LLM-generated candidate sets,
where GPT-4.1-mini selects candidate entities from closed answer pools based
on natural-language query descriptions.

We consider two query types that fit our constraints (these can be extended
by more complex forms including more complex constraint types):

— QI1: Which compounds treat disease D?
— Q2: Which compounds treat disease D but do not cause side effect S7

For each query type, we derive queries by sampling diseases and side effects
from the KG and construct gold answer sets from the graph. We construct
candidate sets that simulate LLM-generated answers by combining gold answers

! Hetionet (https://het.io/) is a typed KG and contains 47,031 nodes of 11 entity
types and 2,250,197 edges (triples) across 24 typed relations. In the experiments,
nodes of types Compound, Disease and Side Effect and triples of the relations treats
(Compound to Disease) and causes (Compound to Side Effect) are used.

2 Code and experimental artifacts: https://github.com/ekitzelmann /ces-pk.
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with sampled distractors, including type-incorrect entities and candidates that
violate the exclusion constraint (for Q2).

Constraints include type (C1), relation (C2), and exclusion (C3) constraints.
Evaluation is based on precision before and after filtering and support scores
after filtering. Since all gold answers are included in the candidate sets, recall
remains constant at 1.0. In the present experiments, C*(q) consists of the type
and positive relation constraints, such that |C*(q)| = 2 for both Q1 and Q2.

3.2 Results

Table 1. Performance of constraint-based filtering and support-based verification.

Query|Prec.(before) Prec. (after) A Recall|Supp.(gold)|Supp.(non-gold)
Q1 |0.66 0.70 +0.04/1.00 [1.00 0.42
Q2 |0.17 0.62 +0.451.00 |1.00 0.74

Table 2. Effect of simulated KG incompleteness (10% edge removal).

Query|Prec. (after)| A Recall/Supp.(gold)|Supp. (non-gold)
Q1 |0.70 +0.04/1.00 10.95 0.42
Q2 10.53 +0.37/1.00 |0.95 0.69

Table 1 summarizes filtering performance and support-based verification evi-
dence on the Hetionet KG. For Q1, constraint-based filtering yields a modest
precision improvement (+0.04) due to removed type-inconsistent candidates. For
Q2, we achieve a substantial precision increase from 0.17 to 0.62 (+0.45) due to
exclusion constraints that eliminate candidates violating the negated condition.
Overall, precision improves from 0.41 to 0.66 while recall remains unaffected.

The results show distinct roles of constraint types. Type constraints (C1)
provide consistent filtering signals, while exclusion constraints (C3) are the pri-
mary driver of filtering in Q2. Relation constraints (C2) do not lead to violations
under OWA but contribute to verification by providing support if satisfied.

Support scores provide additional discrimination between candidates. Gold
answers achieve a mean support of 1.0 compared to 0.42 (Q1) and 0.74 (Q2) for
non-gold candidates. This indicates that positive constraints contribute useful
verification signals even when filtering is limited.

To further analyze the impact of KG incompleteness, we randomly removed
10% of the relevant treats and causes edges after constructing the gold answer
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sets. Results are shown in Table 2. Precision and support scores decrease, as miss-
ing edges reduce the number of detectable violations and positive confirmations,
while the method continues to preserve recall.

We additionally evaluated CES-PK on candidate sets generated by GPT-
4.1-mini from natural-language questions and closed candidate pools. The LLM
achieved a recall of 0.44 and a precision of 0.17. CES-PK increased precision to
0.71 while preserving recall, demonstrating the complementary role of KG-based
verification.

3.3 Discussion

The results show that lightweight constraints improve precision without requiring
full semantic parsing. Negative constraints provide filtering signals when explicit
violations are present, while positive constraints contribute evidence for verifica-
tion. The three-valued semantics preserves recall under incomplete knowledge.

Limitations. The evaluation is based on controlled candidate sets and the
assumption of constraints being perfectly extracted from natural language
queries rather than capturing end-to-end KGQA performance. The KG is
assumed to be factually correct, including correct and complete type informa-
tion, but incomplete with respect to relation triples. In the presence of incorrect
triples, missing entities, imperfect type information or other typical defects of
real-world KGs, constraint evaluation may lead to false rejections or misleading
support scores.

4 Related Work

KGQA with LLMs [1,12,14] is approached in different ways: In semantic parsing
approaches [2], an LLM translates natural language questions into executable
logical forms [4,6]. Such methods enable precise and verifiable answers, but
remain brittle in practice as generating correct queries over complex schemas
is challenging.

Another line of work uses LLMs for reasoning over knowledge graphs and
generating answers. In [1], relevant triples are retrieved from the KG by entity
linking which are then verbalized and injected as additional context into the
prompt. Think-on-Graph [12] allows LLMs to iteratively explore graph neigh-
borhoods and construct reasoning paths. These methods typically work without
additional training and are more robust but can produce hallucinated or non-
grounded answers. Moreover, incomplete KGs remain challenging. To address the
issue of unreliable LLM-based reasoning, [10] introduce constraints constructed
from the KG that guide the LLM decoding to generate well-formed reasoning
chains. In contrast, the method proposed in this paper uses constraints to post-
hoc verify answer candidates. In [5], integration of link prediction into LLM-
based reasoning over KGs is suggested to address incomplete KGs.

Our work is also related to research on generation followed by verification
[13], where it is shown that LLMs are effective at generating solution candidates
but unreliable at verifying them.
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5 Conclusions

We introduced Constrained Entity Selection under Partial Knowledge (CES-
PK), a framework for post-hoc verification of candidate answers in knowledge
graph question answering. Instead of relying on full semantic parsing or uncon-
strained neural generation, our approach uses lightweight necessary constraints
together with a three-valued semantics to filter invalid candidates and provide
symbolic support for valid ones under incomplete knowledge.

Our experimental results demonstrate that constraint-based verification can
substantially improve precision while preserving recall in a controlled setting. In
particular, we show that exclusion constraints provide strong negative signals for
filtering, whereas positive relation constraints contribute to verification through
support.

The proposed approach assumes that the underlying knowledge graph is fac-
tually correct but incomplete and that all candidate entities are present in the
graph. Furthermore, our evaluation is based on controlled candidate sets and
does not yet capture end-to-end KGQA performance under noisy knowledge
graphs.

Future work includes integrating the proposed verification layer into full
KGQA pipelines, studying robustness under incomplete and noisy graphs, LLM-
based constraint extraction from natural language queries, and extending con-
straints to more complex query types and schemas.
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Abstract. Imitation learning from human demonstration often relies
on marker-based motion capture, which restricts data recording to con-
trolled environments. Video-based motion capture presents an alterna-
tive that reduces the recording effort. To compare both, we develop a
novel evaluation framework using four categories of metrics, namely pose
estimation quality, trajectory distance, behaviour separability, and grasp
characterization, applied to three state-of-the-art video-based 3D pose
estimation models in a pick-and-place scenario with parallel recording.
Using this framework, we show that video-based pose estimation using
a depth map captures actions and trajectories well enough for imitation
learning, but high-fidelity movement such as grasping remains beyond
the current capabilities of all evaluated video-based modalities.

1 Introduction and Related Work

As robots are increasingly used in highly dynamic environments, traditionally
programmed behaviours reach their limit in adaptability and thus result in the
development of more dynamic learning pipelines. Imitation learning is one app-
roach for such a dynamic learning pipeline and is shown to work well in robotic
learning paradigms due to its efficiency in teaching tasks that are hard to express
as reward function in traditional reinforcement learning [7]. The subfield of imi-
tation learning from human demonstration places a human in the role of the
expert, in which a robot learns how to perform a task by observing the human.
To gather such expert data, current approaches mainly rely on external tools such
as marker-based motion capture or controllers [15]. These tools provide highly
accurate data but restrict recording to controlled laboratory environments. A
potential alternative is video-based human pose estimation, a field of computer
vision that estimates human keypoint locations from RGB or RGBD data, often
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Fig. 1. Experimental setup.

from a single camera. This drastically reduces the sensing requirements for a
robotic system and enables imitation learning from human demonstration out-
side of carefully prepared laboratory settings, at the cost of reduced accuracy.
This work’s main contribution is the development of an evaluation framework
designed to assess the quality of human pose estimation in the context of imi-
tation learning. Traditional imitation learning evaluation measures the trained
agent’s behaviour (e.g., task success rate), which introduces confounding vari-
ables such as morphological differences or algorithmic bias. To evaluate the data
quality independently from any single imitation learning technique, we intro-
duce a novel framework comprising four metric categories: pose estimation qual-
ity, trajectory distance, behaviour separability, and grasp characterization. We
utilize marker-based motion capture as the ground truth, as it is the recog-
nised gold standard for imitation learning from human demonstration, and apply
the framework to compare it against three distinct video-based motion capture
approaches.

2  Study

Pick-and-place is a canonical manipulation primitive that underpins many house-
hold and assembly tasks, making it a representative testbed for imitation learn-
ing. The study design follows the diverse behaviours methodology of Jia et al.
[13], applying the principles of diverse behaviour, multiple demonstrations, vari-
able trajectory lengths, and task variations [13, Chapter 3.2]. The scenario con-
sists of five uniquely shaped blocks, each sorted from one of three fixed starting
positions to a fixed goal position (5 blocks, 15 starting and 5 release positions),
with positions obtained from a previous calibration and marked on the table via
printed outlines (Fig. 1a). The study was conducted with nine participants, each
recording ten sets.
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3 Modalities

We implement three video-based and one marker-based motion capture tech-
niques, with temporal synchronisation and a common coordinate frame. We
adopt the COCO-WholeBody layout [16] (133 landmarks). Targeting a six-
degree-of-freedom robot arm, we track a single arm following Gutzeit et al. [9]
using four keypoints (back, shoulder, elbow, wrist) plus two on the thumb and
index finger to capture the grasp, similar to Ren et al. [21]. A virtual end-effector
point is added between the index finger and thumb (Fig. 1c) as a potential robot
target in the embodiment mapping step. Morphological differences between the
marker setup and the keypoint locations (Fig. 1b) are taken into account in the
evaluation.

3.1 Marker-Based Motion Capture

The marker-based motion capture uses the Qualisys product suite, which pro-
vides automatic human pose estimation from passive markers and serves as the
ground truth due to its high accuracy. The video-based modalities are translated
into the Qualisys coordinate frame via a static frame constructed from multiple
markers attached to the depth camera.

3.2 Video-Based Motion Capture

All three video-based techniques use data captured via a ZED stereo camera.

Direct 3D Pose Estimation: End-to-end models map an image to 3D coordinates,
avoiding erroneous intermediate steps but remaining susceptible to background
and environmental variations, and the vast solution space makes sub-optimal
solutions likely [20]. We use RTMW [14] with the RTMDet bounding-box detec-
tor [18], processing each frame independently.

Depth-Camera-Based 3D Pose Estimation: Mapping 2D keypoints to 3D via the
per-pixel depth value is affected by occlusions, since the estimate is placed on
the occluding object rather than on the body [5,6]. Even without occlusion, a
small offset occurs as the estimate sits on the body surface. We implement the
naive 2D-t0-3D projection using the 2D version of RTMW [14] with RTMDet
[18]. To our knowledge no pose-refinement model with the COCO-WholeBody
layout exists, and the naive approach performs adequately for this study.

Pose-Lifter-Based Two-stage Pose Estimation: Pose-lifting lifts independent 2D
keypoints to 3D without an external depth reference, extrapolating the depth
axis from a single view. The 2-stage pipeline [12] builds on accurate 2D keypoint
estimators. We adopt the PAFUSE model [22], which extends pose-lifting to the
COCO-WholeBody dataset.
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4 Data Collection

Data Synchronisation: The marker- and video-based pipelines are synchronized
via nearest-neighbor down-sampling of the high-frequency marker timestamps
to the low-frequency video timestamps, resulting in a negligible synchronisation
error of Atgype ~ 2.6 +£0.15 ms.

Coordinate Transform: Pose estimation models output either person-centric or
camera-centric coordinates. Most models without a depth reference are person-
centric, but imitation learning requires a common coordinate system for pose
and object. We bridge this gap with a Perspective-n-Point (PnP) projection
from the estimated 2D image keypoints to the 3D object keypoints, yielding the
camera pose relative to the person-centric output. PnP only needs RGB and
a calibrated camera intrinsic K but is sensitive to calibration errors and 2D-
3D mismatches. We therefore also implement a second approach that aligns the
model output with the depth-map output via procrustes analysis [1,8], combining
the advantages of both modalities since the model output handles occlusions
better than the depth map.

5 Evaluation Metrics

The primary contribution of this work is a set of human pose estimation data
quality metrics decoupled from any single imitation learning algorithm. Tradi-
tional metrics measure whether an agent has learned the intended behaviour
[13,19], but they confound the algorithm and the record- and embodiment-
mapping steps [3]. We instead evaluate the data on qualities that are generally
important for imitation learning without committing to a particular technique.

Pose Estimation Quality: The most common metric, the Mean Per Joint Posi-
tion Error (MPJPE), cannot be used here due to the morphology differences,
but we include its derivatives MPJVE and MPJAE (velocity and acceleration).
Since embodiment mapping (e.g., inverse kinematics) reduces the impact of key-
points other than root and end-effector, we additionally consider the velocity
error of the virtual end-effector point and the coefficient of determination Rgpee d
for the velocity difference [17]:

_ Zv vaarker(i) - Uvideo(i)H2 (1)

Zi ||Umarke7" (Z) - 'Dmarkcr(i)”2

where Vpgrker and Vyideo are the combined velocities in the x- and y-direction.
Bone length deviation AL measures temporal consistency, as it should not vary
across time. Due to the morphology differences we report the per-technique stan-
dard deviation and test whether the video-based deviation is significantly larger
than the ground truth via a one-sided Wilcoxon signed rank test [25].

RZ =1

speed

Trajectory Comparison: End-effector trajectories incorporate both path and
velocity information. The static offset due to the morphology difference is
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removed via an initial spatial transform aligning the modalities at the first frame
of each video [24]. The distance is measured both as the root mean square dis-
tance and as a normalized dynamic time warping [24], capturing the spatio-
temporal and spatial relationships, respectively. We additionally compute the

distance correlation dCor [23] and the trajectory accuracy R7,.,jcerory [17]:
24 I () = po ()]
Rfrajectory =1 s = - (2)

- Zz ”pm(l) _ﬁm(Z)HQ

where p,, and p, are the marker- and video-based end-effector positions.
R? captures both path and velocity differences, while dCor, due to its

trajectory
double normalization [23], captures only the path correlation.

Behaviour Separability: This metric quantifies how well an agent could distin-
guish different actions a, [13]. Behaviour distinction is captured by the end-
effector position at the moment of grasping a block. We fit a K-Means clustering
on the per-participant 2D end-effector positions projected onto the table plane
at the grasping frame, and compare the predicted cluster labels against the
true block labels, with a confidence interval from the bootstrapping approach of
Champagne et al. [4].

Grasp Characterization: We use three metrics. The first is the 2D-plane dis-
tance from the end-effector to the closest point on the relevant shape outline at
the grasping frame, tested against the marker-based modality via a two-sided
Wilcoxon signed rank test [25]. The second is the target position error RM SE, s
[17], the RMSE of the L?>-norm between marker- and video-based end-effector
positions at the grasping frame. The third is the approach-vector angle error Ac,
where the approach vector is orthogonal to the index-thumb vector and directed
from the wrist toward the end-effector.

6 Results and Discussion

Full results are in Table 1.

Pose Estimation Quality: The depth-based approach captures the ground truth
best and is the only modality whose velocity and acceleration metrics would
make it usable for imitation learning. The pose lifter has the smallest bone
length deviation AL, likely due to soft-tissue artifacts on the marker side [2,10].
PnP projection markedly degrades the speed accuracy of the direct and pose
lifter estimations, as it assumes a 2D-3D correspondence that does not hold
here. Procrustes alignment improves the result mostly by averaging with the
depth-map error.

Trajectory Distance: The RMSEjseq of the depth mapping is comparable to
state-of-the-art MPJPE ~ 5cm [11,14,22], while the two state-of-the-art mod-
els suffer from the coordinate system translation. RtZTajectory is adequate only

for depth mapping. dCor is satisfactory for all modalities except the projected
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Table 1. Comprehensive experimental results for all modalities. Metrics marked n.a.
are not applicable to the specific evaluation, while / indicates values exceeding the

display range.

Pose Estimation Quality

Behaviour Separability

Pose End-Effector Bone Var. (cm)
Modality MPJVE (%)  MPJAE (%) Vel Acc. () Speed Acc. AL (cm) p-value  Mean Acc. Clysy
Marker-based n.a. n.a. n.a. n.a. 0.28 n.a. 0.98 [0.89, 1.00]
Depth mapping 0.143 £0.049  1.0894+0.424 0.0814£0.045  0.75 0.45 0.027 0.94 [0.85, 1.00]
Pose Lifter (raw) 0.290 £0.048  1.4724+0.275 0.336 +0.143 0.26 0.19 0.844 0.67 [0.53, 0.82]
{- PnP projection 0.345£0.119  2.556 £0.941 0.296 £ 0.232 —4.45 n.a. n.a. 0.69 [0.56, 0.82]
-+ procrustes analysis  0.164 £0.046  1.244 4 0.407 0.116 4 0.068 0.30 n.a. n.a. 0.94 [0.82, 1.00]
Direct Est. (raw) 0.516 £0.274  3.924 +2.370 0.444+0.385  —21.12 10.04 0.008 0.55 [0.44, 0.67]
{- PnP projection / 2.261 £1.575 —554.69 n.a. n.a. 0.57 [0.45, 0.68]
+ Procrustes analysis 0.552+0.388  —20.67 n.a. n.a. 0.71 [0.56, 0.89]

Trajectory Dist.

Trajectory Similarity Shape Proximity

Grasp Metric

Modality RMSEjsca (cm) diwnorm (cm) R? dCor Mean (m) p-value Distance (m) Angle
Marker-based n.a. n.a. n.a. n.a. 0.007 n.a. - -

Depth mapping 4.26 1.06 0.879 0.933 0.032 0.0039  (0.064 + 0.023) 35.61°
Pose Lifter (projection) 17.89 223 1165 0.956 0.367  0.0039 (0.44240.194)  34.76°
Pose Lifter (procrustes) 6.10 1.28 0.766 0.988 0.031 0.0039  (0.069 + 0.023) 36.30°
Direct Est. (projection) 87.21 1.89 -56.653 0.752 0.661  0.0030 (0.754+0.508)  53.49°
Direct Est. (procrustes) 13.08 1.86 -0.275 0.94 0.075 0.0039 (0.120 +0.067)  53.63°

direct estimation, and notably exceeds depth mapping for the pose lifter, indi-
cating that the path is well described once offset and velocity inconsistencies are
removed. An imitation learning agent could thus learn a close representation of

the trajectories from depth mapping and aligned pose lifter outputs.

Behaviour Separabil-
ity: Figure2 shows
that the marker-based
and depth mapping
approaches both score
near the maximum,
demonstrating that
the end-effector esti-
mation is accurate
enough to distinguish
actions a. The pose

Bootstrapped accuracy confidence interval

lifter and direct esti-

mation reach

isfactory accuracy only

when aligned

sat-

with

Marker-Based —

Depth-Based —

Pose-Lifter (Procrustes) —_—
Direct (Procrustes)

Pose-Lifter (Projected) —_—
Pose-Lifter
Direct (Projected) —_—
Direct{ H———
0.4 0.5 0.6 0.7 0.8 0.9 1.0
Accuracy

Fig. 2. Mean accuracy and 95% CI of bootstrapped K-Means
clustering.

the depth map via procrustes analysis. Their raw and projected variants remain

too noisy.

Grasp Characterization: The marker-based approach reaches a mean end-effector
to shape distance of about 7mm, against 3.2 cm for the depth mapping, in line
with state-of-the-art MPJPE of =~ 5cm. The best end-effector position error is
~ 6.5 cm with an angle error of ~ 36°. Such an end-effector distance would likely

prevent an imitation learning agent from properly grasping the objects.
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Conclusion: Depth-based estimation is a viable alternative to marker-based cap-
ture for trajectory-heavy imitation, but the evaluated video-based modalities
cannot yet represent fine-grained tasks. The limiting factor is not pose estima-
tion accuracy alone but also coordinate system and temporal consistency. Future
work should explore depth-aware pose lifters or hybrid imitation and reinforce-
ment learning, and extend the framework beyond this controlled-lab scenario.
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Abstract. Passive Acoustic Monitoring (PAM) is increasingly used for
biodiversity monitoring, but training sound event detectors for PAM
remains difficult because strong temporal annotations are expensive to
obtain. Archival sound libraries provide weakly labelled focal record-
ings at scale, yet these recordings differ substantially from PAM sound-
scapes. Focal recordings typically contain one dominant species under
relatively clean conditions, whereas PAM recordings often contain over-
lapping vocalisations from multiple species together with environmental
noise. This mismatch limits the transferability of weakly supervised mod-
els trained on sound libraries.

This paper investigates whether synthetic multi-species training aug-
mentation can reduce this transfer gap. We build on a weakly supervised
sound event detection pipeline using BirdNET embeddings and a lin-
ear classifier, and augment the training data by synthetically mixing
focal recordings into artificial multi-species soundscapes with random-
ized temporal overlap and mixture weights. The PAM evaluation data
remain unchanged. Experiments on five anuran species show improve-
ments in transfer performance. Compared with training on original focal
recordings only, synthetic augmentation increases recall and F1-score at
both bag and segment level, while causing a moderate reduction in pre-
cision. The best bag-level micro-F1 improves from 0.6792 to 0.7687, and
the best segment-level micro-F1 improves from 0.5473 to 0.6120. These
results indicate that simulating multi-species co-occurrence during train-
ing is a practical way to improve weakly supervised transfer from sound
libraries to PAM data.

Keywords: Weakly Supervised Sound Event Detection - Multiple
Instance Learning - Synthetic Data Augmentation - Transfer Learning -
Passive Acoustic Monitoring
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Passive Acoustic Monitoring (PAM) has become an important method for large-
scale biodiversity monitoring because it enables continuous and non-invasive
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observation of ecosystems over long time periods [10,11]. However, automatic
analysis of these recordings remains challenging, as supervised sound event
detection typically requires temporally precise annotations that are expensive
to obtain and depend on expert knowledge [4-6,9|.

To address this limitation, recent work has explored the use of archival
sound libraries as training resources. Collections such as FNJV!, the Macaulay
Library?, and Xeno-Canto® provide large numbers of recordings with weak file-
level labels indicating species presence [12]. These recordings are abundant and
taxonomically diverse, but they are typically focal recordings dominated by a sin-
gle target species. In contrast, PAM recordings represent complex soundscapes
containing overlapping vocalizations and environmental noise [1,8,9]. This struc-
tural mismatch limits transfer from sound-library training data to monitoring
scenarios.

Weakly supervised sound event detection (WSSED) enables learning from
file-level annotations while still producing temporally localized predictions. In
particular, Multiple Instance Learning (MIL) supports instance-level inference
from weak labels and has shown promising results for acoustic monitoring tasks
[3,13,15]. Pretrained acoustic representations such as BirdNET embeddings fur-
ther support efficient transfer to downstream PAM tasks when combined with
lightweight classifiers [8,9]. However, weak supervision alone does not reliably
resolve the mismatch between focal recordings and multi-species monitoring
soundscapes.

In this paper, we investigate whether synthetic multi-species training aug-
mentation can reduce this transfer gap. We generate artificial mixtures by com-
bining recordings from multiple species to better reflect overlapping acoustic con-
ditions in PAM soundscapes, while keeping the evaluation dataset unchanged.
Experiments on five anuran species show that this strategy improves recall and
F1l-score at both bag and segment level, indicating that modelling multi-species
co-occurrence during training improves weakly supervised transfer from sound
libraries to PAM data without additional annotations.

2 Related Work

WSSED enables learning from clip-level annotations while still producing tem-
porally localized predictions. A common formulation is MIL, where recordings
are treated as bags of temporal instances and predictions are aggregated through
pooling strategies [15]. Architectures such as TALNet and duration-robust exten-
sions including CDur demonstrate that weak labels can support effective local-
ization despite missing onset—offset annotations [3,15]. In ecoacoustic settings,
weak supervision has further been shown to support multi-label classification
and extraction of fine-grained information from PAM datasets [12,13].

! https://www2.ib.unicamp.br /fnjv /.
2 https://www.macaulaylibrary.org/.
3 https://xeno-canto.org)/.
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Transfer learning is widely used in PAM because strong annotations are
scarce and expensive to obtain [5,16]. BirdNET provides transferable acous-
tic representations trained on large sound collections and generalizes effectively
across taxa when combined with lightweight downstream classifiers [8,9]. How-
ever, archival sound libraries typically contain focal recordings dominated by sin-
gle species, whereas PAM data consist of multi-species soundscapes with overlap-
ping calls and environmental noise [1,8,9]. This mismatch limits direct transfer
from weakly labelled collections to monitoring scenarios.

Data augmentation is commonly used to improve robustness in sound event
detection through noise injection, spectral masking, waveform perturbations, and
background mixing [§]. Synthetic soundscape generation has also been explored
to compensate for limited annotations, typically by inserting isolated vocal-
izations into background recordings or applying mixture-based augmentation
[9,14,16]. However, these approaches mainly address noise robustness or data
scarcity rather than modelling ecological co-occurrence during training from
focal recordings. Source separation applied to PAM recordings is a conceptu-
ally related alternative, but requires solving the unknown-source-count problem
and imposes additional inference-time cost on datasets that are already large by
design. Our approach instead narrows the domain gap at training time, leaving
PAM inference unchanged.

Explicit simulation of multi-species overlap has been explored only in a lim-
ited number of bioacoustic studies, for example through synthetic polyphonic
mixtures or domain-randomized soundscape generation [2,7]. Such approaches
are rarely studied together with weak supervision or evaluated for improv-
ing transfer from sound libraries to PAM recordings. Modelling ecological co-
occurrence during training from focal recordings therefore remains underexplored
in weakly supervised pipelines targeting deployment on monitoring data.

3 Methods
3.1 Weakly Supervised Localisation with BirdNET Embeddings

This work follows a WSSED formulation in which recordings are annotated only
at file level. Each recording is treated as a bag of 3-s long temporal segments and
processed using a MIL framework that enables instance-level predictions from
weak labels [3,15].

Instead of training an acoustic encoder from scratch, we use pretrained Bird-
NET embeddings as segment-level representations [8]. These embeddings provide
transferable acoustic features that support downstream biodiversity monitor-
ing tasks [9]. Segment-level embeddings are passed to a linear classifier trained
with binary cross-entropy loss and aggregated through MIL pooling to obtain
recording-level predictions. This enables joint classification and localisation from
weak annotations and supports inference at both bag and segment level on PAM
data.
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3.2 Synthetic Multi-species Augmentation

To reduce the mismatch between focal recordings and monitoring soundscapes,
we generate synthetic multi-species mixtures from sound-library recordings. The
FNJV training subset used in this study contains 632 focal recordings across
five target species (names abbreviated as in [1]), and synthetic mixtures are
generated exclusively from this subset.

To analyse augmentation effects independently of dataset size, training sets
are constructed with varying proportions of original and synthetic recordings
while keeping the total number of training samples constant. We evaluate four
ratios: 0.714,/0.286, 0.6/0.4, 0.5/0.5, and 0.4/0.6 (original/synthetic). Synthetic
mixtures contain varying numbers of overlapping species to approximate typical
monitoring conditions. Specifically, 70% contain two species, 20% contain three
species, and 10% contain four species. Synthetic mixtures are used only during
training, while validation and test sets contain only real recordings.

3.3 Synthetic Mixture Generation Procedure

Synthetic mixtures are constructed by combining recordings from different
species within a shared temporal canvas. All recordings are converted to 48 kHz
mono before mixing. For each mixture, the longest recording defines the refer-
ence duration and shorter recordings are inserted at random temporal offsets to
generate varying overlap patterns.

Each source signal is peak-normalised prior to mixing. Random mixing
weights are sampled from the range 0.6 to 1.0 and normalised to sum to one
before sample-wise summation. The resulting mixture is peak-normalised again
and amplitude-limited to prevent clipping during storage.

4 Results and Discussion

We evaluate the effect of synthetic multi-species augmentation by varying the
proportion of synthetic mixtures in the training set while keeping validation and
test data unchanged (AnuraSet). Results are reported at both bag level and
segment level using micro- and macro-averaged precision, recall, and F1-score.

Increasing the proportion of synthetic mixtures increases recall at both bag
level and segment level while reducing precision. Bag-level micro F1 increases
from 0.6792 with only original recordings to 0.7535 at a synthetic ratio of 0.286,
and reaches 0.7687 at a 0.5 / 0.5 ratio. Segment-level micro F1 increases from
0.5473 without augmentation to 0.6011 at a 0.286 ratio and reaches 0.6120 at a
0.4 / 0.6 ratio. Macro-level F1 follows the same pattern, with bag-level macro
F1 increasing from 0.3882 to 0.5507, and segment-level macro F1 increasing
from 0.2670 to 0.3999 (see Fig.1). These results show that modelling overlap-
ping acoustic conditions during training reduces the mismatch between focal
recordings and PAM soundscapes.
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Fig. 1. Effect of the synthetic-data ratio on bag-level and segment-level performance.
The x-axis shows the synthetic data ratio used in training, and the y-axis shows the
metric value (see color code). Each subplot reports Precision, Recall, and F1-score for
a different evaluation setting: (a) bag-level micro, (b) segment-level micro, (c) bag-level
macro, and (d) segment-level macro.

Species-level results show that recall improvements are largest for BOARAN
and LEPFUS. For BOARAN, segment-level recall increases from 0.0988 with-
out augmentation to 0.5256 at a 0.4 / 0.6 ratio, and segment-level F1 increases
from 0.1775 to 0.6395. For LEPFUS, recall increases from 0.1357 to 0.1996,
with segment-level F1 increasing from 0.2390 to 0.3328. In contrast, DENMIN
segment-level F1 changes from 0.7996 to 0.8071 across the same ratios (see
Fig.2). These differences indicate that synthetic mixtures improve detection
performance for some species with low baseline transfer from focal recordings,
particularly BOARAN and LEPFUS. Precision decreases as the proportion of
synthetic mixtures increases, reflecting the expected sensitivity—specificity trade-
off in weakly supervised detection. However, the increase in recall leads to higher
F1-scores across nearly all configurations. Balanced mixtures of original and syn-
thetic recordings produce the strongest bag-level performance, while segment-
level performance reaches its highest value at a 0.4 / 0.6 ratio. SCIFUS remained
undetected (recall = 0) across all configurations. This indicates that synthetic
overlap alone cannot compensate for severe class imbalance or limited training
data and suggests that additional recordings or complementary training strate-
gies are required for such cases.
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Fig. 2. Effect of the synthetic-data ratio on segment-level species-wise performance.
The x-axis shows the synthetic data ratio used in training, and the y-axis shows the
metric value. Each subplot reports Precision, Recall, and F1-score for a different species:
(a) BOARAN, (b) DENMIN, (c) DENNAN, and (d) LEPFUS. SCIFUS is excluded as
all metrics are zero across all configurations.

5 Conclusion

This paper investigated whether synthetic multi-species training augmentation
improves weakly supervised transfer from sound-library recordings to PAM data
using a Multiple Instance Learning pipeline with BirdNET embeddings. The
results show that incorporating synthetic overlap during training improves trans-
fer from focal recordings to monitoring soundscapes without requiring additional
annotations. However, performance for SCIFUS remained unchanged across all
configurations, indicating that synthetic augmentation alone cannot compensate
for severe class imbalance. Future work will investigate alternative mixture con-
struction strategies, including energy-based weighting and signal-to-noise ratio
controlled mixing, as well as the individual effects of different overlap configura-
tions. In particular, a systematic analysis of mixture complexity and PAM-like
species co-occurrence structures may further improve weakly supervised transfer
from sound libraries to monitoring data.
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Abstract. The Ride-Hailing Problem is an online optimization chal-
lenge that coordinates a fleet of vehicles to serve requests revealed
over time. The problem is NP-hard, and many solution approaches use
stochastic or machine-learning based algorithms, which perform well but
are difficult to interpret. We study the trade-offs between performance
and explainability. Our results show that greedy assignment consistently
outperforms more complex methods, indicating that explainability need
not come at the cost of efficiency. We also find that the effectiveness of
repositioning strategies strongly depends on demand patterns, highlight-
ing the value of context-aware policies.

Keywords: ride-hailing problem - dynamic optimisation -
repositioning -+ explainability + scheduling

1 Introduction

Online optimization is central to real-world logistical challenges such as resource
allocation and scheduling, where information about incoming jobs is not known
ahead of time [25]. The ride-hailing problem is one such online optimization
problem with real-world applications. On-demand ride hailing services like Uber
and Lyft must match dynamically arising customer requests to drivers in real-
time [18,24]. One primary optimization goal is the maximization of profit; how-
ever, customer satisfaction also plays an important role, incentivizing reduced
waiting times [4].

Due to the inherent complexity of the ride-hailing problem (RHP) [30], many
existing solution approaches rely on stochastic metaheuristics [7,10,11,16,31]
or machine-learning (ML) techniques to optimize scheduling and repositioning
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strategies [22,23,26,27,32]. While these methods achieve strong performance in
practice, their decision-making processes are often difficult to explain and remain
opaque to customers and operators alike. This has fueled growing interest in
explainability as a research direction [17]. Explainable optimization algorithms
provide justifications for their choices, thereby increasing trust and potentially
improving user satisfaction [12,17].

In this work, we extend existing research on the RHP with a focus on explain-
ability. Specifically, we address the following research questions: (RQ1) How do
request frequency and distribution affect the performance of different reposition-
ing strategies? (RQ2) Is there a trade-off between performance and explainability
in the investigated RHP algorithms, and how does demand shape their perfor-
mance?

To answer these questions, we evaluate a variety of approaches, includ-
ing a transparent greedy heuristic, batching [1] and load-reduction-based
approaches [2,9] adapted from scheduling literature, as well as Xu et al.’s
LEARNING-PLANNING algorithm [28], which incorporates machine learning to
optimize assignments. Our findings show that the simple greedy strategy con-
sistently outperforms more complex approaches, highlighting that explainable
algorithms can achieve strong performance even when compared to more sophis-
ticated ML-approaches. Additionally, we observe that different repositioning
strategies perform best under different demand conditions, suggesting that adap-
tively choosing repositioning strategies based on request patterns could yield
additional benefits.

2 Methodology

In this section, we introduce the ride-hailing problem and describe the scheduling
and repositioning algorithms developed and evaluated in the remainder of this

paper.

2.1 Problem Description

An RHP instance is defined on a directed weighted graph G = (V, E, w), where
w: VxV — R, denotes driving time, with a set M of m vehicles and a sequence
J of n requests over time horizon T' € N, . Vehicle locations at time ¢ are given
by X; = («},...,al)), with Xy specifying starting positions.

Each request j = (r,s,d) has release time r, pick-up location s € V, and
drop-off location d € V. A vehicle v serves j upon reaching s at some t > r
and traveling to d. The completion time of j, Cj, is r + w(s, d). Pick-ups and
drop-offs are assumed to be instantaneous.

A feasible solution assigns sequences of requests to vehicles such that no
request is served before its release time and no vehicle serves two requests simul-
taneously.

Solutions are evaluated with respect to customer satisfaction, measured
by the total flow time, i.e., ZjGJ(Cj —r;) and operating costs, measured by
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the cumulative driving time, i.e., the total time vehicles spend driving rather

than idle: Zle Z;ﬂﬂ w(xé'_lv m;)

2.2 Scheduling Algorithms

Scheduling algorithms define strategies of assigning requests to vehicles. The
following algorithms are used and extended in our application.

Greedy. The GREEDY algorithm is an intuitive solution approach well described
in the literature [14,15,20]. At any time ¢, let J; = {j = (+/,s,d) | ¥’ < t A
J not yet served} denote the set of released but unserved requests. If a vehicle
finishes its current request at time ¢ and is located at d, it is assigned a request
J € argminje g, w(d, s;), and Jp — J \ {j}. If J; = 0, the vehicle stays idle until
a request is released. This is repeated until all requests have been served.

Least-Expected-Load. The load of a vehicle v, denoted L,,, is defined as the
time needed for v to serve all requests currently assigned to it. Let d}% denote the
drop-off location of the final request assigned to v. Then, upon receiving a new
request j = (1, s,d), the LEAST-EXPECTED-LOAD algorithm assigns j to some
v € argminyey(Ly + w(d}, s) + w(s,d)), extending the greedy list-scheduling
algorithm for load-balancing on related machines [2,9]. We also incorporate a
background swap-based local search that periodically exchanges two jobs in a
randomly selected vehicle’s schedule until no improving swaps remain.

Batching. Batching is a well-studied paradigm in online matching [1]. This
algorithm collects requests into a batch J, and assigns them via a min-cost
matching when any of the following conditions hold (¢, := current time point):

1) Age: .7 + tymas > t. for some x € Ty, .
2) Batch Size: Number of requests ny = |J;, 5| surpasses a given threshold g,

ie. ny > 1.

3) Request Frequency: In a certain time frame t,, the number of requests
ne, = {zlx € Jpop Axr + oy -ty > t.} surpasses a given threshold I, i.e.
Nty > lt.

The threshold values [, and l; are chosen to be proportional to the number
of vehicles m, such that l; = a4 -m and l; = a; - m, where ay and oy are
configurable (we use ay = 3.5, o = 2.5). The time frame ¢,, used in condition
(3) is based on the average of all previous consecutive requests at time point ¢.:
ﬁ S xir—zi_qy.r,with I’ = {2, ..., z;}. The maximum waiting time for
a request is then proportional to the obtained time frame, i.e. t;az = Bmaz - tw,
where B,q: = 2 is also configurable.

Repositioning is incorporated via the k-Centers algorithm (see Table1). A
vehicle is repositioned if sufficient time has passed since its last repositioning
(trt = Brt * tw, Brt = 4) and it has served at least one request since then,
provided no batched request is currently pending.

Learning-Planning. Following Xu et al. [28], this approach operates in two
phases. In the offline phase, historical data is used to estimate spatio-temporal
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value patterns via incremental state-value updates. In the online phase, these
learned values are combined with immediate rewards as edge weights in a bipar-
tite matching, solved via the Hungarian algorithm [13,21,29]. We refer to [28]
for full implementation details; our parameter choices are R = 10D and v = 0.9.

2.3 Repositioning Algorithms

Repositioning strategies find new locations for vehicles which are not currently
serving any request. These locations should be selected to optimize a vehicle’s
ability to serve future requests, for example, by placing it closer to an area
from which future requests are expected to arise. The repositioning strategies
considered in this work are summarized in Table 1.

All strategies except the District strategy, which has fixed vehicle-district
assignments, assign vehicles to districts or centroids or centers via a min-cost
matching calculated via the Hungarian algorithm [13,21,29].

Table 1. Summary of repositioning strategies. For clustering-based strategies, cen-
troids/centers are selected from received requests.

Algorithm Zoning Strategy Scheduling Algorithm(s)

District Fixed-size districts. Greedy

District-Swap Fixed-size districts. Greedy

k-Means [3,6] k request centroids, arbitrary-sized clusters. Greedy

Balanced k-Means [19]/k request centroids, prioritises evenly sized Greedy
clusters.

k-Centers [5,8] k centers chosen to minimise the maximum Batching, Learning-Planning
distance between a request and a center.

3 Evaluation

Setup. For evaluation, eight test instances were generated, modeling multiple
realistic scenarios. We varied three factors: request frequency (busy (HF) and
slow hours (LF)), the presence (HS) or absence (U) of a hot-spot (an area with
elevated request frequency, e.g., a stadium or airport), and service duration (6
or 12h) which defines the time horizon of the instance. To provide a lower-
bound on algorithm performance w.r.t. total flow-time, the offline optimum was
computed using a MILP formulation, solved with CPLEX 22.1.2.0 on an Intel
Core i7-10700 CPU.

Repositioning Strategies. In order to assess the impact of different repo-
sitioning strategies on algorithmic performance, we evaluated combinations of
the GREEDY algorithm with the repositioning strategies described in Sect. 2.3
across ten runs for each of the eight instances described above. Using GREEDY
without repositioning as a baseline, we compared combinations of the GREEDY
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algorithm with k-MEANS (km), BALANCED k-MEANS (bkm), DISTRICT (Dist),

and DISTRICT-SWAP (D-swap) repositioning strategies. Results are summarized
in Tables2 and 3, instances encode the used setup'.

Table 2. Results for Total Flow Time Table 3. Results for Sum of Driving Times

(values divided by 10,000) (values divided by 1,000)

Instance Gr. km bkm Dist. D-Swap Instance Gr. km  bkm Dist. D-Swap
HFHS6 26.1 25.8 26.0 26.0 26.1 HFHS6 107.7 109.0 107.6 111.9 112.3
HFHS12 56.0 57.2 56.7 55.9 56.3 HFHS12 217.5 219.2 217.9 223.2 222.5
HFU6 18.718.0 18.7 17.8 17.8 HFU6  126.5 132.8 126.8 135.0 132.9
HFU12 48.347.2 48.8 47.3 47.2 HFUI12 231.1 243.4 231.6 242.4 239.0
LFHS6 1.7 2.0 1.7 2.6 2.8 LFHS6 14.1 48.8 14.1 39.9 41.3
LFHS12 2.7 2.6 2.7 3.8 4.1 LFHS12 22.7 76.3 228 59.8 60.9
LFU6 5.6 4.9 56 52 5.3 LFU6 53.6 91.0 53.8 76.5 712
LFU12 96 8.2 9.0 84 8.6 LFU12 91.4 160.2 108.8 124.3 117.9

Assignment Strategies. We next compared ride-hailing algorithms that pur-
sue strategies beyond the basic GREEDY approach. Some of these algorithms,
including LEARNING-PLANNING and BATCHING, incorporate their own custom
assignment and repositioning strategies to improve performance. Others, such as
LEAST-EXPECTED-LOAD, do not exploit repositioning at all. For reference, we
also included GREEDY as a baseline, as well as GREEDY with k-MEANS reposi-
tioning. Each algorithm was executed ten times on the eight instances described
above. Figure 1 presents flow time and driving time for four selected instances,
illustrating the relative differences across algorithms under different demand
conditions.

GREEDY-based strategies consistently outperform all other algorithms across
request frequencies and distributions for total flow time. In low-frequency
instances, both BATCHING exhibits significantly higher flow times, whereas
LEAST-EXPECTED-LOAD performs similarly to GREEDY without repositioning.
For high-frequency instances, LEARNING-PLANNING and LEAST-EXPECTED-
LoAD show the worst performance.

Results for Reseach Questions. For RQ 1, we investigate the effective-
ness of repositioning strategies under different demand conditions. Our results
indicate that district-based repositioning strategies which aim to evenly dis-
tribute vehicles across the service area outperform request-density based reposi-
tioning strategies. However, for non-uniform request distributions, district-based
strategies increase total driving distance without reducing total flow-time. When
request frequency is high, vehicles are frequently interrupted before completing
repositioning, resulting in similar performance across all strategies.

! The necessary information for reproducing the results can be found with the following
Zenodo package https://doi.org/10.5281/zenodo.20457001.
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Fig. 1. Boxplots of total flow time (above) and total driving time (below) for selected
instances and ride-hailing algorithms (Left to right: Greedy, Greedy + k-Means repo-
sitioning, Batching, Least Expected Load, Learning-Planning). The blue line in the
low-frequency instances represents the optimal offline solution. Bars indicate signifi-
cant difference from the greedy baseline, determined by KruskalWallis tests followed
by post-hoc Dunn’ (Color figure online)s tests (* p < 0.05, ** p < 0.01, *** p < 0.001,
*REE p < 0.0001).

RQ 2 investigates trade-offs between performance and explainability. Explain-
ability decreases from GREEDY (distance-based, fully transparent) through
LEAST-EXPECTED-LOAD (mostly interpretable) and BATCHING (opaque param-
eters) to LEARNING-PLANNING (learned rewards, difficult to explain in real-
time). Yet GREEDY and its variants consistently outperform all others in flow
time and driving time, suggesting that more complex algorithms do not neces-
sarily yield better performance. The best GREEDY variants achieve flow times
roughly double the offline optimal, with a smaller gap on uniform instances,
indicating concentrated demand exposes a limitation of greedy assignment.

Limitations. This study has several limitations. First, explainability is assessed
qualitatively based on the authors’ judgment, without formal quantitative mea-
sures. Second, all experimental instances were synthetically generated, which
may limit the external validity of the findings. Finally, several modeling simpli-
fications were made, e.g., indefinitely waiting users.

4 Conclusion and Future Work

We compared the performance of scheduling and repositioning algorithms for
the RHP based on total flow and driving time. We implemented extensions on
existing algorithms as well as the ability to combine a scheduling algorithm with
different repositioning strategies. Our results show that the greedy algorithm
outperforms the more complex approaches and that repositioning can be benefi-
cial. In future work, we want to extend the scenario with time windows and the
ability to share a vehicle among customers. Future work could also benefit from
the development of explainability metrics and/or user surveys. Finally, we plan
to evaluate our algorithms on real datasets to adapt to real-world scenarios.
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Abstract. Professional ethics boards in fields such as engineering must
identify applicable obligations when multiple provisions of the same eth-
ical code generate competing requirements. In prior work we defined
a nine-component case representation for professional ethics analysis.
This paper presents the ontological implementation of that represen-
tation, grounded in the Basic Formal Ontology (BFO) and classified
through the Information Artifact Ontology (IAO). Type-level disjoint-
ness is verified by the Pellet OWL-DL reasoner. Three object proper-
ties (competesWith, prevailsOver, defeasibleUnder) expose the com-
petition structure between obligations as asserted, SPARQL-queryable
relationships between typed individuals. OntServe, an ontology server,
instantiates the representation as a knowledge graph of case ontologies
extracted from a professional board of ethics archive.

Keywords: professional ethics - ontology - defeasible reasoning - case
representation + OWL-DL - knowledge graph - BFO

1 Introduction

The evaluation of professional conduct often draws on multiple ethical traditions,
including deontology, consequentialism, and virtue-based role ethics [17]. Auto-
mated case analysis must represent this normative content while also tracking
the temporal sequences of actions and events. Professional ethics evaluation is
bounded by established codes [7], defined roles, and the case record, where codes
map to deontic structures, roles anchor obligation assignments, and the actions
and events of a case introduce temporal ordering.

These three dimensions (deontic structure, role-based obligations, and tempo-
ral ordering) require formal, queryable components [17,18]. In prior work [13,14]
we defined a nine-component case representation for professional ethics analy-
sis. This paper presents the ontological implementation of that representation,
grounded in the Basic Formal Ontology (BFO) [2], serialized in RDF /OWL, and
served through OntServe,! a SPARQL-queryable ontology server. The imple-
mentation encodes temporal relations through Allen’s [1] interval algebra via

! OntServe provides the knowledge layer for ProEthica (https://proethica.org), a
deployed case-analysis system for professional ethics. Source https://github.com/
cr625/O0ntServe, live endpoint https://ontserve.ontorealm.net.
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OWL-Time [5], and the Pellet OWL-DL reasoner [16] verifies type-level dis-
jointness across entity classifications. Three object properties (competesWith,
prevailsOver, defeasibleUnder) represent obligation competition as first-class
graph relationships, so the defeasible patterns in professional ethics cases are
queryable by SPARQL and available to external reasoning engines.

2 Background

Two surveys map the computational ethics field. Tolmeijer et al. [17] classify
implementations across ethical theories, design choices, and technical proper-
ties, finding that about half draw on a single ethical theory and few incorpo-
rate professional domain codes. Zhong et al. [18] reframe the field around the
decision-making process, organizing approaches by their source of ethical guid-
ance, decision method, and evaluation criteria. Through this lens, professional
ethics evaluation has a distinctive configuration. The source of guidance is an
established domain code combined with precedent cases, and evaluation refer-
ences expert-authored adjudications. Both surveys find the machine ethics field
short of standardized benchmarks, with most systems evaluated only informally,
if at all, and call for evaluation data grounded in expert judgment.

The National Society of Professional Engineers (NSPE) Board of Ethical
Review (BER) has published over 650 advisory opinions applying the NSPE
Code of Ethics to specific fact patterns, many citing prior board decisions [11].
Source and decision-method components of this configuration appear in prior
work. Ashley and McLaren [3] developed case-based knowledge representations
for practical ethics, and McLaren’s [10] SIROCCO retrieves operationalized prin-
ciples and relevant past cases as the source of guidance for new professional-ethics
problems. Berreby et al.’s [4] modular framework, built on a modified Event Cal-
culus, provides a decision method that composes obligations, actions, and events
with explicit temporal semantics.

3 Defeasible Normative Representation

The D-tuple D = (R, P,0,S,Rs, A, E,Ca,Cs) defines nine components that
represent the structural elements involved in obligation competition within pro-
fessional ethics cases. Three functional dimensions organize them [13]. Con-
textual Grounding components, namely Roles (R), States (5), and Resources
(Rs), establish who acts under what conditions with what knowledge. Norma-
tive Structure components, namely Principles (P), Obligations (O), Capabilities
(Ca), and Constraints (Cs), define what conduct is required, permitted, and
prohibited. Temporal Dynamics components, namely Actions (A) and Events
(E), record what occurred and in what order.

The BFO/TAO classification [2] grounds the component disjointness. States
are specifically dependent continuants and Actions and Events are processes, so
the continuant /occurrent boundary makes them disjoint. Principles, Obligations,
and Constraints are directive information entities and Resources are descriptive
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information content entities, two kinds of information content entity that the
ontology declares disjoint.

3.1 Defeasible Normative Structure

The dependency structure of the D-tuple represents the relationships along which
obligations compete in professional ethics evaluation. Professional ethics is inher-
ently defeasible [15]. Obligations derived from one Principle can be overridden
by stronger Obligations derived from another when specific States obtain [8].
Defeasibility operates along these typed relationships. Representing the com-
ponents as typed individuals with named edges between them makes the com-
petition structure explicit and queryable. The three edges carry explicit OWL
signatures. competesWith is symmetric and relates an Obligation to an Obli-
gation, prevailsOver relates an Obligation to an Obligation and is declared
asymmetric and irreflexive, and defeasibleUnder relates an Obligation to the
State under which it is overridden. The extraction asserts these edges from the
board’s resolution text rather than deriving them by inference.

The dependency chain R — P — O establishes the normative structure.
A Role adheres to applicable Principles, which derive concrete Obligations.
These dependencies are materialized in each case ontology as the object proper-
ties adheresToPrinciple, hasObligation, and derivedFromPrinciple, so the
chain is traversable by SPARQL. This derivation follows Dennis et al. [6], who
show that abstract principles require translation into context-dependent rules.
Unlike their policy-and-order formalism for autonomous systems, the present
contribution is a deployed representation that exposes obligation competition
as queryable structure for external reasoners rather than a plan-selection pro-
cedure. The D-tuple does not resolve the resulting competitions. It makes them
explicit as named, typed relationships that a human evaluator or external rea-
soning engine can query and adjudicate.

For example, an environmental engineer who performed wetland delineation
for a client discovers, after the engagement has ended, that the client illegally
filled the wetlands without permits [11]. The duty of confidentiality to the former
client competes with the paramount duty to protect public welfare, and under
the violation the confidentiality obligation is defeasible while the public-welfare
duty prevails, discharged by reporting to the proper authority. The R — P — O
chain produces both obligations from the same Role, but the State determines
which prevails. NSPE BER Case 04-8 (2004)? illustrates this with a concrete
scenario. The extraction client (Sect.4) produces typed OWL individuals from
the case narrative. A separate edge-extraction pass then links competing Obliga-
tion and State individuals with the three defeasibility object properties, attach-
ing to each edge a PROV-O derivation that records the verbatim source quote.
Figure 1 shows three typed individuals extracted from this case and the defea-
sibility edges (competesWith, prevailsOver, defeasibleUnder) introduced in
the core ontology to expose this pattern as first-class graph structure.

2 https://www.nspe.org/career-growth /ethics /board-ethical-review-cases /public-
welfare-client-action-following-engineers.
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case86:State_WetlandViolation
a proeth:UnpermittedWetlandFillViolationState ;
rdfs:label "Client’s unpermitted wetland fill; public safety at risk" .

case86:0bl_Confidentiality
a proeth:ConfidentialityObligation ;
proeth:sourcetext "shall not reveal facts ... without the prior
consent of the client (NSPE II.1.c)" .

case86:0bl_PublicWelfare
a proeth:SafetyObligation ;
proeth:sourcetext "Hold paramount the safety, health, and welfare
of the public (NSPE I.1)" .

case86:0bl_Confidentiality
proeth-core:competesWith case86:0bl_PublicWelfare ;
proeth-core:defeasibleUnder case86:State_WetlandViolation .

case86:0bl_PublicWelfare
proeth-core:prevailsOver case86:0bl_Confidentiality .

Fig. 1. NSPE BER Case 04-8 (Public Welfare, Client Action Following Engineer’s Ser-
vices). An environmental engineer discovers, after services end, that a former client has
illegally filled wetlands. Two obligations under the current NSPE Code compete, confi-
dentiality to the client (II.1.c) and the paramount duty to public welfare (I.1, discharged
by reporting to the proper authority). The State representing the unpermitted fill ren-
ders the confidentiality obligation defeasible, and the public-welfare obligation prevails.
Type-level classification verified by the Pellet reasoner (Sect.4). Prefixes denote the
core ontology (proeth-core:), the engineering domain ontology (proeth:), and the
case individual layer (case86:). Local names abbreviated. Provenance triples omitted.

3.2 Architectural Separation for Decidability

Representing defeasible normative reasoning in full generality exceeds the expres-
siveness of decidable description logics, and OWL-DL cannot natively express
obligation override. The architecture separates concerns. The type-level ontol-
ogy (component classifications, disjointness axioms, BFO alignments) remains
within OWL-DL and benefits from sound and complete reasoning by Pellet [16],
while the defeasible patterns are carried as the structured, SPARQL-queryable
relationships described above, available to external engines that support non-
monotonic inference, such as defeasible-rule systems with explicit priorities [§].
This is a deliberate boundary. The ontology captures the board’s resolution as
provenance-grounded structure, and external engines handle defeasible inference.

4 Implementation

The representation described in Sect. 3 requires an infrastructure that serves for-
mally typed case ontologies, validates LLM-extracted classifications, and exposes
the graph to SPARQL queries. OntServe implements this infrastructure as a
three-layer ontology architecture.
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The core layer declares the nine component classes with an owl:A11Disjoint
Classes assertion and the BFO/IAO alignments described in Sect. 3. A domain
layer adds profession-specific subclasses. For engineering ethics, these include
subclasses of Obligation for disclosure duties and public safety requirements,
and subclasses of Resource for NSPE Code provisions and board precedents [11].
Each case then produces an individual layer: one OWL ontology per case that
contains the typed individuals from that narrative and links to shared class
definitions in the domain and core layers.

The repository currently holds 142 ontologies: 119 case ontologies, 11 exter-
nal imports (including BFO, TAO, Relations Ontology, and PROV-O), and 12
ProEthica ontologies (core, intermediate, cases, provenance, four codes of ethics
for NSPE/ASCE/ASME/IEEE, and four engineering domain ontologies). The
full graph is served through a SPARQL endpoint.

OntServe exposes ontology definitions via the Model Context Protocol
(MCP) for use by extraction clients. The current client is an LLM that pro-
poses typed entities from case text without traversing the ontology or drawing
inferences. The companion paper [13] documents this nine-component extraction
in full. The defeasibility edges are added afterward by a separate pass, one call
per case to Claude Sonnet 4.6 at temperature 0.1, with output constrained to the
previously extracted individuals and each edge carrying a PROV-O derivation.
Pellet (Sect. 3.2), implemented via owlready2 [9], verifies that each case ontology
satisfies the core-layer disjointness assertion declared in Sect. 3. A State misclas-
sified as an Action, for example, would violate this disjointness and produce an
inconsistency.

5 Evaluation

The ontological infrastructure of Sects. 3 and 4 was evaluated for three properties
of the knowledge graph, namely structural coverage, ontological consistency, and
downstream retrieval performance.

The extraction client produced 119 case ontologies from NSPE Board of
Ethical Review opinions spanning 1958 to 2025. Each case ontology contains
typed individuals classified across the nine components, with coverage across
all three functional dimensions in every case. Entity classes accumulate across
cases, so the shared vocabulary grows without duplication. The defeasibility layer
comprises 1,872 competesWith, 788 prevailsOver, and 2,177 defeasibleUnder
edges, with at least one prevailsOver edge present in 118 of the 119 cases.

Ontological consistency follows from the formal structure. The owl:All
DisjointClasses assertion over all nine components means that the SPARQL
endpoint can validate classification integrity without additional logic. A query
checking for entities with two incompatible component types will return empty
because the ontology makes such a classification incoherent at the schema level.
Pellet confirms consistency for all 119 case ontologies. Its check is type-level,
covering disjointness across the nine components together with the asymmetry
and irreflexivity of prevailsOver. It does not validate extraction accuracy and
does not perform defeasible inference.
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The shared entity vocabulary also supports case retrieval: component-aware
embeddings over the same 119-case pool recover cited precedents at three to
eight times the random baseline [13].

The evaluation is limited in three respects. The case base covers a single
professional domain. Expert evaluation of whether the typed classifications and
defeasibility relationships match domain practitioners’ judgment has not yet
been conducted. The defeasibility edges are asserted by the extractor from each
board opinion rather than derived by a reasoner.

6 Conclusion

The D-tuple provides a representation for professional ethics cases that unifies
deontic dependency chains and formal ontological classification within a single
deployed graph. Three defeasibility object properties expose the competition
structure between obligations as queryable graph relationships.

OntServe instantiates this representation as a knowledge base with a
SPARQL endpoint for cross-case queries and an MCP interface for extraction
clients. A prior application of role-based ethics validation to military medi-
cal triage [12] shows the evaluation model operating in a professional domain
through formal code resources, and argues the approach extends to other pro-
fessional domains. Future work includes integrating a defeasible logic engine to
formally resolve the obligation competitions that the current representation cap-
tures as structured data.

Data Availability Statement. The NSPE Board of Ethical Review cases used in
this study are publicly available through the NSPE Ethics Resources website. The
119 case ontologies, supporting ontologies, and extraction pipeline are maintained in
the OntServe repository (see Sect.1). An archival copy is also available in a Zenodo
repository.
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Abstract. This paper introduces Warehouse Logistics 2D (WaLo2D),
an open-source environment designed for testing multi-agent reinforce-
ment learning algorithms in automated warehouse logistics. WalLo2D is a
configurable, low-compute simulation that models simple 2D warehouse
tasks. This enables researchers and developers to quickly evaluate coop-
erative strategies for package storage, pick-up, and redistribution centre
management. While more realistic 3D simulations are essential for final
deployment, they often slow down early policy training due to the time-
consuming manual crafting of details and high hardware requirements.
In contrast, overly simplified models, such as discrete grid-based navi-
gation, may not generalise well. WaLo2D bridges this gap by providing
an accessible testbed that accelerates the initial evaluation of algorithms
and tuning of reward functions, which is a critical advantage given the
high number of repetitions required in multi-agent reinforcement learn-
ing experiments. It supports logistics scenarios, such as package rout-
ing, storage management and truck loading. The project is available at
https://github.com/KIForAN/WaLo2D.

1 Introduction

In today’s economy, warehouses and logistics centres have become essential for
online shopping and industrial production. As demand grows, it is becoming pro-
gressively more challenging - and consequently more costly - to secure enough
qualified personnel to operate equipment such as forklifts, handle packages and
oversee the loading and unloading of delivery trucks. Consequently, the industry
is shifting towards automated and autonomous solutions, including multi-robot
and swarm systems. The coordination and task assignment of these robots can
be achieved through classical algorithms or machine learning tools such as rein-
forcement learning (RL). Whilst classical methods have been demonstrated to
be effective in addressing specific warehouse sub-problems, they are not well-
suited to dynamic environments where policies must adapt to stochastic package
arrivals, variable robot capabilities, and evolving storage layouts. RL provides
a principled framework for the learning of adaptive strategies through inter-
action, a matter of increasing relevance as warehouses transition towards fully
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autonomous operations. Effective RL training depends on a suitable simulation
environment. While several 3D-based warehouse-specific simulations exist, most
require extensive manual configuration and setup, making them time-consuming
and resource-intensive. Conversely, many research experiments rely on oversim-
plified models, such as grid-based systems, which fail to capture the nuances of
real-world operations. To effectively train RL policies, reward functions must be
carefully designed, and appropriate algorithms must be selected for each task, a
challenge that remains an active area of research. To address these challenges,
we introduce WaLo2D, a simulation environment that balances complexity, com-
putational cost, and realism. Its design focuses on fast iterations and testing of
various reward functions as well as RL policies. Solutions developed with an
increased variation in simulations can more robustly be adapted to more com-
plex simulations or real environments. Our goal is for WaLo2D to become a
standardised RL testbed for diverse multi-robot warehouse logistics tasks.

2 Related Work

Training RL policies for warehouse-related tasks has been explored through var-
ious simulation environments. For instance, Cestero et al. [1] trained a single
agent within a discrete grid-based environment to manage warehouse operations.
Similarly, Baras et al. [2] employed a multi-robot grid-based system, where an
algorithm was used to select the next robot for package pickup in conjunction
with a classical path planner. While these environments allow for rapid experi-
mentation, they lack the fidelity needed to capture the complexities of real-world
warehouse dynamics, and can hinder the transfer of learned policies to physical
systems. In contrast, other researchers focus on integrating more realistic simula-
tions into their frameworks. Leon et al. [3] connected FlexSim, a powerful indus-
trial manufacturing and warehouse simulation software, with Gym [4], allowing
for the development of policies mimicking human decision-making. However,
these high-fidelity simulations often require substantial computational resources
and manual configuration, slowing down the crucial iterative development pro-
cess for RL experimentation. Similarly, environments built with advanced simula-
tion tools such as Gazebo [5] and ROS/ROS2 [6,7], combined with RL interfaces
like that proposed by La et al. [8], provide realistic physics and sensor models,
but introduce complexity in setup and tuning. For even greater visual fidelity,
game engines such as Unreal Engine [9] can be combined with real ROS-capable
robots [10] or physics engines like MuJoCo [11,12]. Additionally, Nvidia’s Isaac
simulator [13] offers a unified solution for both physics and visualization simu-
lations. Salimpour et al. [14] further demonstrated the potential of combining
Nvidia’s Isaac simulator with Gazebo and real ROS-capable robots to enhance
sim-to-real transfer. WaLo2D aims to offer a solution between these extremes. It
provides a simulation environment that offers the needed balance between real-
ism and computational efficiency, enabling faster iteration and reward function
tuning than high-fidelity simulators while avoiding the limitations of simplified
grid-based approaches. This 2D design, combined with simplified physics, sup-
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ports rapid and accurate prototyping, which is especially beneficial for multi-
agent reinforcement learning (MARL) in warehouse logistics.

3 Project Structure
3.1 Warehouse Simulation

The warehouse simulation is implemented in Python 3 and uses efficient linear
algebra with numpy arrays [15]. For the rendering of the warehouse, robots, and
other entities, we use the popular pygame [16] library for building 2D games.
The simulation supports four primary entity types. Mobile robots: These are
the agents which represent autonomous mobile robots (AMRs), operating within
the warehouse. Modelled as simple rectangles with a position and rotation, they
support omnidirectional driving using holonomic dynamics [17]. They can move
in both the X and Y directions and rotate, similar to applications described
in [18]. Packages: These represent various goods that require transportation
and have designated goals such as trucks and storage spaces. Storage spaces:
These static, rectangular locations serve as designated areas for storing packages.
Trucks: Trucks are connected to a loading bay, and can load or unload one or
more packages using a FIFO buffer. Each mobile robot has an optional goal state
that can be set or modified at runtime. Robots also maintain an internal bat-
tery state with a simple energy consumption mechanism, each action, or waiting
period consumes energy differently. Users can define multiple robot types, each
characterised by its own size, maximum velocity, battery capacity, and energy
consumption parameters. Currently, robots do not differentiate between pack-
age sizes and handle them uniformly. The simulation simplifies certain physical
interactions for efficiency. Collision detection between robots is simplified: empty
robots do not trigger collision responses during package pickup operations, while
loaded robots maintain full collision awareness. This simplification reduces com-
putational overhead without significantly affecting policy learning. The simula-
tion uses a simplified loading and unloading mechanism. When a robot triggers
a pick-up or drop-off action, it performs simple feasibility checks to determine
whether a loading or unloading procedure can be initiated. These checks ensure
that the robot is in the correct state (i.e. that it not already carrying a load and
is within reach) before proceeding. In a real scenario, the user can then trigger
their specific loading and unloading implementation based on the type of robot
and package. After loading, the packages are attached to the robot and move
with it during navigation. The simulation also considers these loaded packages
when clipping the robot’s position at the warehouse edge. Additionally, packages
can be dropped off anywhere, including undesignated areas, enabling flexible task
execution. In the simulation, trucks have defined arrival and departure times,
which impose strict time windows during which robots must unload packages
before the truck departs. Future developments will include delayed departures
that trigger penalties within the reward functions. Looking ahead to features
not yet in this release, we plan to integrate additional simulation elements such
as charging stations for robots, static obstacles and walls, and sensors (e.g.
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LiDAR). These enhancements will support longer logistics scenarios involving
multiple charging cycles, realistic warehouse layouts and active obstacle avoid-
ance. WaLo2D is designed to accommodate two main use cases shown in Fig. 1.
Storage Management: Efficient storage of goods is critical within warehouses
or factories. Redistribution Centres: These centres repeatedly handle incom-
ing trucks delivering new packages that must be unloaded, regrouped, and then
dispatched by different trucks. A combination of both use cases is also feasible.

& oo = Q - [ Robot
e Package
(| oo | 0 ] 8
Q oo Q& [Storage Space
/| oo | ]
0o [ Truck
oo u ) loading bay

Fig. 1. Storage management (L) and redistribution centre (R) use case examples.

3.2 Reinforcement Learning Environment

To build proper benchmark, we selected an open interface that is compatible
with a variety of MARL libraries. We opted for PettingZoo’s Parallel API [19],
which is based on Gymnasium [20], a maintained fork of the industry-standard
Gym [4]. This APT enables all robots to act simultaneously. The environment
defines observation and action spaces for all agents. The common observation is
a vector composed of the encoding of the type of each robot, its pose P(z,y, @),
the pose of each package, the goal or destination pose of each package, and
the number of steps remaining before their assigned truck departs. While this
encoding covers the basic state, it isn’t maximally efficient for increasing numbers
of agents on limited hardware. The agent-specific observation is a vector that
includes the robot’s current pose, the goal pose set by the agent’s action, a flag
indicating whether a goal has been set, the loading state, the battery level, the
distance and direction (in polar coordinates) to the nearest package, truck, or
storage space, and a flag showing the available action capabilities (i.e., whether
the robot can load or unload packages). Combining both observations results
in a vector of length 4 x Np +4 x Np + Np, + 17, where Nr, Np, and Np,
are the number of robots, packages, and packages with a departure constraint
respectively. All values normalised to [0,1] and binary flags encoded as 0 for
False and 1 for True. The action space consists of a movement velocity vector,
representing the linear velocities along each axis and the rotational speed. It also
includes a new goal pose for the robot, a flag to indicate when this new goal has
been set, and flags to indicate whether packages are being loaded or unloaded.
This produces a nine-dimensional action vector, with velocities normalised to
the interval [—1, 1] and flags activated when their value exceeds 0.5. A provided
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action mask in the info dictionary indicates the valid actions for each agent at
each timestep. Movement is permitted only if the battery level is above zero,
while loading and unloading depend on whether a package is already loaded
or within reach. Setting a new goal pose is always permitted. By design, the
environment includes a configurable maximum timestep limit per episode, which
can be adjusted as required. Users can manually configure all warehouse and
robot parameters.

3.3 Reward Function and Terminating Condition

The reward function (R, Eq. 1) determines what agents learn through interaction
with the environment. At the warehouse level, we aim to deliver all packages
on time while minimising collective energy consumption. At the agent level,
each robot should reach its goal, load/unload successfully, avoid collisions, and
conserve energy individually. We balance these objectives using a weighted sum
of common (r., Eq.2) and individual (r;, Eq.3) components:

R=w, e+ (1 —w) 1 (1)
Te = Wdp - Tdp + Wt - Tpt + Wee = Te (2)
Ti =Wy Tg+ Wiy Ssiju + We * Se + Wpd * Spd + Wei * Tei (3)

where w, € [0, 1] controls the cooperation-individual effort trade-off. The reward
function Eq.1 components are summarized below. All terms are normalized to
[0,1] preventing any single component from dominating the gradient during
training. Each weight w, can be configured at initialization or updated at run-
time for curriculum-based learning [21]. Common terms include package deliv-
ery progress rq, = Np,/Np where Np, is the number of delivered packages,
deadline reward rp,; = (Z?VPD exp(—wts -tdp)) /Np, with scaling factor w;s con-
trolling sensitivity to deadlines, and global energy efficiency r. = 1/E where E
is the global energy usage. Individual terms include goal proximity ry = 1 — ey,
load /unload success flags S/, collision penalty S., successful package delivery
Spa and individual energy efficiency r.; = 1/E; where E; the individual energy
usage and eg; = (d;i/dw) - war + (a;/2m) - (1 — wgqy,) the position error, d; the
linear distance to the goal, a; the angular error, wg,. the weight ratio between
them, and d,, the warehouse diagonal length used for normalization. An episode
ends when a termination condition is reached. For example: all packages reach
their destination, trucks depart before they are fully loaded, and when a robot
collides or runs out of battery. Early termination occurs when the time limit for
the environment is reached, or when another robot terminates.

4 Limitations and Future Development

WaLo2D provides a unified interface and configurable testbed for benchmarking
various MARL algorithms in logistics scenarios. While the current version offers
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many useful features, there is opportunity to enhance its realism and scalabil-
ity. Although WaLo2D is highly configurable, some aspects of the simulation
could be improved. Currently, the loading and unloading actions rely on simple
binary checks and collision handling is simplified to omit less critical cases. These
simplifications are sufficient for initial experiments, but they present opportuni-
ties for more detailed modelling. Furthermore, it is not possible to define walls
or additional collision objects; instead, warehouse edges are treated as bound-
aries where robot positions are clipped if they attempt to cross an edge. In
addition, the simulation does not support sensors for detecting nearby objects,
relying instead on a list of positions for nearby robots and packages. Incor-
porating sensor capabilities would enable more realistic interactions with the
environment. Despite variations in size, all robots handle packages uniformly,
meaning a smaller robot could carry a larger package. Since the simulation is
two-dimensional by design, it cannot natively support 3D visual sensors or simi-
lar elements. While the robots have batteries with variable energy consumption,
the ability to charge them is not yet implemented. This limits task complexity
and duration, but this issue will be addressed in future iterations. As for now,
the simulation backend lacks GPU acceleration or vectorisation, both of which
could further improve performance. Finally, WaLo2D is still in development
and still lacks experimental validation. Training scripts and comparison bench-
marks using existing RL methods are in progress and will be made available.
Future versions of WaLo2D will incorporate several enhancements to address
these shortcomings. Charging stations will be added, enabling prolonged logis-
tics tasks to be simulated with multiple charging cycles. Support will be added
for walls and other static, collision-capable objects, allowing for more complex
warehouse layouts and realistic scene divisions. Adding LiDAR sensors will allow
detecting nearby obstacles, eliminating the need to maintain an exhaustive list of
obstacle positions. We plan to support different robot, package, and cargo types,
allowing for a more heterogeneous warehouse. Both the observation and action
spaces should be refined by adding extra states and sensor inputs. Transitioning
to a simulation backend that natively supports GPU acceleration and vectorisa-
tion, such as VMAS [22], will significantly improve performance and scalability.
These planned developments will address current limitations and expand the
applicability of WaLo2D as a robust testbed for MARL in logistics scenarios.

5 Conclusion

WaLo2D provides a configurable and accessible platform for advancing MARL
in warehouse logistics. By integrating a configurable simulation environment
with a bespoke RL interface, it facilitates the development and evaluation of
policies for intricate logistics scenarios, such as package routing, storage man-
agement and truck loading. Its low-compute design enables rapid iteration and
efficient reward function tuning, thereby accelerating the development cycle
for researchers and practitioners. We believe that WaLo2D will be a valuable
resource for the community, encouraging innovation and the adoption of more
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RL-based and especially MARL-based solutions in automated warehouse envi-
ronments. Future work will focus on incorporating sensor modelling, obstacles,
and charging stations to further enhance realism and applicability.
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Abstract. Building image classification models remains cumbersome in
data-scarce domains, where collecting large labeled datasets is imprac-
tical. In-context learning (ICL) is a promising paradigm for few-shot
image classification (FSIC), but prior work has underexplored the rela-
tive importance of encoder pretraining versus fusion-layer training data.
We present PictSure, a vision-only ICL family of models that demon-
strates the potential of easy-to-use fusion transformer architectures, as
well as the need for better embedding representations across a wider
range of image domains. In both in-domain and out-of-domain evalua-
tions, we find that representation quality induced by pretraining strongly
correlates with downstream ICL performance. Crucially, varying the
training dataset for the fusion transformer, from ImageNet alone to
diverse multi-domain mixtures, provides limited additional performance
gains under the evaluated settings, demonstrating that the fusion layer
appears capable of adapting effectively once embeddings are sufficiently
structured. These results show that the bottleneck in visual ICL is rep-
resentation quality, not fusion-module training diversity. To facilitate
adoption and reproducibility, we release all model weights as open-source
artifacts and provide an MCP server that exposes PictSure as a callable
tool for LLM-based agentic systems, enabling few-shot image classifica-
tion to be invoked directly within AT pipelines without integration over-
head. Code can be found at https://github.com/PictSure and models at
https://huggingface.co/pictsure.

Keywords: In-Context Learning + Few-Shot Image Classification -
Meta Learning - Domain Generalization

1 Introduction

Collecting large labeled datasets is impractical in many real-world domains such
as medical imaging or agriculture, where expert annotation is costly and pri-
vacy constraints may apply [21,29,31,33]. Few-shot image classification (FSIC)
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addresses this by enabling models to recognize unseen classes from only a handful
of examples [24]. In-context learning (ICL) is a particularly attractive paradigm
for FSIC: a transformer is provided with labeled support image-label pairs along-
side a query, and predicts the query label without any parameter updates at
inference time [5,7]. This eliminates costly fine-tuning and supports immediate
deployment across changing task definitions.

Existing visual ICL work, such as CAML [7] and SgVA-CLIP [16], rely on
CLIP-based encoders whose language-grounded representations struggle with
fine-grained or domain-shifted categories [17]. Prior work has largely overlooked
a more fundamental question: how much does the choice of encoder and its pre-
training strategy determine ICL performance? Evidence that a linear probe on
strong embeddings can outperform sophisticated meta-learners [26] suggests rep-
resentation quality may be the dominant factor.

We present PictSure, a set of vision-only ICL models designed to tackle this
question. To isolate the effect of image encoding on the downstream ICL task, we
keep the fusion architecture fixed and systematically vary the encoder and pre-
training objective, comparing a supervised ResNet [8] pretrained on ImageNet-
21k [19], a contrastive CLIP encoder [17], and a self-supervised DINOv2 [15].
Our central findings are twofold. First, the encoder and its pretraining matter
far more than the training set of the ICL transformer itself: models without pre-
trained encoders fail to converge, while a well-pretrained encoder enables strong
in-domain and out-of-domain transfer. Second, expanding the number and diver-
sity of training datasets for the fusion transformer yields negligible gains. The
fusion layer learns to read the embedding space from ImageNet alone, demon-
strating how readily the ICL transformer adapts once representations are well-
structured. This confirms that the bottleneck is not the fusion module’s exposure
to diverse tasks, but the quality of the embedding space, suggesting that better
representations that improve class separability are a key lever for performance
gains. The main contributions are: (1) PictSure, a transformer-based vision-only
in-context learner requiring no fine-tuning or language supervision; (2) a sys-
tematic study showing encoder pretraining quality is the dominant performance
driver in visual ICL; (3) competitive out-of-domain results on medical bench-
marks (Brain Tumor, OrganCMNIST), demonstrating the advantage of purely
visual embeddings for domain generalization; (4) a fully open-source baseline
for future FSIC research, providing a clean, reproducible foundation for study-
ing transformer-based fusion layers under varying encoder designs, including an
MCP server that exposes PictSure as a tool for agentic systems to perform few-
shot image classification directly within AI pipelines.

2 Background and Model

FSIC and ICL. An alternative paradigm is ICL which eliminates parameter
updates by conditioning on a demonstration set 2 = {(z;,y;)}", provided at
inference time to predict the label of a query [5]:

Fy: (.@,l‘q) — g
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Prior work such as CAML [7] extends this paradigm to vision by leveraging
CLIP-based encoders to perform ICL over images. However, these approaches
inherit a key limitation of language-aligned representations: they often fail to
preserve fine-grained visual distinctions and degrade under domain shift, as
textual descriptions provide only weak supervision for subtle inter-class differ-
ences [7,17].

PictSure Architecture. Each support image x; is encoded by a frozen visual
encoder @i, into v; € R?; its one-hot label y; is projected by ¢y into ¢; € R?.
These are concatenated into a joint token ¢; = [v;; ¢;]; the query uses t, = [v,; 0].
The ICL transformer 7 then processes the full sequence under an asymmetric
mask: support tokens attend to each other freely, the query attends to all support
tokens, but support tokens cannot attend to the query—mirroring meta-inference
without mutual contamination. The output query representation is classified via:

Ug = fas(T ([t1, ... tm,tq])) € R”

The transformer uses four blocks, eight attention heads, and model dimension
1024. The broad architecture is illustrated in Fig. 1. Models are trained on 10-
way 5-shot episodes sampled from ImageNet-21K [19] (10,000 episodes per epoch,
images at 224x224).

Label Probabilities (7)

Classification Layer (fcis)

In-Context Learning (ICL) Transformer (7°)

¢xmg ¢1b1 ] ¢1mg ] ¢1b1 J ([ twms | [ om |

Label . — i, Label

One Hot One Hot Zero Vector (0)
Embedding Embedding Embedding

Support Set Query

Fig. 1. Overview of the PictSure architecture.

3 Training

We evaluate three embedding backbones integrated into PictSure, varying only
the encoder (with frozen weights) and projection while keeping the ICL trans-
former architecture the same. ResNet [8] is a supervised convolutional network
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trained on ImageNet1K using standard classification objectives. CLIP [17] is
a Vision Transformer trained via contrastive alignment on 400 million image—
text pairs, with its image encoder frozen during integration. DINOv2 [15] is a
ViT trained through self-distillation and masked-image modeling on 142 million
images without any labels. Across all settings, pretrained and frozen encoders
prove necessary for consistent convergence and strong few-shot performance.

We study two fusion-transformer training configurations that vary only in
the composition of the training data. The ImageNet setting trains exclusively
on ImageNet-21K [19], the standard pretraining corpus used in prior work.

The Default setting replaces this with a multi-domain mixture of six-
teen datasets spanning diverse visual categories: ILSVRC-2012 [20] (20%),
Places365 [32] (10%), VGGFace2 [6] (10%), Productsl0K [3] (10%), LEGO
Parts [12] (10%), Food-101 [4] (5%), SD-198 [25] (5%), ChestX [28] (5%),
Cars196 [11] (5%), WildlifeReID-10K [1] (5%), EuroSAT [9] (4%), PlantVil-
lage (2.5%), Fruits-360 [22] (2.5%), HAM10000 [27] (2%), Oxford Flowers [14]
(2%), and KAU-BCMD [2] (2%). This mixture deliberately spans general, fine-
grained, medical, agricultural, and remote-sensing imagery to test whether
broader domain coverage during fusion training improves out-of-domain gen-
eralization.

4 Model Evaluation

We evaluated the performance of our PictSure model variations across a diverse
range of visual domains. Both in-domain and out-of-domain datasets, comprising
general, agricultural, and medical imagery were used for the evaluation, namely
tieredlmageNet [18], PlantDoc [23], Brain Tumor Classification (MRI) dataset
[13], and OCTMNIST [30]. All evaluations use 5-way k-shot tasks with k €
{1,5}, averaged over 2000 episodes per dataset and reported as mean accuracy
=+ standard error.

Baselines. We compare multiple variants of PictSure against several estab-
lished baselines. First, we include the representation learning baseline of [26],
consisting of a pretrained embedding network followed by a task-specific linear
classifier trained on support embeddings (RFS). Second, we consider the method
of [10], which combines large-scale pretraining, ProtoNet-based meta-training,
and task-specific fine-tuning (PMF). We further include CAML [7], a CLIP-
based approach to few-shot learning. In addition, we evaluate the multimodal
model Qwen3.5 122B in a pure ICL setting, where the model receives m support
imageaASlabel pairs and a query (images resized to 224 x 224) without parame-
ter updates. All methods are evaluated on 5-way 1-shot and 5-way 5-shot tasks.
We report mean accuracy and standard error across episodes. Figure2 sum-
marizes the results. As a supervised baseline, we train a multilayer perceptron
(MLP) directly on the pre-computed embeddings. The network counsists of an
input projection layer followed by four residual blocks, each comprising two fully-
connected layers with batch normalization, ReLLU activations, and dropout, with
a linear output head. To match the evaluation protocol of our primary method,
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we repeatedly sample random subsets of 10 classes from each dataset (200 runs
per dataset) and train a separate MLP on each subset. Models are optimized
with AdamW using a linear learning rate decay schedule and early stopping.

BrainTumor (4-way) OCTMNIST (4-way)
PictSure-Dinov2-small = e PictSure-Dinov2-small ~ e
PictSure-Dinov2-large PictSure-Dinov2-large e
PictSure-Clip “ e PictSure-Clip F e
PictSure-Resnet 5shot PictSure-Resnet 5-shot
PMF PMF I —
RS I — RES [ —
CAML I CAML I—
Quen3.s [ =— Quen3.s I
PictSure-Dinov2-small e PictSure-Dinov2-small e
PictSure-Dinov2-large e PictSure-Dinov2-large e
PictSure-Clip = PictSure-Clip Ty
PictSure-Resnet 1shot PictSure-Resnet 1shot
PuE I Py I
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CAML T CAML I
Quen3.5 [ —— Quend.5 [ ———
M IS —  MLP baseline v I MLP baseline
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Fig. 2. Test results across all PictSure model variants compared to baselines.

5 Analysis

Encoder quality appears to be one of the strongest factors influencing PictSure’s
performance. DINOv2 and CLIP variants consistently outperform the ResNet-
based variant across all benchmarks, most clearly on tieredImageNet and Plant-
Doc in both shot settings. These results support the hypothesis that strong
representations may contribute more to performance than increased adaptation
complexity in the evaluated setting. The fusion transformer showed limited sen-
sitivity to training-data composition across the evaluated datasets. The Default
and Imagenet settings yield nearly identical results in our experiments, suggest-
ing ImageNet-21K-style supervision is sufficient for learning supportaASquery
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interaction and that further gains are more strongly associated with representa-
tion quality than data diversity. The exception is ResNet-50, which shows a mod-
est sensitivity to training data composition. We hypothesize that this is because
ResNet’s global-average-pooled representations carry less structural information
than ViT patch tokens, leaving the fusion module with a less separable embed-
ding space to work from; in that regime, exposure to more varied training tasks
may partially compensate for the representational deficit, whereas with a strong
encoder the fusion layer benefits less from additional diversity. PictSure’s relative
performance depends on the target domain. It is highly competitive on tiered-
ImageNet and particularly strong on PlantDoc, where DINOv2 variants out-
perform RFS, PMF, and CAML. On OCTMNIST and Brain Tumor it remains
competitive, though PMF, RFS, and Qwen3.5 can match or exceed it. PictSure
demonstrates competitive cross-domain transfer performance, with its clearest
advantages on natural-image benchmarks. With CLIP embeddings frozen, Pict-
Sure remains relatively consistent across domains, whereas CAML shows a clear
drop on the medical datasets, despite using the same encoder models. Thus, the
main difference between adaptation methods appears to be robustness to domain
shift rather than absolute performance gains. The supervised MLP baseline rein-
forces this: its strong performance confirms that pretrained embeddings already
contain substantial task-relevant information. Beyond accuracy, PictSure offers a
favorable efficiency profile, substantially smaller than CAML and Qwen3.5 while
remaining competitive across benchmarks, with advantages over RFS and PMF
in transfer performance, lightweight fusion, and stable inference.

6 Outlook and Conclusion

Our results support an encoder-centric perspective on visual ICL design.
The fusion transformer learns quickly and reliably once embeddings are well-
structured, while changes in fusion complexity or training data provide only
limited gains when representations are weak. Representation quality appears to
be the limiting factor, not the transformer’s ability to perform support-query
fusion.

This points to a clear path forward: if ICL transformers already act as robust
readers of embedding spaces, further gains are to be found in building better
visual representations through stronger pretraining objectives, better encoder
architectures, and improved encoder-task alignment under distribution shift.

To lower the barrier to adoption, we release an MCP server exposing Pict-
Sure as a callable tool for agentic systems, enabling few-shot image classification
within AT pipelines without integration overhead. Future work should prioritize
representation learning at scale while keeping the fusion module lightweight,
including improved pretraining curricula, broader encoder families, and extended
class coverage beyond the current 10-way setup.
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Abstract. Deep neural networks (DNNs) have been demonstrated to
enable autonomous decision-making across a range of domains, includ-
ing finance, industrial control, robotics and medicine. Nevertheless, the
opaque nature of these systems renders it challenging to verify behaviour,
anticipate edge cases, or define operational boundaries. To address this
issue, we propose the use of explainability-based training methods for
reinforcement learning (RL) agents, with the aim of improving both
model performance and robustness. Using concept bottleneck models
(CBMs), sparse autoencoders (SAEs) and the Remove and Retrain
(ROAR) approach during training has been shown to improve model
performance. Random and guided occlusion methods have been evalu-
ated using models that make decisions based on visual input. The results
show that xAl-based training improves agent behaviour in benign envi-
ronments and enhances robustness in scenarios where key information is
missing. We can therefore demonstrate the potential of xAl-based train-
ing as a practical pathway towards more robust and reliable autonomous
systems.

Keywords: Reinforcement Learning - explainable AT - Concept
Bottleneck + Sparse Autoencoder - Remove and Retrain + Robustness

1 Introduction

Remarkable results have been achieved using deep reinforcement learning across
a wide range of sequential decision-making tasks, from mastering complex board
games [26] to controlling agents in high-dimensional continuous environments

Code: https://github.com/BenSchlereth/Explainable- AI-Based-Training-for-Relevanc
e-based-Robust- Reinforcement-Learning.
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[21]. One key factor behind these successes is the ability of deep neural networks
to learn features from raw pixel observations [17,18]. However, despite these
advances, this leads to opacity of the learned agent. It is rarely clear which
aspects of the observation space influence a particular decision, why a policy
fails in specific situations or whether the features exploited during training are
relevant to the task or just correlated with the training reward [19]. This lack
of interpretability raises scientific and practical concerns, given that RL agents
are being considered for deployment in real-world domains where autonomous
decisions must be accountable and auditable [6].

Explainable AT (XAI) is a broad research programme that aims to make the
internal representations and decision processes of deep neural networks under-
standable to human observers [2]. Techniques for identifying important areas for
classification tasks where the relationship between inputs and outputs is fixed
have been well studied in the context of supervised training [2]. However, trans-
ferring these tools to the reinforcement learning setting introduces a distinct set
of challenges.

To demonstrate how policies can be improved, we examine three mechanisms
for incorporating XAI into deep RL training. We then evaluate the impact of
these mechanisms on the performance, robustness and interpretability of policies
trained using Proximal Policy Optimisation (PPO) in pixel-based environments.
The first mechanism involves training a Concept Bottleneck Model using super-
vised concept annotations. This model directs all policy decisions through a
human-defined vocabulary, thereby revealing the reasoning behind the agent’s
actions in terms of interpretable features. The second mechanism uses a sparse
autoencoder pretrained on environment observations with a top-k sparsity con-
straint. Its frozen encoder is then used as a structured feature extractor during
policy learning. The third mechanism is an iterative Remove and Retrain proce-
dure driven by GradCAM attributions. This procedure identifies and masks the
pixel regions on which the current best-performing model relies most frequently
at regular intervals.

We propose a training framework that integrates GradCAM-based attribu-
tion with a remove-and-retrain procedure for iterative feature suppression in
deep reinforcement learning (RL). We demonstrate the superiority of this app-
roach in terms of reward and robustness compared to sparse autoencoder and
concept bottleneck alternatives. We also provide a systematic comparison of
all three eXplainable AI (XAI) integration strategies in terms of performance,
robustness, and interpretability.

2 Background

To understand the used methodology, it is first necessary to review and compare
existing literature.
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2.1 Explainable AI for Reinforcement Learning

Interpreting the inner workings of Deep Neural Networks can be done using
explainable AT (XAI). Sparse Autoencoders promise to disentangle features in
neural networks to improve the understandability of deep neural networks for
large language models [3]. Luo et al. demonstrated that SAE also works for the
image classification task using convolutional neural networks [15]. The architec-
ture of the autoencoder is also transferred to reinforcement learning in the form
of interpretable deep Q-networks, as described by the work of Annasamy and
Sycara [1] and DuPlessie [5]. Concept Bottlenecks on the other hand first are
introduced to tackle object detection by using human specified concepts to learn
new classes [14]. Later Koh et al. showed how concepts can be used for classifica-
tion by deep neural networks to learn high-level concepts from which the correct
class can be learned [13]. Successive Concept Bottleneck agents (SCoBots) have
shown that concept bottlenecks can work with reinforcement learning [4] and
LICORICE even tries to minimize the number of concepts [27]. Remove and
Retrain (ROAR) is coined by Hooker et al. [10] and describe how important
information can be removed to increase the performance of classification net-
work.

2.2 Robustness Evaluations for Reinforcement Learning

To understand how robustness can be evaluated on decision-making process dif-
ferent existing approaches need to be compared. In Reinforcement learning either
the average reward after a set number of training steps [1] or the reward over the
training time are compared between different algorithms [9,24]. The work of Gu
et al. introduces action and observation disruptions and shows how the reward
can decrease if the environment is not as perfect as during the training [8]. Adver-
sarial attacks can generate imperfect observations, leading to a degradation of
the achievable score [11]. On the other hand, leveraging adversarial training can
improve the learning process [20]. Changes to environmental parameters such
as friction or gravity can also reduce the effectiveness of a neural network in
performing a given task. Mankowitz et al. propose a learning approach to mit-
igate these parameter changes [16]. Besides adversarial attacks an attribution
based method can be of interest as well. Other work shows robustness for object
detection in the absence of the most important point which is also novel for
Reinforcement Learning [23].

3 Methodology

Different Methods to improve the learning process are presented here. By lever-
aging x-Al Methods not only the opaque nature of neural networks can be lifted
but also train a more robust decision-making robust.

Training is conducted using Proximal Policy Optimization (PPO). At each
update step, the convolutional encoder extracts spatial features from the current



312 B. Schlereth-Groh et al.

observation, which are then passed through the linear layers to produce policy
logits and a value estimate. The deep neural network for all experiments is similar
to allow consistent comparisons between the different approaches. All environ-
ments provide a 84 x 84 greyscale image and four consecutive observations are
stacked and fed into the neural network to provide a suitable action. While con-
tinuos actions are more applicable to real world examples like car racing [7,12]
for better comparisons discrete actions, also popular with RL, are chosen to
streamline the training and evaluation process with the different environments.

4 x 84 x 84

N 32,8 x

64,3 x 3 n_actions
3136 512 -

Conv3 Flatten Linear Action

Fig. 1. Network architecture from Mnih et al. [18]

The convolution layers in Fig.1 are used to extract features and the linear
layers enable the network to make the correct decisions. The neural network
architecture is the same as that provided by Mnih et al. [18] in Stable Baselines3
[22].

As training Methods we test and evaluate Concept Bottlenecks (CBMs),
Sparse Autoencoders (SAE) and a Remove and Retrain (ROAR) procedure,
introduced by Hooker et al. [10].

Concept Bottleneck Models (CBMs) address this limitation by grounding
the agent’s decision-making in a set of human-defined, semantically meaningful
concepts. The policy is constrained to reason through a fixed vocabulary of
concepts that are explicitly aligned with domain knowledge.

The Sparse Autoencoder (SAE) extracts a compact, disentangled represen-
tation of the observation space. The sparse structure of the learned encoding
prompts the model to identify distinctive features that encapsulate the most
significant aspects of the environment. These features can then guide and regu-
larise the RL training process.

Remove and Retrains couples Gradient-weighted Class Activations Mapping
(GradCAM) [25] and removes important input regions during the reinforcement
learning process.
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3.1 Robustness Evaluations

To assess robustness, all trained policies are evaluated under three controlled
perturbation conditions that are applied at test time. The baseline condition
provides each agent with the original, unmodified observation to establish a ref-
erence. In the noise masking condition, the observation is corrupted by randomly
masking a subset of pixels to test whether the learned representations remain
stable under low-level, task-unrelated perturbations. In the attribution masking
condition, GradCAM is applied to identify the region with the highest attri-
bution, which is then masked out. An agent whose performance deteriorates
significantly under this condition has learned a brittle, spatially concentrated
policy. In contrast, an agent whose performance remains stable has distributed
its reliance across a broader feature set and is considered more robust.

4 Experiments

A series of experiments was conducted in different environments, using 84 x 84
greyscale outputs and four stacked frames. Discrete actions similar to press-
ing buttons in arcade games were selected for all test settings. The Atari games
demonstrate the efficacy of various training methods for solving classic reinforce-
ment learning problems. All games were trained with 10 million steps to ensure a
high-performing model was found. To validate sufficient testing, evaluation was
performed over 100 epochs.

4.1 Car Racing

Table 1. Carracing Evaluation

Default Training

Concept Training

SAE Training

ROAR Training

Default Eval 792 £ 137 859 + 94 845 £ 160 830 £ 114
Random 752 £ 165 868 £ 78 829 £+ 153 859 £ 79
Guided Noise|752 £ 157 839 + 99 809 £ 144 828 £ 130

The differences between the various training and evaluation methods are not
significant in Table 1, but they all surpass the default training concept. Therefore,
all training methods are valid solutions for improving the autonomous racing
car’s learning capabilities. Despite a slight decline and occasional increase in
reward, all methods remain effective against random and guided occlusion.
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Table 2. MsPacman Evaluation

Default Training Concept Training|SAE Training ROAR Training
Default Eval |3142 + 870 1373 £+ 379 2032 £ 566 (4363 £+ 1231
Random 1166 + 561 1035 + 516 948 £+ 442 1048 + 467
Guided Noise|2345 £+ 353 1043 + 336 2093 £ 541 2427 + 959

4.2 MsPacman

Table2 compares the total rewards achieved by the different training meth-
ods on the different evaluation metrics. With unperturbed inputs, the Remove
and Retrain method outperforms the others, but the steep decline in achievable
reward with perturbed images indicates non-robust agents. Showcasing how the
training process rewards focusing on only a small fraction of the input to make
the decision and therefore lacking robustness for occlusions on small areas.

4.3 Pong

Table 3. Pong Evaluation

Default Training/Concept Training SAE Training ROAR Training
Default Eval —6 + 5 —-20+1 —21+0 -5+5
Random —21+£1 —21+0 —214+0 —21+1
Guided Noise -7 + 5 -20+1 —21+0 -5+6

Finally, the same testing procedure was used for the game Pong. As can be seen in
Table 3, the training with CBMs and SAE fails as the minimum possible reward is
—21 points. Although the ROAR training achieves a relatively successful policy,
it does not reach the maximum available reward of 21. The random noise is
detrimental to all policies as it is similar in size and colour to the actual ball.

5 Conclusion

This study examined the integration of explainable AI techniques into deep rein-
forcement learning. Three distinct methodological approaches (ROAR, Sparse
Autoencoder, and Concept Bottleneck Model) were evaluated within a unified
PPO training framework, assessing both policy performance and interpretability.
Of these methods, ROAR achieved the highest cumulative rewards. It repeat-
edly challenged the policy to generalise beyond dominant visual shortcuts by
iteratively suppressing the pixel regions most relied upon by the current best-
performing model. However, this performance improvement comes at the cost
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of interpretability: the resulting policy remains opaque, with decisions that are
difficult to trace. Although sparse autoencoders and concept bottlenecks pro-
vide a viable alternative for explaining features, they are not yet appropriate
for all environments. Future work should examine the sensitivity of the ROAR
procedure to masking strategy, attribution checkpoint frequency and sparsity
level.

Acknowledgments. This work was accomplished within the project VAL, FKZ
53T20008TN, EBA Az. 8fd/003-1255#008-VAL, funded by the German Federal Min-
istry of Transport.
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Abstract. Large language models fail systematically on modal and
conditional reasoning tasks, yet whether such failures are foreseeable
remains unexplored. Selective prediction, the ability to abstain when
a prediction is likely wrong, has been studied for factual NLP tasks but
not for structured logical reasoning. We investigate whether LLM fail-
ures on seven modal and conditional inference patterns are predictable
from the structural properties of reasoning problems, without relying
on model outputs. Using 3,776 inference instances across nine models
and three prompting strategies, we train an external classifier to pre-
dict per-instance failure from input-side features. Leave-one-pattern-out
cross-validation reveals substantial variation in predictability: AUCROC
ranges from 0.69 to 0.93, with patterns involving “must” operators being
most predictable. We further show that targeted prompting (LogiCue),
while reducing overall failures substantially, makes remaining failures
structurally harder to predict. These findings suggest that input-side and
output-side reliability mechanisms serve complementary roles in LLM
reasoning pipelines.

Keywords: Selective prediction + Modal reasoning - LLM reliability -
Learning with abstention - Logical inference - LLM reasoning - Modal
logic - Uncertainty quantification - Failure prediction

1 Introduction

Large language models exhibit systematic failures on logical reasoning tasks
involving modal operators such as “must” and “might” and conditional construc-
tions [1]. Even frontier-scale models answer incorrectly on well-formed inference
problems where the logically correct answer is unambiguous. This is not a fringe
observation: recent surveys confirm that significant challenges remain in logical
question answering and logical consistency, with conditional and modal reason-
ing explicitly identified as an important open frontier [12].

Recent work has proposed targeted prompting strategies, such as Log-
iCue [2,3], that substantially reduce these failures through pattern-specific
metacognitive cues. However, improving average accuracy alone is insufficient
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for reliable deployment. In safety-critical applications, knowing when a model is
likely to fail matters as much as improving how often it succeeds. Existing work
on LLM self-assessment shows models are often poorly calibrated about their
own confidence [10,11].

Selective prediction [5] addresses this by enabling systems to abstain when
failure is likely. Recent work demonstrated effective selective prediction for fac-
tual NLP tasks [7,9] and visual question answering [8]. However, logical rea-
soning presents a fundamentally different challenge: failures are systematic, not
random, and tied to specific inference types. This raises a natural question: can
we predict which reasoning problems will cause failure before querying the model
at all?

We investigate this question using a controlled dataset of modal and condi-
tional inference instances. Our contributions are: (1) We demonstrate that LLM
reasoning failures are structurally predictable, with AUCROC reaching 0.93 on
the most predictable patterns. (2) We identify which patterns are most and least
foreseeable, revealing a clear relationship between operator type and predictabil-
ity. (3) We show that prompting method critically affects failure predictability:
LogiCue reduces failures but makes remaining failures structurally harder to
predict.

2 Background and Related Work

Modal and Conditional Reasoning. Holliday et al. [1] identified system-
atic failures on modal and conditional inference across a wide range of mod-
els, introducing a benchmark of seven challenging patterns. Shahrokhshahi et
al. [2] extended this with the LogiCue framework, achieving 82.8% accuracy
vs. 31.9% zero-shot across nine models. Chain-of-thought prompting [16] par-
tially addresses reasoning failures but does not solve the underlying predictabil-
ity problem. Broader surveys [12,13] confirm these failures are systematic rather
than incidental.

Selective Prediction. The selective prediction paradigm [5,6] enables systems
to withhold predictions when confidence is low. Traditional uncertainty quan-
tification is computationally prohibitive for LLMs [14], motivating black-box
approaches. Schonwilder et al. [7] train an external rejector on past LLM out-
puts using text embeddings, achieving AUCROC 0.67-0.71 on factual tasks. Xin
et al. [9] first applied selective prediction to NLP tasks. Zhang and Wang [§]
apply conformal prediction to visual question answering post-hoc.

Our work differs in two respects. First, we predict failure from input struc-
ture alone, before any model query, whereas Schonwéder et al. require past model
outputs. Second, we study logical reasoning rather than factual retrieval: models
fail not from lack of knowledge but from consistently applying incorrect infer-
ence rules. This consistency is precisely what makes structural prediction viable,
and what makes the post-prompting breakdown of predictability surprising and
worth studying.
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3 Methodology
3.1 Dataset

We use the LogiCue dataset [2,3], comprising 3,776 instances across seven pat-
terns originally identified by Holliday et al. [1]: Modus Tollens with “must”
(MTmu) and “might” (MTmi), Disjunctive Syllogism with “must” (DSmu)
and “might” (DSmi), Contraposition (CT), Antecedent Strengthening defeasible
(ASd), and Complex Modus Ponens (CMP). Each pattern contains 20 instances
evaluated across nine models (GPT-5, Claude Sonnet 4.5, Claude Haiku 4.5,
DeepSeek Reasoner, Gemini 2.0 Flash, Gemma3 12B, LLaMA 3.2 3B, Phi-4,
Qwen 2.5 7B) under three prompting strategies: zero-shot, chain-of-thought [16],
and LogiCue. The correct answer is “no” for all seven patterns, reflecting logically
invalid or defeasible inferences that models systematically tend to accept.

3.2 Feature Extraction

We extract 20 structural features from each problem text without accessing
model outputs. Features cover: modal operators (counts of “must”, “might”,
“could”, “likely”, “necessarily”, negated modals); negation (“not”, contracted
forms, “no”, “never”); conditionals (“if”, “then”, “unless”, “only if”, nested con-
ditional indicator); surface features (word count, sentence count, disjunctive

PPN

markers); and question type (binary indicators for “does it follow”, “is it likely”,
“must it be”, “can we infer”). We also include prompting method (0/1/2) and
model scale (small/medium/large, 0/1/2).

To illustrate, consider this DSmu instance: “From ‘Either the book is on the
shelf or it must be resting on the table’ together with ‘It’s not the case that the
book must be resting on the table’, can we infer ‘The book is on the shelf’?” The
correct answer is no, yet GPT-5 answers yes under zero-shot prompting. Key
features: modal_must=2, disj_count=2, neg_total=1. The co-occurrence of
double “must” with disjunctive markers is the structural signature the rejector

learns, consistent with DSmu’s AUCROC of 0.935.

3.3 Rejector Training and Evaluation

We train Logistic Regression, Random Forest (200 trees), Gradient Boosting
(200 estimators), and SVM (RBF kernel) classifiers to predict binary correct-
ness from the extracted features alone, across all nine models jointly. We eval-
uate with leave-one-pattern-out cross-validation: train on six patterns, test on
the held-out seventh. This tests generalisation across reasoning types, a more
demanding setup than standard k-fold. Following Schonwélder et al. [7], we
report AUCROC as the threshold-agnostic primary metric. Table 1 (left) reports
the best-performing classifier per pattern; the right side uses Random Forest con-
sistently to enable fair cross-pattern comparison of prompting effects. Code and
trained models are available at [4].
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Table 1. Left: Per-pattern predictability (leave-one-pattern-out CV), sorted by
AUCROC. Best classifier per pattern: LR = Logistic Regression, RF = Random For-
est, SVM, GB = Gradient Boosting. Fail% = incorrect responses across all nine mod-
els. Right: failure AUCROC by prompting method (Random Forest, Random Forest);
7S = Zero-Shot, CoT = Chain-of-Thought. Values below 0.50 indicate below-random
predictability.

Per-Pattern Failure AUCROC by Prompting
PatternFail% AUCROC|CIf |ZS|CoT LogiCue

DSmu (69.6 |0.935 LR |.76/.41 |.43

MTmu (70.4 0.907 RF |.75.62 |.49

cT 78.2 10.840 LR |.41].78 |.16

MTmi 40.2 |0.765 SVM|.58/.47 |.12

DSmi [28.3 |0.762 LR |.47/.48 |.40

CMP [54.6 |0.691 GB |.47/.57 |.58

ASd  |10.7 |0.685 LR |.54/.65 |.58

4 Results
4.1 Overall Predictability

Mean leave-one-pattern-out AUCROC scores are 0.78 (Logistic Regression), 0.77
(Gradient Boosting and Random Forest), and 0.74 (SVM), well above the ran-
dom baseline of 0.50. These are competitive with Schénwélder et al. [7] (0.67-0.71
on factual tasks) despite our strictly more demanding cross-pattern evaluation
and zero-query setup.

4.2 Per-Pattern Predictability

Table1 (left) and Fig.1 show per-pattern results. Patterns involving “must”
operators (DSmu, MTmu) are most predictable (AUCROC > 0.90), consis-
tent with LLMs systematically overgeneralising Boolean logic to modal con-
texts [1]: this flaw produces a highly consistent error signature across models
and instances, detectable from input structure alone. CT, despite the highest
failure rate (78.2%), is also well predictable (AUCROC 0.84) because contra-
position errors arise from a single uniform confound, models consistently treat
“If P then Q” as equivalent to “If Q then P”, producing a structurally regular
failure regardless of surface content. CMP and ASd show lower predictability
for distinct reasons: CMP involves nested probabilistic reasoning that produces
structurally irregular failures with no dominant feature, while ASd’s 10.7% fail-
ure rate provides insufficient training signal for the rejector to learn a reliable
decision boundary.



Structural Predictability of LLM Reasoning Failures 321

Per-Pattern Failure Predictability

DSmu

MTmi 4 |0.765

DSmi | 0.762

-=--- Random baseline (0.5)
- Good threshold (0.75)

0:0 012 024 016 0:8 1:0
AUCROC (leave-one-pattern-out CV)

Fig. 1. Per-pattern AUCROC (leave-one-pattern-out CV). Green >0.80, orange 0.70—
0.80, red <0.70. Dashed line: random baseline (0.50). (Color figure online)

4.3 Effect of Prompting Method

Table1 (right) and Fig.2 show AUCROC by pattern and prompting method.
LogiCue substantially reduces failures (82.8% accuracy vs. 31.9% zero-shot) but
makes remaining failures structurally harder to predict. For CT, AUCROC drops
from 0.41 to 0.16; for MTmi, from 0.58 to 0.12. Values below 0.50 indicate that
LogiCue failures are anti-correlated with structural features: the failures that
survive targeted prompting do not follow the same structural patterns as base-
line failures. A plausible interpretation is that LogiCue’s pattern-specific cues
suppress the most structurally regular failure modes, leaving only atypical edge
cases that do not fit the learned rejection boundary. This suggests a complemen-
tary role for output-side abstention mechanisms to catch these unpredictable
residual failures that structural features alone cannot anticipate.

4.4 Feature Importance

Prompting method dominates (importance 0.392), followed by word count
(0.128) and model scale (0.122). Among text features, modal_must (0.036) and
neg_total (0.034) contribute most. The dominance of prompting method con-
firms that how a model is prompted is more predictive of failure than structural
problem content, reinforcing prompt selection as a first-order reliability lever in
deployment.
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Failure Predictability by Pattern and Prompting Method

1.0
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Zero-Shot Chain-of-Thought LogiCue

Fig. 2. Failure predictability by pattern and prompting method. Red cells reveal that
LogiCue makes residual failures structurally harder to anticipate. (Color figure online)

5 Discussion and Conclusion

LLM reasoning failures on modal and conditional inference are not uniformly
unpredictable. A simple logistic regression on structural features achieves mean
AUCROC 0.78 across pattern types, matching or exceeding more complex selec-
tive prediction systems on factual tasks. Predictability is driven by structural
regularity of the failure mode, not failure frequency: CT (78.2% failure rate,
AUCROC 0.84) is more predictable than ASd (10.7%, AUCROC 0.69). Deploy-
ers cannot rely on failure rate alone to assess predictability; selective prediction
systems should be evaluated per reasoning type rather than aggregated across
tasks.

The most significant finding is the interaction between prompting and pre-
dictability. Recent work shows that high accuracy does not guarantee reliable
uncertainty estimation in LLMs [15]. Our results extend this to structural pre-
dictability: LogiCue’s effectiveness comes at the direct cost of predictability of
residual errors. This motivates a two-stage reliability framework: Stage 1
uses targeted prompting to eliminate structurally predictable failures; Stage 2
applies output-side abstention [7] to handle the unpredictable residual that sur-
vives Stage 1. Prior work on LLM self-assessment confirms models cannot reliably
signal these residual failures themselves [10,11], reinforcing the need for external
mechanisms at Stage 2.

Limitations. Our features rely on surface statistics; richer representations
(parse trees, embeddings) may improve predictability for CMP and ASd. The
non-textual features dominate, raising questions about deployment settings
where method and model are fixed. Additionally, our dataset covers seven spe-
cific inference patterns; whether these findings generalise to other forms of logical
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reasoning such as syllogistic or counterfactual inference remains an open ques-
tion.

Conclusion. Using leave-one-pattern-out cross-validation on 3,776 instances
across nine models and three prompting strategies, we showed failure predictabil-
ity varies from AUCROC 0.69 to 0.93, with “must’™involving patterns most
foreseeable. Targeted prompting reduces failures but creates structurally unpre-
dictable residuals, suggesting input-side and output-side reliability mechanisms
serve complementary roles. Future work should explore richer features and inte-
gration of dual-stage selective prediction into safety-critical reasoning pipelines.
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Abstract. LLMs deployed in high-stakes domains face fundamental reli-
ability challenges: hallucinations and privacy vulnerabilities create unac-
ceptable risks when errors carry legal, financial, or safety consequences.
This paper presents a validated systems architecture that combines
tableaux-based input verification, actor-based fault isolation, and type-
aware post-generation verification, using deterministic symbolic checks
for structured claims and neural semantic similarity for free-text claims.
Validated through HAIMEDA, a locally deployed medical-device damage
assessment system, the architecture detects 83% of hallucinated struc-
tured entities and 72% of semantic fabrications while reducing report
creation time by 30%, demonstrating that neuro-symbolic architectures
can provide principled safeguards for LLM deployment in data-sensitive
domains.

Keywords: Neuro-symbolic Al -+ LLM verification - Formal
verification - Trustworthy AI - Hybrid AI - Actor model - Al system
architecture

1 Introduction

Large language models (LLMs) perform strongly across many tasks, yet their
deployment in high-stakes domains remains challenging. Hallucinations, i.e., con-
fidently generated but factually unsupported content, occur at rates of 3% to 10%
even in state-of-the-art models [12,13]. In professional settings such as medical
diagnosis, legal review, and regulatory affairs, where errors carry legal, financial,
or safety consequences, such failure rates are unacceptable.

Beyond accuracy, many data-sensitive workflows cannot rely on cloud-based
APIs due to regulatory, institutional, or externally imposed restrictions on data
transmission [7,14]. Even when GDPR-compliant data processing agreements
are available, confidentiality duties and contractual obligations arising from
medical-legal expert practices may still preclude external transmission. Although
retrieval-augmented generation (RAG) and chain-of-thought prompting improve
reliability, they do not provide the guarantees required for high-stakes workflows.
A more principled approach requires integrating complementary Al paradigms.

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2027
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Hybrid AT systems address this gap by combining neural methods, which
excel at pattern recognition and natural language processing, with symbolic
methods that provide explicit reasoning and verifiable guarantees [9]. Despite
the growing recognition of this potential, there is still a lack of validated end-to-
end verification architectures for locally deployed LLM systems in data-sensitive
domains [3].

This paper makes two technical contributions for verifiable LLM deployment
in data-sensitive domains. First, we propose a verification architecture for LLM-
assisted generation in data-sensitive domains, combining tableaux-based input
validation, actor-based fault isolation, and a type-aware post-generation veri-
fication method that uses deterministic symbolic checks for structured claims
and semantic similarity scoring for free-text claims. Second, we validate this
architecture through HAIMEDA, a locally deployed medical device assessment
reporting system that demonstrates strong detection of unsupported content
and measurable improvements to workflow. The full architectural details, com-
plete validation procedure, and extended evaluation are available in the extended
online version [22].

2 Related Work

Research relevant to hybrid verification of LLM-generated content builds on
three areas: neuro-symbolic architectures, hallucination detection methods, and
output verification systems.

Neuro-symbolic integration combines neural learning with symbolic reason-
ing [9]. Representative frameworks such as Logic Tensor Networks [2] and Deep-
ProbLog [16] embed logic into differentiable or probabilistic pipelines, but they
require architecture changes or joint training, making them less suitable as exter-
nal verification layers for pretrained LLMs.

For hallucination detection, self-consistency methods [24] measure agree-
ment across sampled responses, while retrieval-augmented verification [8] cross-
references outputs against external knowledge. Both approaches can inherit dis-
tributional biases from the models they verify [12,13]. Runtime guardrails such
as Guardrails AT [5] and NeMo Guardrails [19] enforce format and policy checks.
Similarly, domain-specific systems such as TrustKG [4] demonstrate verification
in specialized contexts. However, these approaches are typically point solutions
rather than generalizable architectural patterns. Notably, none combines for-
mal input verification with type-aware semantic post-processing into a complete
architecture that can be deployed under strict data-sovereignty constraints.

3 Verification Architecture and Design Rationale

Deploying LLMs in data-sensitive domains raises verification challenges that
guided the design of the proposed architecture. Input validation benefits from
decidable guarantees before committing to costly inference. Output verification
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requires mechanisms for both symbolic and neural analysis, ideally with fault iso-
lation to prevent cascading failures. Privacy considerations in regulated domains
often necessitate local deployment rather than cloud-based APIs. Our archi-
tecture addresses these challenges by combining tableaux-based verification for
input constraints, actor-model concurrency for fault-isolated parallel processing,
and neuro-symbolic integration for output verification.

The architecture is guided by four design principles: local-first processing
for data sovereignty [14], modular separation of symbolic and neural compo-
nents [18], actor-based fault isolation with functional immutability for robust-
ness [1,11], and type-aware claim verification, i.e., deterministic symbolic checks
for structured claims and neural semantic checks for free-text claims [9].

3.1 Tableaux Logic for Input Verification

In workflows for report generation in data-sensitive domains, input validation
is a consistency problem over interacting constraints. Report sections have dif-
ferent requirements: some are narrative, some follow a strict schema, and some
carry legally consequential obligations. This variability requires a mechanism
that can express cumulative obligations and alternative sufficiency paths within
one declarative scheme.

Tableaux methods decompose formulas into conjunctive («) obligations that
must all hold, and disjunctive () branches that represent admissible alterna-
tives. For propositional and decidable fragments, this yields terminating, sound
and complete procedures [23]. The architecture encodes validation as a config-
urable hierarchy: core conditions C evaluate atomic predicates such as metadata
presence or title quality; meta conditions express set-theoretic relationships over
condition groups; and aggregate conditions compute statistics over condition
attributes. Let Cpos collect conditions whose observed satisfaction state matches
their expected state, and let C,., collect the remaining polarity mismatches.
A mandatory-consistency gate checks (Creg N Cevai) C Cpos, 1-€., all evaluated
required conditions must match their expected state, while an aggregate rule
bounds mismatch via |Cpeq| < 7. Together, these condition types, dependency
checks, and gating rules are combined into a single validation algorithm described
in full in the extended online version [22].

Example: Context-Sufficiency Gate. As a concrete example from medical-device
assessment, before generating the section that describes the damage, the system
checks whether the input provides sufficient grounding to avoid hallucinated
device specifics. A meta condition ceady accepts two structurally distinct evi-
dence combinations:

Spcread = (Cdev t pe N Cserial N Ccategor V Ccate ory A Cdamage desc A cpart )
y _ty gory gory ge__ y

where the left disjunct captures full technical identification and the right cap-
tures legally sufficient narrative grounding. The tableau opens one branch per
disjunct. If the serial number is absent, the first branch fails, but the second can
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still satisfy crcagy if the narrative evidence is sufficient. Generation is blocked
only if both branches fail. This avoids enumerating all admissible field combina-
tions procedurally and illustrates how «/B-decomposition maps directly to set
intersection and union over condition identifiers.

3.2 Type-Aware Post-Processing Verification

LLMs may produce text that satisfies formatting constraints while lacking source
support [13]. Neural self-verification is unreliable because it can inherit the same
distributional biases that produce hallucinations [12]. The architecture there-
fore applies a type-dependent strategy. Structured entities such as dates, iden-
tifiers, and numeric values undergo symbolic pattern matching for deterministic
verification. Semantic content is assessed with a five-metric similarity scheme
combining TF-IDF similarity, domain-specific semantic similarity, normalized
Euclidean similarity, token overlap, and keyword overlap. Multilingual sentence
embeddings [20] support the semantic component. Inter-metric agreement yields
a confidence score. Bidirectional comparison detects two failure modes: hallu-
cinations (output entities unsupported by input) and missing content (input
entities absent from output). Detected discrepancies trigger interactive correc-
tions.

For example, if the source contains BF-1HTJO and 2024-11-03, while the gen-
erated output contains BF-1HTJO and 03.11.2024, symbolic matching accepts
the date as format-equivalent but flags the identifier mismatch deterministically.
Statement-level claims are evaluated using the five-metric scheme with unre-
solved cases forwarded for manual oversight.

4 HAIMEDA: System Instantiation

Medical device damage assessment combines PII, health-related data, and legally
consequential documentation, making it a representative data-sensitive work-
flow. HAIMEDA (Hybrid Al for Medical Device Assessment) instantiates the
proposed architecture in this setting. While cloud APIs can be made GDPR-
compliant via data-processing agreements [7], this case is constrained more
strictly. HAIMEDA was developed in collaboration with a domain expert who is a
publicly appointed and sworn expert witness and a certified medical device engi-
neer. This expert works under statutory and contractual confidentiality obliga-
tions. Requirements arising from the Medical Devices Regulation [6], its German
implementing act [10], and contracts with commissioning authorities therefore
make local-first processing a deployment requirement rather than a preference.

4.1 System Architecture

HAIMEDA is coordinated by a central orchestration layer that runs generation
and verification in fault-isolated workers. The verification workflow centers on
the interaction between two core modules. The Report Authoring Module (RAM)
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handles report generation through structured templates and incorporates verifi-
cation feedback during revision. The Information Integrity Verification Module
(ITVM) implements multi-stage verification through the symbolic pre-processor
(Sect.3.1) and the type-aware post-processor (Sect.3.2). Additional modules
support RAG-based information retrieval, feedback presentation, and dynamic
interactive editing. Figurel illustrates module coordination during report cre-
ation.

Metadata,
Previous Chapters

Yes Yes
User Input M Input - RAM, fvm Content ™ FBM Verified
Bullet Points) Pre-Processor Valid? Processing Post-Processor OK? Feedback Result
( (Symbolic) y (LLM Gen.) (Hybrid) :

Fig. 1. HAIMEDA workflow. The symbolic pre-processor validates input, the orches-
tration layer gates or permits generation, the post-processor verifies output, and the
Feedback Module (FBM) returns validation results to the user.

5 Evaluation

All experiments ran on consumer hardware representative of deployment condi-
tions: AMD Ryzen 9 5900X with 64 GB of RAM, and an NVIDIA RTX 4090
with 24 GB of VRAM. Content generation used a fine-tuned L1ama3- Discoleo-
Instruct- 8B variant that was trained on 899 historical assessment reports, all
on local hardware. The ITVM was evaluated over 100 runs per component using
three test suite categories: correct statements serving as negative controls, delib-
erately hallucinated content with substituted entity values and plausible but
incorrect statements, and versions with critical information removed. Ground
truth was established through manual annotation against the source documents.

Practical utility was assessed together with the domain expert through a con-
trolled task-timing comparison [21]: three standardized assessments were com-
pleted using HAIMEDA and three without it. Standardization was achieved
by selecting comparable cases, which were evaluated using uniform assessment
templates defined by the domain expert. The scope of the measurement included
content writing, document-based research, and final review. Unaffected activi-
ties, such as on-site inspection and stakeholder communication, were excluded.
The 30% reduction in total productive time reflects the mean across the six timed
assessments. Content writing time decreased by 50%, document-based research
by 33%, and final review time doubled. These findings align with previous stud-
ies demonstrating that generative Al can significantly enhance the productivity
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of writing-intensive tasks, while necessitating human verification and integration
efforts to ensure professional-grade output [15,17].

5.1 Verification Effectiveness

Table 1 reports the component-wise detection rates for unsupported and miss-
ing content across the verification pipeline, highlighting the complementarity
of symbolic and semantic methods. Here, “consensus similarity” refers to the
multi-metric semantic verification scheme described in Sect. 3.2.

Table 1. IIVM verification performance across component types, showing detection
rates for hallucinated and missing content based on 100 test runs per component.

Component |Method Hallucinated Missing
Preprocessing Tableaux logic — 100%
Entities Regex patterns 83% 90%
Phrases Semantic rules 76% 90%
Statements |Consensus similarity|72% 65%

Overall, the results support the type-aware design, whereby symbolic checks
provide deterministic coverage when constraints are formalizable, while neu-
ral similarity extends verification to unconstrained text [12,13]. However, this
broader semantic coverage comes at a latency cost: while symbolic preprocessing
stays below 20 ms, statement verification averages 16.6 s for chapters of about 600
words. This discrepancy reflects the greater difficulty of verifying semantically
unconstrained text. Structured entities are discrete and can often be matched
exactly. In contrast, hallucinated statements may be paraphrased, appear plausi-
ble in context, or be only partially supported. Detecting omissions is even more
difficult because the verifier must infer the absence of expected content from
weak similarity rather than from an explicit contradiction.

The observed performance depends on domain-specific resources, regex pat-
terns, and threshold calibration for statement-level scoring. Since no dedicated
ablation study was conducted, the evaluation targets integrated system utility
rather than the effects of isolated components. Nevertheless, the component-
wise results support the usefulness of the type-aware split, as rule-only checks
cannot reliably cover free-text statements, whereas embedding-only verification
lacks the exactness guarantees required for structured fields such as identifiers
and dates.

6 Conclusion

This paper presented a neuro-symbolic architecture with a type-aware verifi-
cation approach for LLM-assisted generation in data-sensitive domains. The
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principled decomposition assigns symbolic methods to constraint checking and
hybrid neuro-symbolic methods to semantically unconstrained content, enabling
fault isolation and locally deployable quality control pipelines. The HAIMEDA
instantiation demonstrates the practicality of this decomposition in a regulated
professional workflow. It detects 83% of hallucinated structured entities and 72%
of semantic hallucinations while reducing report creation time by 30%. Beyond
detection rates, the architecture transforms verification signals into actionable
feedback that facilitates interactive report revision.

Future work should evaluate its transferability to legal and financial settings,
conduct ablation studies over alternative constraint engines and similarity back-
ends, and assess whether larger, locally deployable models reduce the verification
burden or if the need for guardrail architectures remains unchanged.

References

1. Armstrong, J.L.: Making reliable distributed systems in the presence of software
errors. In: Ph.D. Thesis, Royal Institute of Technology, Stockholm, Sweden (2003).
https://api.semanticscholar.org/CorpusID:28795665

2. Badreddine, S., d’Avila Garcez, A., Serafini, L., Spranger, M.: Logic tensor net-
works. Artif. Intell. 303, 103649 (2022). https://doi.org/10.1016/j.artint.2021.
103649

3. Besold, T.R., et al.: Neural-symbolic learning and reasoning: a survey and interpre-
tation. In: Hitzler, P., Sarker, M.K. (eds.) Neuro-Symbolic Artificial Intelligence:
The State of the Art, Frontiers in Artificial Intelligence and Applications, vol. 342,
pp. 1-51. IOS Press (2021). https://doi.org/10.3233 /FAIA210348

4. Chudasama, Y., Huang, H., Purohit, D., Vidal, M.E.: Toward interpretable hybrid
al: integrating knowledge graphs and symbolic reasoning in medicine. IEEE Access
13, 39489-39509 (2025). https://doi.org/10.1109/ACCESS.2025.3529133

5. Dong, Y., et al.: Building guardrails for large language models (2024). https://
arxiv.org/abs/2402.01822

6. European Parliament and Council of the European Union: Regulation (eu)
2017/745 of the european parliament and of the council of 5 april 2017 on medical
devices, amending directive 2001/83/ec, regulation (ec) no 178/2002 and regula-
tion (ec) no 1223/2009 and repealing council directives 90/385/eec and 93/42/eec
(text with eea relevance) (2017). http://data.europa.eu/eli/reg/2017/745/2017-05-
05, consolidated version

7. European Union: Regulation (EU) 2016/679 of the European Parliament and of
the Council (General Data Protection Regulation) (2016). http://data.europa.eu/
eli/reg/2016/679/0j, 0J L 119, 4.5.2016

8. Gao, L., et al.: RARR: researching and revising what language models say, using
language models. In: Rogers, A., Boyd-Graber, J., Okazaki, N. (eds.) Proceedings
of the 61st Annual Meeting of the Association for Computational Linguistics (Vol-
ume 1: Long Papers), pp. 16477-16508. Association for Computational Linguistics,
Toronto, Canada (2023). https://doi.org/10.18653/v1/2023.acl-long.910

9. Garcez, A.D., Lamb, L.C.: Neurosymbolic Al: the 3rd wave. Artif. Intell. Rev.
56(11), 12387-12406 (2023). https://doi.org/10.1007/s10462-023-10448-w

10. German Federal Parliament: Medizinprodukterecht-Durchfiihrungsgesetz (mpdg)
(2021). https://www.gesetze-im-internet.de/mpdg/, bGBl. I S. 833, as amended
by Article 15 of the Act of 20 December 2023 (BGBI. 2023 I Nr. 408)


https://api.semanticscholar.org/CorpusID:28795665
https://api.semanticscholar.org/CorpusID:28795665
https://api.semanticscholar.org/CorpusID:28795665
https://api.semanticscholar.org/CorpusID:28795665
https://api.semanticscholar.org/CorpusID:28795665
https://api.semanticscholar.org/CorpusID:28795665
https://doi.org/10.1016/j.artint.2021.103649
https://doi.org/10.1016/j.artint.2021.103649
https://doi.org/10.1016/j.artint.2021.103649
https://doi.org/10.1016/j.artint.2021.103649
https://doi.org/10.1016/j.artint.2021.103649
https://doi.org/10.1016/j.artint.2021.103649
https://doi.org/10.1016/j.artint.2021.103649
https://doi.org/10.1016/j.artint.2021.103649
https://doi.org/10.1016/j.artint.2021.103649
https://doi.org/10.3233/FAIA210348
https://doi.org/10.3233/FAIA210348
https://doi.org/10.3233/FAIA210348
https://doi.org/10.3233/FAIA210348
https://doi.org/10.3233/FAIA210348
https://doi.org/10.3233/FAIA210348
https://doi.org/10.1109/ACCESS.2025.3529133
https://doi.org/10.1109/ACCESS.2025.3529133
https://doi.org/10.1109/ACCESS.2025.3529133
https://doi.org/10.1109/ACCESS.2025.3529133
https://doi.org/10.1109/ACCESS.2025.3529133
https://doi.org/10.1109/ACCESS.2025.3529133
https://doi.org/10.1109/ACCESS.2025.3529133
https://doi.org/10.1109/ACCESS.2025.3529133
https://arxiv.org/abs/2402.01822
https://arxiv.org/abs/2402.01822
https://arxiv.org/abs/2402.01822
https://arxiv.org/abs/2402.01822
https://arxiv.org/abs/2402.01822
https://arxiv.org/abs/2402.01822
http://data.europa.eu/eli/reg/2017/745/2017-05-05
http://data.europa.eu/eli/reg/2017/745/2017-05-05
http://data.europa.eu/eli/reg/2017/745/2017-05-05
http://data.europa.eu/eli/reg/2017/745/2017-05-05
http://data.europa.eu/eli/reg/2017/745/2017-05-05
http://data.europa.eu/eli/reg/2017/745/2017-05-05
http://data.europa.eu/eli/reg/2017/745/2017-05-05
http://data.europa.eu/eli/reg/2017/745/2017-05-05
http://data.europa.eu/eli/reg/2017/745/2017-05-05
http://data.europa.eu/eli/reg/2017/745/2017-05-05
http://data.europa.eu/eli/reg/2017/745/2017-05-05
http://data.europa.eu/eli/reg/2016/679/oj
http://data.europa.eu/eli/reg/2016/679/oj
http://data.europa.eu/eli/reg/2016/679/oj
http://data.europa.eu/eli/reg/2016/679/oj
http://data.europa.eu/eli/reg/2016/679/oj
http://data.europa.eu/eli/reg/2016/679/oj
http://data.europa.eu/eli/reg/2016/679/oj
http://data.europa.eu/eli/reg/2016/679/oj
http://data.europa.eu/eli/reg/2016/679/oj
https://doi.org/10.18653/v1/2023.acl-long.910
https://doi.org/10.18653/v1/2023.acl-long.910
https://doi.org/10.18653/v1/2023.acl-long.910
https://doi.org/10.18653/v1/2023.acl-long.910
https://doi.org/10.18653/v1/2023.acl-long.910
https://doi.org/10.18653/v1/2023.acl-long.910
https://doi.org/10.18653/v1/2023.acl-long.910
https://doi.org/10.18653/v1/2023.acl-long.910
https://doi.org/10.18653/v1/2023.acl-long.910
https://doi.org/10.18653/v1/2023.acl-long.910
https://doi.org/10.1007/s10462-023-10448-w
https://doi.org/10.1007/s10462-023-10448-w
https://doi.org/10.1007/s10462-023-10448-w
https://doi.org/10.1007/s10462-023-10448-w
https://doi.org/10.1007/s10462-023-10448-w
https://doi.org/10.1007/s10462-023-10448-w
https://doi.org/10.1007/s10462-023-10448-w
https://doi.org/10.1007/s10462-023-10448-w
https://doi.org/10.1007/s10462-023-10448-w
https://www.gesetze-im-internet.de/mpdg/
https://www.gesetze-im-internet.de/mpdg/
https://www.gesetze-im-internet.de/mpdg/
https://www.gesetze-im-internet.de/mpdg/
https://www.gesetze-im-internet.de/mpdg/
https://www.gesetze-im-internet.de/mpdg/
https://www.gesetze-im-internet.de/mpdg/

11.

12.
13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.
24.

Neuro-Symbolic Verification of LLM Outputs for Data-Sensitive Domains 331

Hewitt, C., Bishop, P., Steiger, R.: A universal modular actor formalism for arti-
ficial intelligence. In: Proceedings of the 3rd International Joint Conference on
Artificial Intelligence, pp. 235-245. [JCAI’73, Morgan Kaufmann Publishers Inc.,
San Francisco, CA, USA (1973)

Huang, J., et al.: Large language models cannot self-correct reasoning yet (2024)
Ji, Z., et al.: Survey of hallucination in natural language generation. ACM Comput.
Surv. 55(12) (2023). https://doi.org/10.1145/3571730

Kleppmann, M., Wiggins, A., van Hardenberg, P., McGranaghan, M.: Local-first
software: you own your data, in spite of the cloud. In: Proceedings of the 2019
ACM SIGPLAN International Symposium on New Ideas, New Paradigms, and
Reflections on Programming and Software, pp. 154-178. Onward! 2019, Association
for Computing Machinery, New York, NY, USA (2019). https://doi.org/10.1145/
3359591.3359737

Lee, H.P.H., et al.: The impact of generative ai on critical thinking: self-reported
reductions in cognitive effort and confidence effects from a survey of knowledge
workers. In: Proceedings of the 2025 CHI Conference on Human Factors in Com-
puting Systems. CHI ’25, Association for Computing Machinery, New York, NY,
USA (2025). https://doi.org/10.1145/3706598.3713778

Manhaeve, R., Dumanci¢, S., Kimmig, A., Demeester, T., De Raedt, L.: Neural
probabilistic logic programming in deepproblog. Artif. Intell. 298, 103504 (2021).
https://doi.org/10.1016/j.artint.2021.103504

Noy, S., Zhang, W.: Experimental evidence on the productivity effects of generative
artificial intelligence. Science 381(6654), 187-192 (2023). https://doi.org/10.1126/
science.adh2586

Parnas, D.L.: On the criteria to be used in decomposing systems into modules.
Commun. ACM 15(12), 1053-1058 (1972). https://doi.org/10.1145/361598.361623
Rebedea, T., Dinu, R., Sreedhar, M.N., Parisien, C., Cohen, J.: NeMo guardrails:
a toolkit for controllable and safe LLM applications with programmable rails. In:
Feng, Y., Lefever, E. (eds.) Proceedings of the 2023 Conference on Empirical Meth-
ods in Natural Language Processing: System Demonstrations, pp. 431-445. Associ-
ation for Computational Linguistics, Singapore (2023). https://doi.org/10.18653/
v1,/2023.emnlp-demo.40

Reimers, N., Gurevych, 1., Inui, K., Jiang, J., Ng, V.: Proceedings of the 2019 Con-
ference on Empirical Methods in Natural Language Processing and the 9th Inter-
national Joint Conference on Natural Language Processing (EMNLP-IJCNLP)
(2019). Presented at the. https://doi.org/10.18653/v1/D19-1410 Sentence-BERT:
Sentence embeddings using Siamese BERT-networks

Sauro, J., Dumas, J.S.: Comparison of three one-question, post-task usability ques-
tionnaires. In: Proceedings of the SIGCHI Conference on Human Factors in Com-
puting Systems, pp. 1599-1608. Association for Computing Machinery, New York,
NY, USA (2009). https://doi.org/10.1145/1518701.1518946

Sigloch, P., Benzmiiller, C.: Neuro-symbolic verification of LLM outputs for data-
sensitive domains (extended preprint) (2026).https://doi.org/10.48550/arXiv.
2605.26942, extended arXiv preprint with full architectural, algorithmic, and eval-
uation details

Smullyan, R.M.: First-Order Logic. Dover, 1 edn. (1995)

Wang, X., et al.: Self-consistency improves chain of thought reasoning in language
models (2023). https://arxiv.org/abs/2203.11171


https://doi.org/10.1145/3571730
https://doi.org/10.1145/3571730
https://doi.org/10.1145/3571730
https://doi.org/10.1145/3571730
https://doi.org/10.1145/3571730
https://doi.org/10.1145/3571730
https://doi.org/10.1145/3359591.3359737
https://doi.org/10.1145/3359591.3359737
https://doi.org/10.1145/3359591.3359737
https://doi.org/10.1145/3359591.3359737
https://doi.org/10.1145/3359591.3359737
https://doi.org/10.1145/3359591.3359737
https://doi.org/10.1145/3359591.3359737
https://doi.org/10.1145/3706598.3713778
https://doi.org/10.1145/3706598.3713778
https://doi.org/10.1145/3706598.3713778
https://doi.org/10.1145/3706598.3713778
https://doi.org/10.1145/3706598.3713778
https://doi.org/10.1145/3706598.3713778
https://doi.org/10.1145/3706598.3713778
https://doi.org/10.1016/j.artint.2021.103504
https://doi.org/10.1016/j.artint.2021.103504
https://doi.org/10.1016/j.artint.2021.103504
https://doi.org/10.1016/j.artint.2021.103504
https://doi.org/10.1016/j.artint.2021.103504
https://doi.org/10.1016/j.artint.2021.103504
https://doi.org/10.1016/j.artint.2021.103504
https://doi.org/10.1016/j.artint.2021.103504
https://doi.org/10.1016/j.artint.2021.103504
https://doi.org/10.1126/science.adh2586
https://doi.org/10.1126/science.adh2586
https://doi.org/10.1126/science.adh2586
https://doi.org/10.1126/science.adh2586
https://doi.org/10.1126/science.adh2586
https://doi.org/10.1126/science.adh2586
https://doi.org/10.1126/science.adh2586
https://doi.org/10.1145/361598.361623
https://doi.org/10.1145/361598.361623
https://doi.org/10.1145/361598.361623
https://doi.org/10.1145/361598.361623
https://doi.org/10.1145/361598.361623
https://doi.org/10.1145/361598.361623
https://doi.org/10.1145/361598.361623
https://doi.org/10.18653/v1/2023.emnlp-demo.40
https://doi.org/10.18653/v1/2023.emnlp-demo.40
https://doi.org/10.18653/v1/2023.emnlp-demo.40
https://doi.org/10.18653/v1/2023.emnlp-demo.40
https://doi.org/10.18653/v1/2023.emnlp-demo.40
https://doi.org/10.18653/v1/2023.emnlp-demo.40
https://doi.org/10.18653/v1/2023.emnlp-demo.40
https://doi.org/10.18653/v1/2023.emnlp-demo.40
https://doi.org/10.18653/v1/2023.emnlp-demo.40
https://doi.org/10.18653/v1/2023.emnlp-demo.40
https://doi.org/10.18653/v1/D19-1410
https://doi.org/10.18653/v1/D19-1410
https://doi.org/10.18653/v1/D19-1410
https://doi.org/10.18653/v1/D19-1410
https://doi.org/10.18653/v1/D19-1410
https://doi.org/10.18653/v1/D19-1410
https://doi.org/10.18653/v1/D19-1410
https://doi.org/10.18653/v1/D19-1410
https://doi.org/10.1145/1518701.1518946
https://doi.org/10.1145/1518701.1518946
https://doi.org/10.1145/1518701.1518946
https://doi.org/10.1145/1518701.1518946
https://doi.org/10.1145/1518701.1518946
https://doi.org/10.1145/1518701.1518946
https://doi.org/10.1145/1518701.1518946
https://doi.org/10.48550/arXiv.2605.26942
https://doi.org/10.48550/arXiv.2605.26942
https://doi.org/10.48550/arXiv.2605.26942
https://doi.org/10.48550/arXiv.2605.26942
https://doi.org/10.48550/arXiv.2605.26942
https://doi.org/10.48550/arXiv.2605.26942
https://doi.org/10.48550/arXiv.2605.26942
https://doi.org/10.48550/arXiv.2605.26942
https://arxiv.org/abs/2203.11171
https://arxiv.org/abs/2203.11171
https://arxiv.org/abs/2203.11171
https://arxiv.org/abs/2203.11171
https://arxiv.org/abs/2203.11171
https://arxiv.org/abs/2203.11171

)

Check for
updates

A Hybrid Approach for Generating Planning
Models from Texts

Teodor Stoev®@® and Kristina Yordanova

Institute of Data Science, University of Greifswald, Greifswald, Germany
{teodor.stoev, kristina.yordanova}@uni-greifswald.de

Abstract. Al planning is a central problem in Knowledge Representation (KR),
as it requires expressive action theories, structured domain models, and for-
mal reasoning mechanisms. With the increase of domain complexity, manually
building planning models becomes a tedious and error-prone task, highlight-
ing the need for methods that can learn symbolic knowledge from unstructured
data while preserving formal semantics. Recent advances in language process-
ing, especially large language models (LLMs), promise great potential for model
extraction from text. They, however, are prone to hallucination and lack the ability
to validate the extracted knowledge required for formal planning and reasoning.
To address the above challenges, we introduce a novel methodology for auto-
matic extraction of formal models expressed in the Planning Domain Definition
Language (PDDL) from textual instructions. Our methodology combines linguis-
tic, statistical, symbolic and LLM-based techniques within a knowledge-driven
framework. In doing so, it enables the learning of symbolic abstractions such as
action schemas, type hierarchies, preconditions, and effects, while also provid-
ing an explicit mechanism for explainability by making the derivation of the final
formal representation transparent and traceable. As an intermediate representa-
tion, we construct a language-independent knowledge graph, called a Situation
Model (SM), which captures relational dependencies and domain constraints in
a structured and reusable form. We evaluate the proposed hybrid approach by
investigating syntactic and semantic correctness via Al planning, as well as vali-
dation against manually created plans from everyday-life domains, demonstrating
the benefits of integrating KR techniques with LLM-based extraction.

Keywords: PDDL generation - LLMs - knowledge representation

1 Introduction

Planning models typically incorporate knowledge as precondition-effect rules to enable
plan generation. However, manual modelling is often time-consuming and error-prone
[23]. Textual data, particularly instructional texts, is a promising source for model learn-
ing. Despite challenges like implicit knowledge and omitted steps [4], their concise,
imperative structure is preferable to richer texts [36]. Learning a model from textual
instructions requires ( [3] and [34]): (1) extracting action semantics, (2) learning model
semantics via language grounding, (3) translating these into a computational model for
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planning, and (4) building a situation model - a knowledge graph that provides situa-
tional context and facilitates mapping the extracted structure to various formalisms.

This work presents a hybrid methodology for the automatic extraction of Planning
Domain Definition Language (PDDL) models from textual instructions by combining
large language models (LLMs) with linguistic and statistical approaches. Additionally,
it introduces an updated, publicly available dataset containing instructions and plans
for everyday activities. Finally, the study evaluates the proposed approach by directly
comparing it to pure LLM baselines.

2 Related Work

Classical approaches to model extraction rely on explicit causal relations, either through
manual definitions [3] or grammatical patterns in complex texts [29], assuming that
causal relations are expressed within individual sentences [32]. More recent approaches
combine linguistic, statistical, and ML methods to extract model elements and causal
relations [2,16,17,36]. With the rise of LLMs, research has shifted toward direct model
generation from natural language [16]. LLMs provide access to implicit domain knowl-
edge and cross-sentence causal relations, but often produce inaccurate planning models
[13]. To address this, recent work combines LLMs with validation, feedback, reinforce-
ment learning, or prompt-engineering techniques [12,21,30]. An underexplored aspect
is the use of intermediate semantic representations [21,36]. Since LLMs have shown
strong performance in knowledge graph construction and augmentation [11,38,39],
situation models (SMs) could provide a structured, language-independent representa-
tion that supports mapping to multiple planning formalisms. In contrast, many recent
approaches rely on direct natural-language-to-model generation. As evaluation metrics,
most works focus on syntactic and semantic correctness [12,20,30] or plan generation
success [9,17,36], while plan validation is used less frequently [9,20]. Unlike our app-
roach, prior LLM-based methods require additional structured inputs such as domain
descriptions, action specifications, initial states, or object definitions [19,33,37].

3 Approach

Input Text

Take the glass from the

Causal RL
Granger causality test

Take
Fill the cup with water.

 _

o N
Knowledge extraction / Initial SM N\ / Extended SM N\
) Actions, objects, - s
Actions, objects, " ——> Initial SM + causal
. properties, / \ /

properties, relations relations

PDDL Optimisation
LLM-based optimisation

PDDL Generation
Action templates, initial
and goal states

Fig. 1. Proposed methodology. RL: relation extraction; SM: situation model.

relations

Figure 1 illustrates our PDDL generation approach. Linguistic analysis (co-
reference resolution, POS tagging, and dependency parsing) is used to extract actions,
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objects, properties, and causal relations. These are integrated into an SM, a knowl-
edge graph (KG) representing the domain context and enabling language-independent
mapping to planning formalisms. The final PDDL model is then generated and refined
using an LLM. Our pipeline first resolves text co-references, then extracts grammatical
roles and syntactic relations via POS tagging and dependency parsing. Each sentence s
consists of words Wy = wy,...,w,,,. Verbs v € V. C W correspond to actions E C V, rep-
resented in infinitive or present tense. Objects are extracted from nouns n € N C W and
divided into direct (DO) and indirect (IDO) objects. The DO d € D are linked to actions
through dobj(e,d)'and denote entities affected by the action. The IDO i € I provide
spatial, directional, or instrumental information and are connected through prepositions
p(e,ip). The complete object set is defined as O := DUI. Properties ¢ € C are extracted
via adjectival, nominal, or numerical modifiers and represented as property(c,0).

Following the linguistic pipeline, we build the initial SM as a knowledge graph
G := (W,R) where nodes are words (W) and edges represent extracted relations (R).
This unified graph integrates both object hierarchies and causal dependencies. First, we
construct a context-aware object hierarchy to define PDDL types; we use a language
taxonomy L and semantic embeddings to extract, disambiguate, and adaptively prune
hypernym (“is-a”) chains. Second, we include causal relations into the graph to serve
as the building blocks for PDDL preconditions and effects. These include object-level
property predicates (intrinsic states and indirect roles) and action-level implicit causal
relations (predictive causality [7]). We identify implicit causality across five syntactic
action structures (verbs with direct, indirect, mixed, multiple indirect, or no objects) by
treating action sentence-frequency vectors as time series (following [35]), and applying
the Granger causality test [8]. Explicit causal relations are also added using pattern
matching (e.g., “if...then”). Algorithm 1 formalizes the process of SM construction.

In the next step we translate the SM into a complete planning model formalized
as a tuple M := (P,Ry,A,Z,s0,g), which operationalizes directly into standard PDDL
domain and problem files. The domain file captures the structural environment defini-
tions: the predicate set P, the taxonomy hierarchy R; (used for typing), and the set of
action schemas A. The problem file specifies the concrete scenario instance: the global
grounded arguments Z, the initial state sy (aggregating grounded property predicates
and an artificial isInit predicate), and the goal configuration g (comprising grounded
numeric execution predicates at their maximum text frequencies). Within this macro
structure, the action set A is populated by individual operators derived from SM actions.
Each operator is defined as a tuple a := (e,Z,, Pr,E f) € A, where the action name e and
its localized parameters Z, C Z map to relation-linked objects in the SM. Preconditions
Pr aggregate the causal predecessor actions, their related object properties, a typed
execution-tracking predicate eexec, and numeric fluent constraints Pry C Pr bounded by
the action’s maximum text frequency. The effect E f simply increments the operator’s
eexec fluent value by 1. An example of an action definition is provided below:

(:action putUtensilFurniture
:parameters ( ?u - utensil ?f - furniture )
:precondition

! This is the notation for a direct object relationship of the Dependency parser.
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(and ( >=(takeUtensil-executed ?u) 1) (isSharpUtensil ?u))
:effect
(and (increase (putUtensilFurniture-executed ?u ?f)1) (not (isInit))))

Next, a planner is used to search for a plan for the generated PDDL. If planning
fails, an LLM-based optimization step iteratively corrects the domain and problem files
using the planner’s error logs until a valid plan emerges or an iteration limit is reached.

Algorithm 1 Construction of the situation model
Require: L;:=0,R;:=0,0:=0,W;:=0,R; :=0, G:= (W;,R}) > empty set of hyperonyms,
isa relations, causal relations, all words, all relations and an empty situation model

Require: C,E,O,R > sets of properties, actions, objects, and relations
Require: L: (W, R;) > a language taxonomy, consisting of words and relations
1: Ly,Ry, — hypernyms(O,L) > the hypernyms and the hypernyms relations are extracted
2: foroc Odo > for each object get the isa relation
3: for r € Ry do
4: if 3l € L;,such that r=isa(o,l) then
5: Ry < Ry Uisa(o,l)
6: end if
7: end for
8: end for
9: Wy «— LIUEUCUO > the words in the SM consist of all hypernyms, actions, properties

and objects

10: Q « causal-relation(E, O)

11: Ry —Ry{URUQ > the relations in the SM consist of the isa relation, the grammatical
dependencies and the causal relations

12: G « reduce-graph(G)

13: return G > return the SM

4 Experimental Setup

We use a dataset [5] containing 83 everyday-life instructional texts from 12
domains, complete with ground-truth (GT) plans. We modified the dataset due to some
inconsistencies in the annotation?. We excluded classical planning domains to eliminate
LLM training data leakage biases. We compare against PDDL models generated by six
LLMs (GPT-5.1 [31], GPT-5-mini [31], nemotron-3-nano-30b-a3b [6], qwen3.5-plus-
02-15 [26], deepseek-chat-v3.1 [18], claude-sonnet-4.5 [1]) using a two-stage strategy:
(1) an initial prompt dictating PDDL syntax, causal order, and formatting constraints
to generate files for baseline evaluation; and (2) an iterative error-correction prompt for
failing models. Successful baseline plans are then validated via CCBM (Fig. 2).

2 The updated dataset is available on GitHub: https:/github.com/DataScienceLab-HGW/A-
Hybrid- Approach-for-Generating-Planning-Models-from-Texts.
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Fig. 2. Evaluation strategy for LLM-generated PDDL.

We evaluate the output across three distinct dimensions. (1) Syntactic accuracy: To
map GT steps to successfully generated plans despite naming variations (e.g., milk
vs. milkBottle), we use a fuzzy matching algorithm based on bidirectional substring
containment which enforces strict one-to-one correspondence and equal object cardi-
nality to ensure correct argument structures, yielding precision, recall, and F1-scores
for actions, objects, and sequences. (2) PDDL solvability rate: We measure the ratio of
generated models that successfully reach the goal. Our proposed approach is evaluated
using the ENHSP p]anner3 [28], while LLM baselines use Fast Downward (FD) [10]* to
leverage the detailed error logs required for iterative correction. (3) Plan validation: We
analyze structural task execution using the CCBM plan validator [14,15]. Since nam-
ing variability prevents exact string matching, we use an LLM prompt® to automatically
map and align GT steps to the newly grounded PDDL actions prior to running CCBM.
Our proposed approach utilizes Stanza [25] for dependency/POS parsing, Fastcoref [24]
for co-reference resolution, and WordNet [22] as L.

5 Results

Regarding plan validation success (Fig. 3), our unoptimized approach outperforms all
standalone LLMs without correction step. Using iterative error correction drastically
improves LLM performance, allowing Claude 4.5 to ultimately match our optimized
hybrid model’s peak success rate (74 validations). However, analyzing plan lengths
against GT plans reveals that LLM baselines exhibit significant deviations (Fig.4):
shorter generated plans suggest under-specified domains (e.g., missing constraints),
whereas longer ones imply missing efficient actions. Regarding syntactic accuracy
(Fig.5), while most LLMs match isolated actions adequately, they fail under strict
sequence matching (action + objects). Baselines average u = 0.14, whereas our opti-
mized method achieves 0.48, demonstrating superior structural alignment with GT def-
initions.

3 The ENHSP planner can handle numeric fluents, and our approach is capable of generating
both, such variables and the corresponding operators.

4 Using the LAMA 2011 configuration [27].

5 We enforce deterministic LLM decoding (temperature: 0, top_p: 0, seed: 42).
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6 Conclusion and Discussion

We proposed a hybrid approach combining linguistic, statistical, and LLM techniques

to extract PDDL fro

m instructions, outperforming pure LLMs in syntactic correctness.
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For plan validation, Claude outperforms our unoptimized method only after a correc-
tion step; however, applying a correction mechanism to our pipeline yields equivalent
performance. Crucially, our standalone framework is deterministic, faster, and more
cost-effective than proprietary LLMs in resource-constrained settings. Moreover, our
approach can be easily maped to intermediate situation models to various formalisms
(e.g., CCBM, inductive logic), enhancing interpretability over direct text-to-code map-
pings. Finally, unlike existing hybrid methods that require predefined object sets or
action schemas, our pipeline operates entirely on raw, unstructured natural language.
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Abstract. Linear recurrent neural networks (LRNNs) provide a sim-
ple yet powerful framework for modeling time series. Unlike traditional
recurrent neural networks, LRNNs use linear activation functions and
can be trained without backpropagation by solving linear equation sys-
tems. This paper summarizes their theoretical properties, learning proce-
dure, and ability to approximate arbitrary time-dependent functions. A
key contribution is a method for reducing network size using eigenvalue
analysis, enabling both efficient learning and architecture optimization,
which is nowadays an important topic. We demonstrate the properties
and advantages of LRNNs by several case studies, among them multiple
superimposed oscillators (MSO), robotic soccer (RoboCup), and stock
price prediction. LRNNs outperform the previous state-of-the-art for the
MSO task with a minimal number of units.

1 Introduction

Time-series modeling is essential in many domains such as forecasting, signal
processing, and control systems. Recurrent neural networks (RNNs), particularly
variants of networks with long short-term memory (LSTM) [6], are widely used
but often require complex training procedures. Research in time-series analysis
and hence the modeling dynamics of complex systems has a long tradition and
remains highly active due to its crucial role in many real-world applications [9].
Among other benefits, the analysis of time series enables data compression, i.e.,
compact representation of time series by a function f(t), and prediction of future
values.

Numerous studies address these topics using RNNs. Autoregressive frame-
works [1] are also common in current machine-learning applications such as large
language models (LLMs). Nevertheless, usually iterative methods like backprop-
agation are employed for neural network learning. This is not needed for linear
recurrent neural networks (LRNNs), i.e., the class of RNNs with linear activa-
tion, which we discuss here. Despite their simplicity, LRNNs can approximate

This paper is an extended abstract of [13], published in Neural Computing and Appli-
cations 37, 27027-27055 (2025), see also https://arxiv.org/abs/1802.03308.
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arbitrary time-dependent functions f(¢), can be trained efficiently using simple
linear algebra, and allow direct architecture reduction via eigenvalue analysis.

2 Linear Recurrent Neural Networks

An LRNN consists of neurons and connections between them. They are anno-
tated with weights which are compiled into the transition matric W of size
N x N, containing input, output and reservoir weight submatrices. An entry w;;
in row ¢ and column j denotes the weight of the edge from neuron j to neuron .
The network evolves as f(t) = W?! . s where s is the start state. Key proper-
ties of LRNNs are (1) linear activation, (2) random input and reservoir weights,
(3) only output weights are learned, and (4) the spectral radius of the reservoir
is normalized to 1.

Using eigendecomposition W = V - D - V~! with column eigenvectors
v1,...,0n5 in V and corresponding eigenvalues Aj,..., Ay, the system evolves
as f(t) = ;A fog + - - +rnAniuN with = [9&1 e xN]Tsuch that z = V~1.s.
This can be generalized to Jordan decomposition with Jordan matrix J and
arbitrary start vectors y with all nonzero entries. It can be shown that always a
matrix A exists such that f(t) = A-J' - y.

This shows that network behavior is governed by eigenvalues, in particular
the eigenvalue A with maximal absolute value (defining the spectral radius). We
have (1) contraction to a singularity for |A\| < 1, (2) oscillation for |A| = 1,
and (3) exponential growth for |A| > 1. For large ¢, LRNN dynamics simplify
drastically: Most components vanish, the remaining dynamics lie in at most two
dimensions, and the output follows an ellipse trajectory. Thus, complex high-
dimensional systems reduce to simple oscillatory behavior over time.

3 Learning Procedure and Network Size Reduction

Training is performed via linear regression instead of backpropagation. Given
X = Z((g)) JS%EZ:B and Y = [S(1) --- S(n)], where S and R are the
possibly multi-dimensional input and reservoir time series, we simply solve
Wout = Y - X~ ! to compute the output weights. This is efficient and avoids
gradient-based optimization. LRNNs satisfy an approximation theorem: Any
time-dependent function f(t) can be approzimated arbitrarily well and learned
given sufficient reservoir size.

A major contribution of this paper is reducing network size using eigenvalue
analysis. The method works follows: After training, we (1) compute the eigen-
values of W, (2) rank the Jordan components of W by relevance, (3) remove
those with minimal contribution, and (4) ensure that the error remains below
some threshold. This yields significantly smaller networks with sparse structure,
improved generalization of time series, and faster computation. Unlike pruning
methods, network size reduction is performed in a single step here.
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4 Properties, Insights, and Experimental Findings

The learning procedure, even with network size reduction, is computationally
efficient in O(N3). No iterative optimization is required. Therefore, it is faster
than traditional RNN training. LRNNs are related to autoregressive models [1]
like current large language models (LLMs), echo state networks (ESNs) [7], and
state-space models [5,12]. But LRNNs uniquely combine linear learning, exact
approximation, and architecture reduction.

Experiments demonstrate that LRNNs achieve high accuracy on time-series
prediction, outperform traditional methods on oscillatory tasks, and learn com-
pact representations, e.g., minimal networks. As benchmarks, (1) multiple super-
imposed oscillators (MSO) [8], (2) number puzzles [4], (3) robot soccer simulation
[11], and (4) predicting stock prices [10] are considered.

For instance, the MSO time series is generated by summing up K (pure) sinu-
soids. It requires only 2K neurons in LRNNs, where each frequency corresponds
to one eigenvalue pair. LRNNs outperform the previous state of the art for the
MSO task with this minimal number of units. All experiments are performed
with a program written by the authors in Octave [3], available at http://github.
com/OliverObst/decorating)/.

5 Conclusion

LRNNs provide a powerful alternative to traditional RNNs. Despite their sim-
plicity, they approximate complex time-dependent functions, enable efficient
training without backpropagation, and support network size reduction. Their
combination of theoretical elegance and practical efficiency makes them a valu-
able tool for time-series analysis and dynamic system modeling. Future work
will focus on extending the procedure, in particular network size reduction, to
RNNs augmented with nonlinear activation, see also [2], to make an even larger
class of networks more efficient.
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