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Abstract

The growing adoption of stream processing engines (SPEs) has exposed critical inconsistencies in how window operators
handle late and out-of-order events, undermining the portability, correctness, and maintainability of stream-based applica-
tions. We present a unified semantic framework centred on a window-operator lifecycle model that distinguishes single-
buffer and multi-buffer maintenance and semantic variations for event inclusion, recomputation, and result reporting. We
instantiate the model on five widely used distributed SPEs, Apache Beam, Flink, Spark, Kafka Streams, and Storm, by
mapping it to their APIs and execution behaviour, and run an identical windowed query under total-, partial-, and out-
of-order arrival. Even for one query over identical data, the engines diverge: under a total order, all differences reduce to
two conventions (window-boundary inclusion and session-end labelling); a partial order adds order-dependent boundary
counts that no fixed interval can justify (a window reported as 3 where only 2 or 4 are consistent); and out-of-order arrival
splits the engines into context-aware versus context-agnostic session handling. We distil these findings into a portability
checklist and a mapping of engine configuration knobs, giving developers a principled basis for configuring, testing, and
porting window operators across SPEs.

Keywords Big stream processing - Stream processing semantics - Window operators - Consistency models - Event-time

processing - Out-of-order data handling - Software architecture

1 Introduction

Modern software systems increasingly rely on continuous
data streams, from financial analytics and vehicular moni-
toring [1] to intelligent transportation systems [2], health-
care, and IoT deployments [3]. These data originate from
heterogeneous hardware (e.g., mobile devices, [oT sensors)
and software services [4], typically arriving as continuous
streams [5]. Stream processing has therefore become a first-
class citizen in the big data ecosystem, providing the foun-
dation for context-aware applications, real-time analytics,
and dependable data-driven services.

Practical use cases illustrate this demand clearly: finan-
cial services require immediate detection of anomalies such
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as stock market fluctuations or credit card fraud [6, 7];
vehicular networks demand real-time monitoring of traffic
conditions [8]; and healthcare applications rely on continu-
ous patient data analysis [9, 10]. In all such domains, data
arrive continuously and must be processed with minimal
latency. A stream processing pipeline is commonly rep-
resented as a directed acyclic graph (DAG) of operators,
where each operator transforms inputs to outputs. Since
streams are unbounded, stateful computations cannot be
directly expressed. To address this, stream processing
engines (SPEs) provide window operators, which slice
unbounded streams into bounded subsets suitable for state-
ful operations such as aggregation.

Over the years, researchers have proposed numer-
ous window operator designs to meet diverse applica-
tion requirements. Abadi et al. introduced time-based and
tuple-based sliding windows, which became de facto stan-
dards [11], though their semantics depend on system design
choices [12]. Later, data-driven windows emerged [13].
For example, Akidau et al. [14] proposed session and land-
mark windows for use cases with unknown durations, while
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Grossniklaus et al. [15] introduced Frames, which divide
input streams based on aggregate functions. In all cases,
event-time processing is critical: a data element has both
an event time (when it is generated at the source) and a
processing time (when the SPE observes it). Two elements
may arrive in the reverse of their event-time order, so the
one generated earlier is observed later. Because event-time
progress is external to the SPE, mechanisms such as water-
marks [14, 16] are employed. A watermark indicates that
no further data with earlier event times are expected, and
any element with a timestamp earlier than the watermark
is considered late. Correctly handling late events is thus a
fundamental challenge for SPEs.

Importantly, major SPEs differ in the way they imple-
ment window operators, and even a simple query exposes
it. Consider a stream with event-time timestamps 1, 1, 2, 2,
5,13, 14, 15, 19, 23, 26 sliced by a sliding time window of
size 10 and slide 2, where each window counts its elements.
When the elements arrive in timestamp order (Fig. 1(a)),
Kafka Streams [17] reports each window incrementally as
elements arrive, whereas Flink [18] and Storm [19] emit a
single result per window; the engines nonetheless disagree
on the counts of windows they share, for instance at the
window boundaries. When the same elements arrive out-
of-order, e.g., as 13, 15, 26, 23, 1, 2, 5, 2, 1, 14, 19 (Fig.
1(b)), the divergence widens: Kafka Streams recomputes
and re-reports the affected windows as late elements arrive;
Flink issues repeated reports, and Storm drops late elements
and may even leave a window under-counted. The colours
and markers in Fig. 1 flag these phenomena, which we
analyse in Sects. 3 and 4. These inconsistencies underscore
the lack of uniform semantics across SPEs, complicating
application portability, correctness reasoning, and software
maintenance.

Several models exist that formally describe window
operators [11, 20-22]. Akidau et al. [14] further advanced
this line of work by introducing the Dataflow model, which
explicitly distinguishes between event-time and process-
ing-time, incorporates watermarks as progress indicators,
and defines triggers to refine results when late data arrive.
Despite these advances, existing models still fall short of
capturing the full richness of newer window types (e.g., data-
driven windows) and do not provide a unifying abstraction
for the diverse ways in which contemporary SPEs handle
out-of-order data [12]. This gap is particularly problematic
for software engineers who require consistent abstractions
to ensure correctness and portability across platforms.

In this paper, we address this gap with a unified semantic
framework centred on a window-operator lifecycle model
for window operators under out-of-order arrivals, and we
validate the model through an empirical study of five stream
processors: Apache Beam, Apache Flink, Spark Structured
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Streaming, Kafka Streams, and Apache Storm. We present
an architectural view that distinguishes single-buffer and
multi-buffer maintenance, define the phases of the window
lifecycle, and formalise reporting mechanisms that govern
(re)computation when late events occur. Using controlled
input traces for sliding and session windows, we experimen-
tally characterise each system’s event-acceptance predicates
and reporting behaviour, exposing concrete inconsistencies
across engines. The combined formalisation and evidence
yield principled guidelines for engineering dependable, por-
table, and verifiable stream-processing applications.

The remainder of this paper is organised as follows. Sec-
tion 2 introduces preliminaries. Section 3 presents our pro-
posed model. Section 4 evaluates five large-scale SPEs in
terms of lifecycle support. Related work is discussed in Sec-
tion 5, and conclusions are drawn in Section 6.

2 Preliminaries
2.1 Data streams

First of all, it is crucial to understand how SPEs represent
the time domain. Two notions of time are common in stream
processing, event time, i.e., the instant when the data was
generated from the source, and processing time, i.e., the
instant when the data enters the SPE [14, 18]. Both notions
are monotonic, i.e., they progress in a non-decreasing man-
ner. From now on, we will refer to these notions of time as
J, and 7, respectively.

The progress of processing time is controlled by the SPE
while the progress of event time is controlled by the source.
If the SPE is answering continuous queries that rely on the
J, a total order on the incoming data is ensured. On the
other hand, when the continuous query relies on the 7, there
are no guarantees that data will arrive in the same order they
are produced, i.e., out-of-order arrivals are possible.

It is now convenient to define what data streams are.

Definition 1 (Stream) A stream § is a countably infinite
sequence of elements. A stream element s € S is a tuple
(d,te,t,) where, d is the payload, f, is the event time
timestamp' (¢, € 7,), tp is the processing time timestamp
assigned by the SPE (¢, € 7). Notably, ¢, defines a total
order on stream elements whereas ¢, define a partial order as
two or more stream element can have the same event time
value.

In general, stream processing pipelines are formed from a
chain of operators forming a directed acyclic graph (DAG).

! t, is part of data but it is represented explicitly to ease further
discussion
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SPE Results on the form (window start, window end, count)

Kafka Streams | (0,10,1), (010,2), (010.3), (2,12,), (010,4), (2,12,2), (010,5), (2,12,3), (4,14,1), (4,14,2),
(6,16,1), (8,18,1), (10,20,1), (12,22,1), (6,16,2), (8,18,2), (10,20,2), (12,22,2), (14,24,1),
(6,16,3), (8,18,3), (10,20,3), (12,22,3), (14,24,2), (10,20,4), (12,22,4), (14,24,3), (16,26,1),
(18,28,1), (14,24,4), (16,26,2), (18,28,2), (20,30,1), (22,32,1), (18,28,3), (20,30,2), (22,32,2),

(24,34,1), (26,36,1)

Flink - (0,10,5), (2,12,3), (4.14.2), (6,16,3), (8,18,3), (10,20,4), (12,22,4), (14,24,4), (16,26,2),
(18,28,3), (20,30,2), (22,32,2), (24,34,1), (26,36,1)

Storm - (0,10,5), (2,12,1), (4,14,3), (6,16,3), (8,18,3), (10,20,4), (12,22,4), (14,24,3), (16,26,3),
(18,28,3), (20,30,2), (22,32,2), (24,34,1)

(a) In order arrival. Bold: a window that every engine produces but with a different count (the engines include
the window boundaries differently), e.g. (2,12) and (4, 14); blue, underlined: Kafka Streams re-reports the

same window as each new element arrives; : a window that Kafka Streams and Flink report but Storm
does not; .. .: earlier windows with negative start omitted (Kafka Streams starts its windows at 0).
SPE Results on the form (window start, window end, count)

Kafka Streams | (4,14,1), (6,16,1), (8,18,1), (10,20,1), (12,22,1), (6,16,2), (8,18,2), (10,20,2), (12,22,2),
(14,24,1), (18,28,1), (20,30,1), (22,32,1), (24,34,1), (26,36,1), (14,24,2), (16,26,1), (18,28,2),

(16,26,2), (18,28,3)

Flink (4,14,1), (6,16,2), (8,18,2), (10,20,2), (2,12,1), (4,14,2), (2,12,2), (12,22,2), (12,22,3),
(10,20,3), (8,18,3), (6,16,3), (12,22,4), (10,20,4), (14,24,4), (16,26,2), (18,28,3), (20,30,2),
(22,32,2), (24,34,1), (26,36,1)

Storm (4,14,1), (6,16,2), (8,18,2), (10,20,2), (12,22,2), (14,24,1)", (16,26,1)", (18,28,2), (20,30,2),
(22,32,2), (24,34,1)

(b) Out of order arrival. Bold: a window that every engine produces but with a different count;
blue, underlined: Kafka Streams re-reports the same window as late elements arrive, and T marks a window
that only Kafka Streams produces; green, italic: Flink re-reports the same window when late elements arrive;

: a window that Kafka Streams and Flink report but Storm does not; red': a Storm window whose
count no fixed window can justify, an element counted in some of the windows that contain it but not in others

Fig. 1 Results of sliding time window that count window contents
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The operators are either stateless, like map or filter, or
stateful like aggregate or join. Stateful operators for
stream processing are basically related to window operators.
A window operator is responsible for enforcing the logic
of slicing the infinite stream into finite chunks according to
some user-defined logic. Obviously, stateless operators are
not affected by the out-of-order arrival of the data. On the
other hand, window operators results may vary w.r.t out-of-
order-arrival and the employed handling policy.

2.2 Progress indicator for event time processing

As indicated above, when process data streams based on
their time of arrival to the SPE, a.k.a processing time, the
SPE can use its internal clock to assign a timestamp to the
data and thus controls the time progress. On the other hand,
when processing data streams based on event-time, SPEs
require an external progress indicator. The role of the prog-
ress indicator is to determine which window instances can
be marked as completed and the operator can apply the user-
defined computation on their contents. A progress indicator,
thus, has to be monotonic. In general, the progress indicator
has to relate to a timestamp that is part of the data elements.
Progress indicators can be supplied from an external source
(e.g. the case of punctuation [23]) or generated internally by
the SPE based on the event timestamp of stream tuples [14,
24]. Without loss of generality, we refer to each occurrence
of a progress as a watermark.

Out-of-order arrival of stream tuples is not an issue as
long as their event time is greater than the most recent
watermark. Whenever a tuple arrives at SPE where its event
time is less than or equal to the most recent watermark, it is
considered as late arrival. Only then, depending on archi-
tecture of the window operator (we discuss in Sect. 3), the
response of the operator to late arrivals will vary.

2.3 Out-of-order and late arrival

In practice, data may arrive out-of-order (OOQO), among
other reasons, because of network delays. For instance,
two elements e; and e, where e;.t, < e,.t, are said to arrive
out-of-order if e,.t, < e;.t,. We define the delay of an ele-
ment e as the divergence between its processing and event
time, &(e) = e.t, —e.t, > 0, the larger &(e), the later e is
observed relative to when it was generated. Unfortunately,
most stream processing use cases require exploiting event
time. Therefore, SPEs need to support one or more OOO
techniques. Generally, these techniques can be classified as
buffer-based, punctuation-based, or speculation-based [25].

Buffer-based techniques postpone the processing of
stream elements for a slack period 7. After that, they sort
the elements and pass them to the window operator for
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processing. Punctuation-based techniques depend on a
special stream element that indicates the progress. The dif-
ference between buffer-based and punctuation-based tech-
niques is that the buffering period is fixed in the former,
whereas it depends on the data in the latter. In both cases,
elements whose delay exceeds the buffering period 7 (i.e.,
é(e) > T) are ignored.

Speculation-based out-of-order processing is optimistic.
That is, it assumes no out-of-order events will occur and that
the window operator can emit the window result upon win-
dow completion. If late elements arrive, the emitted result is
invalidated, and an updated result that accounts for the late
element is emitted.

3 The proposed window operator model

Available models, e.g. [11,21, 22, 26], that formally describe
the windowing behaviour fall short of covering the recent
enrichment in both new window types (e.g. data-driven
windows) as well as the handling of out-of-order data [12].
As shown in Sect. 1, the behaviour of SPEs in response to
data arriving out-of-order or late varies significantly. We
argue that this variation relates to two aspects: 1) the abil-
ity to recompute a window function upon the arrival of an
element that belongs to a completed window, and 2) how
the updated result is communicated to downstream opera-
tors in the processing pipeline. We further argue that this
variation stems from the window operator’s architecture,
namely whether it maintains stream elements in a single-
buffer or in separate buffers (multi-buffer). In the former
case, elements remain buffered by the operator; upon a trig-
ger (discussed later), they are sorted by their e.t,, grouped
according to the window specification logic, and the results
are computed and emitted, after which some elements are
evicted to make room for new arrivals. Because this sort-
ing and eviction proceed as the (monotonic) watermark
advances, a single-buffer operator reports each window
once and in non-decreasing window order and never revisits
an already-reported window, as Storm does in Fig. 1, whose
output is globally ordered by start time under both arrival
scenarios. Multi-buffer operators, by contrast, assign each
element upon its arrival to one or more window instances
(buffers) based on the window specification logic, and, upon
a trigger, each eligible instance immediately reports its con-
tent; results are therefore emitted in the order windows are
updated during processing, i.e. in arrival order rather than
in window-start order. This is visible for Kafka Streams and
Flink in Fig. 1: in Fig. 1(a) Kafka Streams already inter-
leaves re-reports of (0, 10) after (2, 12), and in Fig. 1(b)
both engines emit an earlier-start window after a later one
(e.g. Flink reports (2, 12) after (10, 20)). The reordering is
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intrinsic to multi-buffer maintenance rather than a conse-
quence of out-of-order input.

Before we characterize single and multi-buffer operators
and reporting policies in sects. 3.2, 3.3, and 3.4, we describe
what we mean by a window specification and a window
instance in Sect. 3.1 together with a running example.

3.1 Window specification and instances

Windowing is a core abstraction for developing stream
processing applications [27]. In particular, windows turn
streaming data into a snapshot of static data suitable for
computation, known as a window function. In this paper,
we distinguish between window specification and window
instance.

Definition 2 (Window Specification) A window Specifica-
tion refers to (i) a set of parameters wo, namely window type,
that determine how to divide a stream § into finite portions
(window instances), (ii) a function f'to be evaluated on these
finite portions, (iii) a default trigger that can be derived from
wo, (iv) an optional evictor, (v) an optional retention period
p to keep window instances, and (vi) a reporting policy for
relating results of multiple window function invocations for
the same window instance and sending them downstream.

Based on a window specification, one or more window
instances can be generated when the specification is passed
to the window operator in a processing DAG.

Definition 3 (Window instance) A window instance w over
stream 8 is a finite subset of 8; start and end are the bound-
aries of w. Given a window specification W, we call W
the set of all window instances derived from W. We define

content : W — 2% as a function that returns the content of
stream tuples of a window instance.

Example window specifications are sliding time or sliding
tuple windows [11]. This specification has two parameters
w the window width and 8 the window slide. These generate
window instances of fixed width w and trigger the window
function every S units. Whether the domains of w and 8 refer
to the time domain or to integers, this controls whether it is
a sliding time or tuple window. If 8 < w, window instances
will overlap and one or more stream elements can belong to
more than one window instance. When w = 3, this is a tum-
bling window specification where windows do not overlap,
and each stream element is assigned to exactly one window.
Finally, if w > $, this is a hopping window specification and
a stream element may not be assigned to any window [28].
Sliding window specifications are data agnostic. That is, the
slicing of the stream does not depend on the data payload
d of a stream element (Definition 1). Instead, it depends on
timestamps or tuple numbers. Other data-agnostic window
specifications are Landmark windows [28]. In this case,
the specification fixes one boundary and lets the other flow
freely.

Another category is data-driven specifications. Examples
are session windows [14], threshold, delta, aggregate and
boundary frames [13, 15]. These specifications usually refer
to a condition on either a tuple’s timestamp (as in session
windows) or one or more attributes of the tuple’s payload
d (e.g., threshold windows). Assuming in-order arrival,
contiguous tuples that satisfy the condition form a window
instance.

Figure 2 compares the different window specifications
and visualises sample instances thereof. The top three are
the common data-agnostic window specifications. They
have a fixed width as per their specification. The lower

Sliding (B < ®)

J

Tumbling (B = ®)

Session (gap)

Threshold (condition)

[
[
Hopping (5 > ©) [
[
[
[

|

Aggregate (aggregate > ©)

J

Fig.2 Window specifications and sample instances over a single stream
(time flows left to right). Each rounded box is one window instance;
consecutive instances are drawn in alternating colours only to separate
them. Grey dots mark stream elements assigned to no instance. The top
three specifications are data-agnostic: their boundaries follow from
the window parameters, independently of the payload, sliding (8 < w

) instances overlap, tumbling (8 = w) instances partition the stream,
and hopping (8 > w) instances leave gaps. The bottom three are data-
driven: their boundaries follow from the data, session (an inactivity
gap), threshold (a predicate on the payload), and aggregate (an accu-
mulated measure exceeding ©)
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three examples represent data-driven specifications. As can
be noticed, only sliding window specifications have over-
lapping instances. All other specifications have disjoint
instances. This means that, considering in-order arrival, at
any time there is at most one active window instance. We
will discuss later how out-of-order arrival can disrupt that
tuple-to-window assignment.

We can draw an analogy between fixed- and variable-
width specifications. For example, aggregate and tumbling
window instances fully partition the stream. That means that
once a window instance ends, another starts immediately.
Hopping, session and threshold windows can have temporal
gaps between their instances. Moreover, some stream ele-
ments may not be assigned to any window instances.

To assign tuples to window instances of data-agnostic
window specifications, the window operator depends solely
on the specification parameters and the newly arriving
tuples to figure out to which window instance(s) to assign
the tuple. In contrast, for data-driven window instances, the
operator must examine the available window instances to
determine where to assign the tuple.

Consider the example shown in Fig. 3. We consider
processing the eight elements at the top of the figure. The
subscript represents the processing time, whereas the value
after the = sign is the event time of the element, e.g. e,.t, = 3
and e;.t, = 2. Our pipeline counts elements in a sliding time
window of size 5 milliseconds, with a slide of 2 millisec-
onds. Thus, every 2 milliseconds, we report the count of
elements from the past 5 milliseconds.

Our window operator model distinguishes between sin-
gle-buffer and multi-buffer window instance maintenance.
We describe primitives for handling tuple arrivals, trigger-
ing, and policies for handling out-of-order and late tuple
arrivals. We support our discussions with examples on slid-
ing windows (as an example of data-agnostic windows) and
threshold windows (as an example of data-driven windows)

3.2 Single-buffer window operator (Lazy)

A single-buffer window operator remains /azy with respect
to assigning stream tuples to window instances. When a
query containing a window operator is deployed, a single

Fig. 3 Handling of late elements
in single versus multiple buffering
based SPEs

Single-buffer I '

buffer is created. The operator first admits incoming ele-
ments and updates progress (e.g., the watermark).

The operator exposes only two external events: add ele-
ment and an abstract trigger. Internally, it has two tran-
sient micro-states, EVICTING and COMPUTING, which run to
completion and immediately return control to BUFFERING.
The ordering between these micro-steps is policy-driven
(engine/configuration dependent):

On add element, the operator may (i) execute EVICTING
followed by COMPUTING, (ii) execute EVICTING only, or
(iii) remain in BUFFERING (admit-only). In all cases, af-
ter the micro-steps complete, the just-arrived element is
admitted into the buffer if it is not late (otherwise it is
dropped or side-output).

On trigger, the operator executes either EVICTING—
COMPUTING, COMPUTING— EVICTING, EVICTING only,
or CoMPUTING only. The #rigger is intentionally abstract
(time-, count-, or delta-based); the concrete engine
chooses the order.

Window instances are determined at compute time by apply-
ing the window specification (Definition 2) to the currently
buffered (non-stale) tuples; for each window instance, the
window function f'is invoked and results are emitted. EviCcT-
ING removes stale tuples (e.g., those older than the prog-
ress bound) either before or after computation, according to
the selected order. After the micro-steps finish, the opera-
tor returns to BUFFERING and continues to accept incoming
tuples until the next event.

Figure 4 depicts this lifecycle with BUFFERING as the sole
stable state, and EviCTING/COMPUTING as transient steps
chained by run-to-completion transitions.

We define the following basic operations for a single-
buffer window operator.

e addElement(s: 8,t: TJ,): The first parameter is the
newly arriving stream tuple s; the second parameter ¢ is
the minimum timestamp that can be accepted, not neces-
sarily the watermark. Basically, the tuple is added to the
buffer if and only if s.t, > t.

Input: e,=1, e,=3, e;=7, e,=12, e,=5, e;=11, e,=13, eg=1

2 4

e=1

)

[ e;=1,e,=3 } e,=1, e,=3, ;=5 e,=3, e,=5, ;=7

Multi-buffer

2
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10

4

e;=7, e,=11 [ e,=11, e,=12, e,=13 }

14

e,=11, e,=12, e,=13,
eg=15

16
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Fig.4 Lifecycle of the single-
buffer window instance

e trigger(t: Trigger): a trigger ¢t makes the window
operator start applying the given window specification
on the set of buffered stream tuples. A trigger may oc-
cur due to the arrival of a watermark, may be a periodic
process within the SPE or may be caused by reaching a
specified number of elements in the buffer or any other
reason [11].

e apply(wo : Window): applies the windowing logic.
That is, it defines how the buffered tuples should be
grouped as per the specified windowing logic. In some
cases, the tuples in the buffer must be sorted by time-
stamp first (an example follows shortly). At this stage,
the operator creates window instances. The window
function wo.f is then applied to each instance, and re-
sults are reported to the downstream operator.

e cvict(e: Evictor): the evictor e is the criterion to be
used to determine the expired tuples that have to be re-
moved from the buffer [11].

Example 1 (Sliding window) Let us get back to the sequence
of input tuples given in Fig. 3. We also consider a slid-
ing time window with w =5 and 8 = 2. Without loss of
generality, assume a triggering watermark occurred at
processing time 3 with value 7. At that time, the buffer
contains e; = 1,e, = 3,e; = 7. Under the sliding specifica-
tion, the operator reports a window every 2 milliseconds
that includes tuples whose timestamps are at most 5 mil-
liseconds old [11]. Thus, the operator creates window
instances [—3,2) = {e; =1}, [-1,4) = {e; = 1,e, = 3} and
[1,6) = {e; = 1,e, = 3,e5 = 7}. The operator cannot pro-
ceed to the next window instance [3, 8) as its upper bound is
greater than 7. At that stage, the minimum acceptable time-
stamp is ¢ = 3. This is because it is the lower bound of the
next window instance to be computed with the next trig-
ger. After computing for this trigger, the operator evicts all

add
Element

t

elements with timestamps less than 3 from the buffer. This
results in dropping e; = 1. The tuple e4 = 12 is added to the
buffer as 12 > 3. The same applies to tuple es = 5, which
is accepted even though it arrived late. However, it should
have been added to window instance [1, 6) if it had arrived
before the trigger. In this case, the operator cannot recom-
pute that window instance because it has already advanced
past it and evicted older elements belonging to it.

Example 1 has shown the limitations of single-buffer opera-
tors with the common sliding window specification w.r.t.
handling late elements. One could argue that eviction cri-
teria can be overwritten to retain tuples longer. While this
might seem like a solution, it would require the operator to
reset window progress each time it receives a trigger, since
it cannot distinguish which window instances need recom-
putation. This would send several identical results down-
stream (since window instances’ contents did not change).
An alternative is to left-shift the watermark value by some
lag / on a time scale. In this case, it is possible to account for
late elements as long as their delay does not exceed /. How-
ever, this incurs higher latency, as all window instances that
end after w — [ but before w must wait for a future trigger to
apply their window functions and emit results.

The tuple-to-window instance assignment would require
one pass over the tuples. In Example 1, tuples need not be
sorted. In other cases, tuples must be sorted by timestamp
before applying the windowing logic, which adds to pro-
cessing latency. We describe that in Example 2.

Example 2 (Threshold window) Consider a threshold win-
dow specification [15]. The specification refers to a condi-
tion on an attribute in the tuple s.d (Definition 1). Window
instances consist of sequences of tuples that satisfy the con-
dition. A tuple that does not satisfy the condition marks the
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el e2 e3 e
Processing time:

Event time:

Temperature:

Trigger (watermark=6)
(1) Sorted buffer: e,=10, e,=12, e;=15, e,=20, e;=21
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(

(2) Window instances:ie;=10, e,=12, e;=15, e4=2q, e;=21

(3) All tuples are evicted

Trigger (watermark=8)

(1) Sorted buffer: eg=19, eg=17

(2) Window instances:;’e6=19, eg=17

7
(3) All tuples are evicted

Fig. 5 Handling of a threshold window by a single buffer operator

Fig.6 Lifecycle of the multi-buffer
window instance

late trigger

Completed

merge, split

end of the current window instance, if any. For our example,
assume a sequence of temperature reading events as shown
at the top of Fig. 5. The threshold window condition is that
temperature < 20. The operator shall reset the buffer (i.e.
evict all the tuples) after handling a trigger. At the bottom
left of the figure, we assume that two triggers occurred with
watermarks w = 6 and w = 8, respectively. On the bottom
right, we assume that only one trigger occurred with w = 8.
In the former case, only tuples e;—e5 are received. Tuples are
sorted by timestamp, and one threshold window instance is
found [1, 6) 2 and reported. The minimum acceptable time-
stamp is now ¢ = 7. The buffer is emptied. As the operator
receives the next tuples, it rejects e; because its timestamp
4 is less than ¢. At the next watermark w = 8, the same

2 Note that the subscript refers to processing time.
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procedure is repeated and another window instance [7, 9)
is reported. In the other case, when only one trigger occurs
with w = 8, all tuples have been added to the buffer and
sorted (bottom right of Fig. 5). After sorting the tuples, we
identify three window instances: [1, 4), [5, 6), and [7, 9).

3.3 Multi-buffer window operator (Eager)

A multi-buffer window operator is eager w.r.t. tuple-to-win-
dow instance assignment. Window instances are maintained
explicitly and are first-class citizens. Moreover, each win-
dow instance has a lifecycle (Fig. 6) according to which the
operational status of the window instance determines how it
is possible to respond to an out-of-order/late tuple arrival. In
the beginning, a window instance is in the operational status
active upon its creation by the window operator. A window
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instance is created when it gets assigned its first element.
When a trigger occurs, e.g., a watermark, indicating win-
dow instance closure, the window instance content can be
passed to the window function for computation. The win-
dow instance’s operational state is updated to completed. An
out-of-order arrival while a window instance is active may
cause it to split or merge with another instance. If the arrival
occurs after the instance has been completed, the same split
or merge may occur, but the window function is re-trig-
gered, and an updated result is sent downstream. According
to the retention period defined in the window specification
(Definition 2), completed window instances will be kept by
the window operator. Afterwards, the window instance is
purged. At that stage, the operator drops any late arrivals.

Definition 4 (Window instance operational state) Let wo be
awindow specification. Let Wbe the set of window instances
in the SPE according to wo. We define the function opera-
tional state opState : W — {active,completed, purged}
that returns the operational status of a window instance
we w.

We define the following basic operations for a multi-buffer
window operator:

e addElement(s: S,wo : Window,t : J,): assigns
the stream element to one or more window instances.
This assignment is defined by the window specification
wo given to the window operator. Because of this as-
signment, the window operator may create a window
instance when it receives the first element belonging
to that window. Moreover, the window operator has to
keep information about purged windows or a progress
metric £ where s is considered for assignment if s.t, > t.

e trigger(t: Trigger): a trigger t allows the applica-
tion of the window function wo.f on the content of the
window instances. Unlike the single-buffer operator,
the content of each window instance is already known
by the trigger time, and the operator does not need to
sort or apply the windowing logic. In addition, a multi-
buffer window operator supports a richer triggering
model. That is, there could optionally be an early trig-
ger (Fig. 6). In this case, the window instance content is
passed to the window function even before the window
completes. Additionally, late arrivals on completed win-
dows send updates (corrections) of the window function
computations downstream.

e merge(w; : W,w, : W): After adding some stream el-
ement s to a window instance w;, it might be the case
that the window boundaries of w; overlap with an-
other window instance w, whereas the window speci-
fication wo does not allow for overlapping windows.

In this case, the window instances have to be merged,
resulting in a new window instance ws. In this case
content(ws) = content(w,) U content(w,). ws is active
if either w, or w, is active. Otherwise, it is set to com-
pleted. If either w; or w, is completed, an update should
be sent downstream.

e split(w: W): Window instance w may be split into
two window instances w; and w, due to adding an ele-
ment to the window, which breaks the assignment logic
in wo. In this case, the content of w is divided between
w, and w, based on the logic in wo. Both w; and w,
inherit the operational status of w. If w was completed,
the split triggers a late (re)computation: the previously
reported result for w is superseded and updated results
for w, and w, are sent downstream (a 1 : 2, and in gen-
eral 1 : M, update; see Sect. 3.4).

e purge(w : W,p : Int,t: J,): a purge operation re-
moves the content of window instance w from the mem-
ory of the window operator. It, however, may keep meta-
data about the window instances. The retention period p
and the progress indicator ¢ control purging. Whenever
w.end + p < t, the window is purged.

Example 3 (Sliding window) Here, we discuss how a multi-
buffer operator handles a sliding time-window specification.
Referring to Fig. 3, we have a sliding window specification
with w = 5 and 8 = 2. We also define the retention period as
10. When receiving the first element e; = 1, the operator will
create three window instances w; = [-3,2), w, = [—1,4)
and w; = [1, 6) and assign a copy of e; = 1 to each of them.
When it receives e, = 3, it assigns it to both w, and ws.
Additionally, the window operator creates a new window
instance w, = [3,8) and assigns a copy of e, = 3 to it. Again,
by receiving e; = 7, it gets assigned to w,, and the window
operator creates two new window instances ws = [5,10) and
wg = [7,12), where each gets a copy of e; = 7. Similar to
Example 1, assume that a triggering watermark occurred
at processing time 3 with timestamp 7. At that time, all
window instances are active. Window instances wj, w,,
and w; can change status to completed because their end
timestamps are before the watermark. Once completed, the
window function can process their content, and the results
are sent downstream. When e, = 12 arrives, it gets assigned
to new window instances w; =[9,14) and wg = [11,16).
Next, element es = 5 arrives late. It gets assigned to window
instances ws, w, and ws. ws is already completed. Thus,
assigning es = 5 to it will cause it to recompute (late trig-
ger) and send the update downstream. Meanwhile, window
instances w, and ws are still active. Element eq = 11 arrives
out of order but not late, because the latest watermark is
6. So, it gets assigned to the respective window instances.
Now, assume that another triggering watermark occurs with
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timestamp 12. In this case, window instances w,, ws and wg
will be completed, and the results of their window functions
can be sent downstream. Moreover, window instance w,
will be purged, as its retention has now expired. Now, the
minimum acceptable timestamp is 2, which is the end of w;.

Example 4 (Threshold window) Let us consider how the
threshold window specification given in Example 2 will be
handled by a multi-buffer window operator. Considering the
sequence of arrival shown at the top of Fig. 7 °, a multi-buf-
fer operator will group stream elements that are temporally
contiguous and that satisfy the condition temperature < 20
. We also follow the same settings for watermark triggers.
In the bottom left of Fig. 7, we show the window instances
maintained by the operator at watermarks of 6 and 8. At
watermark 6, we have one window instance [1, 6), where
the member elements are shown in the figure. Note that
es = 21 does not belong to the window as it does not satisfy
the condition. At the watermark trigger time, this window
instance is marked as completed, and the result of applying
the window function is reported downstream. Next, stream
element es = 19 is received and is assigned to a new window
instance [7, 8). This is shown as the status before receiving
e; = 21. By receiving e; = 21, whose timestamp is 4, the
operator inserts this element into window instance [1, 6).
This will cause the window instance to split, as the element
does not satisfy the threshold condition. This results in a
total of three window instances [1, 4), [5, 6) and [7, 8) as
shown with the status “After Receiving e; = 21”. As the

Processing time:

el e2 e3
Event time: 1444

Temperature:

Trigger (watermark=6)

Window instances: -e1 10, e,=12, e;=15, ¢,= ZQ

Window instances: .e1 10, e,=12, e;=15, e,= 20. e6 19:

Window instances

Window instances

Fig. 7 Handling of a threshold window by a multi-buffer operator

3 We have repeated the same input as shown in Fig. 5 for convenience
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window instance [1, 6) was already completed before split-
ting, the arrival of e; = 21 causes a late trigger, where the
results of applying window functions over [1, 4) and [5, 6)
are sent downstream, invalidating the old results sent ear-
lier for [1, 6). On the bottom right of Fig. 7, the case when
only one watermark trigger with timestamp 8 is shown. The
main difference from the former case is that after receiving
e; = 21, we have three window instances; however, all of
them are still active. So, the split will not cause any updates
to be sent downstream. In both cases, the downstream oper-
ator receives the same results when the watermark triggers
at timestamp 8.

3.4 Report

As we illustrated in Sect. 3.3, late arrivals of stream ele-
ments to a window instance can cause a series of opera-
tions that end up recomputing the window function. In this
section, we discuss the Reporting step that follows the (re)
computation of the window function.

Definition 5 (Report) The Report of a window operator
w.r.t. f propagates the results downstream according to a
reporting policy.

In Definition 5, we listed two central building blocks for
reporting: the result produced by evaluating the window
function f and the reporting policy. The evaluation of the

Window instances: @L 10, e,=12, e,=15, €,=20; | .e§ 19;

Window instances: .eJL 10, €,=12, 5= 15; .e4 20 ieg=19;
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window function is achieved by applying the logic of fto the
content of a window instance (Definition 3).

To define reporting policies, we need the notion of an
instantaneous result.

Definition 6 (Instantaneous Result) An instantaneous result
is a tuple (rid,r,t,,t,) where r is the computed result, i.e.
r = f(w) where w € W is one of the window instances
eligible to trigger at processing time t, and event time ,,
and rid is a unique identifier of the result. The combination
(w.start,w.end) uniquely identifies a result tuple. We call
this identifier 7id. Notably, the result structure resembles
that of the window function. The instantaneous result inher-
its the timestamps of the trigger that produced it: ¢, is the
processing time at which the trigger fires, and ¢, is the event
time carried by that trigger (e.g., the watermark value). In
general, t, # tp; a late trigger, for instance, fires at a large ¢,
while carrying the earlier ¢, of the progress indicator.

Last but not least, complementary to Definition 6, we define
Instantaneous Retraction as follows.

Definition 7 (Instantaneous Retraction) An instantaneous
retraction is an instantaneous result where the result data
7 is null.

Downstream operators receive the produced results. Three
reporting policies can be defined around the notions of rid
and the guarantees downstream operators require.

Definition 8 (Stateless Reporting) Stateless Reporting pol-
icy implies that the SPE does not keep track of the emitted
results over time, i.e., the report does not take into account
the relation between instantaneous results.

This policy can be represented by the following function
that calculates the result ID rid: 7, — N+. The rid depends
on the processing time only and, thus, result IDs are always
increasing.

Definition 9 (Refinable Reporting) The Refinable Report-
ing policy implies that instantaneous results can be refined.
The SPE tracks emitted results and can emit updates when
it receives new data.

This policy can be represented by the following function
that calculates the result id rid: W — N+, where W is the set
of window instances. The rid depends on a window instance;
therefore, results deriving from the late update maintain the
same rid and can be correctly interpreted downstream.

Definition 10 (Retractable Reporting) The Retractable
Reporting policy implies that instantaneous results can be
retracted upon receiving new data, e.g., late arrivals. The
SPE tracks emitted results and, upon the reception of new
data, emits atomically* a retraction of the previous results
and the new instantaneous result.

This policy can be represented by the following func-

tion that calculates the result id rid: J, XW — N+. The rid
depends on both processing time and a window instance.
Therefore, result IDs are always increasing as old rids are
explicitly retracted.
Because a single-buffer window operator can compute a
window instance only once, it supports only stateless report-
ing (Definition 8). Similarly, a multi-buffer window opera-
tor supports stateless reporting only if it purges the window
instance immediately after its first trigger. However, a multi-
buffer window operator can support the other reporting poli-
cies. Repeated reporting occurs in response to (late) arrivals
of tuples assigned to the respective window instance.

Referring to Example 3, upon the arrival of late tuple
es = 5, it is assigned to window instances ws, Wy, and ws. At
this stage, ws has already been triggered once. Using a state-
less reporting policy, the results of the first trigger, upon clo-
sure, and the second trigger, due to the late arrival of a tuple,
look like (rid = (1,6),r = 2,t, =7, = 3) at the watermark
occurrence, and (rid = (1,6),r = 3,f, = 7,t, =5), upon
the arrival of the late tuple, respectively. As this a stateless
reporting policy, downstream operator has to maintain its
own state of results to reason about the change of the result.
This is possible because the result has a unique identifier,
rid = (1, 6).

Following a refinable reporting pol-
icy (Definition 9, the results of triggering ws
will be (rid = (1,6),r = 2,1, = 7,t, = 3) and

(rid = (1,6),r =1,t, =7, = 5). Upon the reception of the
refined result by the downstream operator, it shall add 1 to
the older result sent earlier and thus, the new result is now
3. In the former case of stateless reporting, the downstream
operator cannot decide whether the new value 3 in the sec-
ond report is the new total value or an increment to the pre-
viously reported value.

Adopting a retractable reporting policy, the reporting for
w3 will be (rid = (1,6),r = 2,t, = 7,1, = 3) at the water-
mark trigger. Then, upon arrival of es, the old result will
be retracted as (rid = (1,6),r = null,t, =7, tp = 5) and the
new result will be (rid = (1,6),r = 3,t, = 7, tp = 5). Com-
pared with the stateless reporting policy, the downstream
operator can clearly see the new result of the computation.
Moreover, compared to the refinable policy, the downstream

4 The event timestamp of the retraction and the event timestamp of the
new instantaneous result are the same.
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operator does not have to remember the latest result sent
from the upstream window operator.

These policies are not merely hypothetical; the engines
in Fig. 1 instantiate them. Storm, a single-buffer operator,
reports each window instance exactly once and never revis-
its it; this is stateless reporting (Definition 8). Kafka Streams
and Flink, both multi-buffer, instead re-report the same
window instance (identified by rid = (start,end)) with an
updated result as new or late elements are assigned to it:
in Fig. 1(a) Kafka Streams reports (0, 10) successively as
1,2,...,5, and in Fig. 1(b) both engines re-report a window
such as (12, 22) after a late arrival. This repeated, window-
keyed reporting is stateful rather than stateless (refinable or
retractable, Definitions 9 and 10); whether a given engine
refines, retracts, or replaces the earlier result, and under
which configuration, is engine-specific, and Sect. 4 deter-
mines it for all five engines. The reporting policies above
are therefore the ones realised by production systems, the
earlier examples serving only to isolate each policy in a con-
trolled setting.

Reporting for data-driven windows is more challenging,
as window durations might change due to a split or merge.
Consider Example 4. Upon the arrival of e; = 21, where
es.t, = 4, the window [1, 6) which was triggered earlier will
have to be split into two windows [1, 4) and [5, 6). Stateless
reporting will generate (rid = (1,6),r = 4,t, =6, tp = 10)
at the first trigger and (rid = (1,4),r = 3,t, = 6, tp = 15)
, (rid = (5,6),r = 1,t, = 6,1, = 15) for the later trigger. In
this setup, the downstream operator cannot correlate results
by result ID. This is because the window boundaries have
changed.

Following a refinable reporting policy, the first trig-
ger will be similar to stateless reporting. However, for
the second trigger, the refinement of the old result for the
window [1, 6) will be (rid = (1,6),r = —4,1, = 6,1, = 15)
. The result r = —4 indicates that the older result should
be refined to 0. For the two new windows, the window
operator reports (rid = (1,4),r = 3,t, = 6, tp = 15) and
(rid = (5,6),r =1,t, = 6, t, = 15). Moving to retractable
reporting, the first report is similar to the two cases above.
For the second reporting, the operator retracts the old result
by sending out (rid = (1,6),r = null,t, = 6,t, = 15). Then
it sends the new updates similar to the two new windows.
With data-driven windows, we can notice that refinable and
retractable reporting is more complex as there can be 1 : M
relationship between the old and the new results, due to win-
dow split. M : 1 relationship is also possible in the case of
window merging.
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3.5 Discussion

In sects. 3.2 and 3.3, we showed how single-buffer and
multi-buffer operators would handle window specifications,
with examples of standard sliding window specification and
another data-driven threshold window specification. In both
cases, the limitations of the single-buffer operator are obvi-
ous w.r.t. handling late data. For a single-buffer operator to
improve accuracy (less tuples to be dropped), watermarks
(or other external progress indicators) must occur less often.
However, this increases latency. One way to overcome this
inherent inflexibility of a single-buffer operator is to spawn
new instances of the pipeline (window operator) when a late
arrival is observed [29]. However, this is a system- or appli-
cation-level solution, rather than being an operator-level
solution. Referring to a window specification in general
(Definition 2), we can see that a single-buffer operator can-
not retain window instances. That is, p = 0 as the operator
constructs window instances on the fly and evicts outdated
stream elements after computation is complete. A single-
buffer operator supports stateless reporting only (Defini-
tion 8). This is because it can only trigger a computation on
a window instance once.

A multi-buffer operator provides more flexibility in bal-
ancing accuracy and latency. First, a (re)computation can
occur several times. This is because multiple triggers can
apply to the same window instance. Besides the default
trigger, e.g. due to a watermark, a computation can be trig-
gered early, e.g. every n time units or tuples before window
completion. Moreover, late arrivals to a completed window
instance cause late triggers. Multiple triggering is possi-
ble as long as the operator retains window instances. The
flexibility of the multi-buffer operator comes with a price.
The price is that window specification (windowing logic)
is applied eagerly on each arriving element. A multi-buffer
operator can support any of the reporting policies discussed
in Sect. 3.4, as it is aware of both processing time and win-
dow instances, in response to multiple triggers.

Referring to out-of-order handling techniques discussed
in Sect. 2.3, we can see that a single-buffer operator natu-
rally supports buffer-based OOO handling. It can also sup-
port punctuation-based OOO handling techniques, as it can
still keep buffering elements until a punctuation is received.
A single-buffer operator cannot support speculation-based
techniques, as accuracy will suffer significantly. On the
other hand, multi-buffer operators naturally support spec-
ulation-based techniques because they can recompute the
window function over a window instance. They can also
support buffer- and punctuation-based techniques.

Table 1 summarises the points discussed in this sec-
tion. Downstream complexity relates to the window opera-
tor’s reporting capabilities. Beyond stateless reporting,
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Table 1 Comparison of single versus multi-buffer window maintenance

Window maintenance Latency Memory overhead 00O handl. Trigger Retention  Report Downstream Complexity
Single-buffer High Low Buff,, Once No Stateless ~ Simple

Punc.
Multi-buffer Low High All Multiple  Yes All Complex

Table 2 Window maintenance and window types supported by the
evaluated systems

System Window Window types Water-
maintenance mark
progress

Storm (2.6.0)  Single-buffer Sliding, tumbling Implicit

Spark (3.5.1)  Multi-buffer Sliding, tumbling, Implicit
session

Kafka (3.9.1)  Multi-buffer Sliding, tumbling, N/A
session

Beam (2.68.0) Both Sliding, tumbling, ses- Explicit
sion, custom

Flink (1.18.1)  Both Sliding, tumbling, ses- Explicit

sion, custom

the downstream operator needs to apply complex logic to
resolve the update received from the upstream window
operator. This must also be reflected in downstream opera-
tors through the end of the DAG.

4 Assessment of SPEs against our window
lifecycle model

In this section, we evaluate the windowing operators of
five widely used stream processing systems against our
model. We selected them using three criteria that make the
study both principled and inspectable. First, each system is
open-source, soO we can examine its public windowing API
and, where necessary, its internal implementation, and thus
explain the observed behaviour rather than treat the engine
as a black box. Second, each processes data in event time
using an external progress indicator (e.g., watermarks,
either explicit or implicit) to decide window completeness
and lateness, precisely the setting in which the single- ver-
sus multi-buffer maintenance and the reporting policies of
Sect. 3 diverge. Third, each is a distributed stream proces-
sor for production workloads, not a single-node library or
a complex-event-processing engine. Several open-source
engines still satisfy all three; we study the five most widely
adopted and architecturally distinct, and we discuss the
remaining candidates in Sect. 4.8. The five we study already
span the design space our model characterises: Storm exem-
plifies single-buffer maintenance, whereas Beam, Flink,
Spark Structured Streaming, and Kafka Streams exemplify
multi-buffer maintenance under different reporting policies.
Concretely, we evaluated Apache Beam (executed on its
default/direct runner), Apache Flink, Apache Spark

Structured Streaming, Kafka Streams, and
Apache Stormcore.

Our evaluation used both static analysis of the source
code and experimental evaluation. The code for reproduc-
ing the experimental evaluation is available in our GitHub
repo’.

Table 2 describes whether the window operator of the
respective system is a single- or multi-buffer operator. We
also list the window specifications each system supports and
whether it allows explicit watermark definition.

To instantiate our model for each engine and compare
results, we run a simple pipeline with the respective win-
dow specification and feed it a small amount of data. To
guarantee a fair comparison, we have unified the watermark
policy for Beam and Flink to update the watermark after
each incoming record to the maximum timestamp seen. For
Spark, as it works in micro-batches, we worked around this
limitation by watching a folder where we drop a single-
record file at a time to observe the output. We disabled any
allowed lateness and received the window output after the
window closure. The test data was deliberately tiny so we
could easily analyse it, as our objective is to understand
the lifecycle of elements and windows rather than measure
operational metrics such as latency and throughput.

Concretely, we use 14 records: r =(13,A4,22),
r, = (15,A4,23), r; = (26,A4,15), r, = (27,W,0),
rs =(23,A,7), rs =(1,A,24), r, =(2,A,23), 13 =(5,4,23)
ry = (30, W, 0), no = (2,A4,22), m = (1,4,22),

ry = (14, A,28), rz =(500,W,0), rs = (19, A,30), where
each record is a timestamp, key, and value, and rows with
key W (value 0) are watermark-advancing tuples that carry
no countable data and only advance event-time progress.
Note that these records are not totally ordered by event
time: two records share timestamp 1 (rg,7;;) and two share
timestamp 2 (r;,r,9). We feed these records following three
arrival regimes that let us separate distinct sources of cross-
engine divergence:

e Total order. The records have unique timestamps: the
two ties above are broken so the first four records (by
event time) carry the strictly increasing timestamps
1,2, 3, 4 (payloads unchanged). This regime is the base-
line in which no two events share an event time.

5 https://github.com/Ahmed Awad/WindowAssessor/
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® Partial order. The records are sorted by their timestamp,
keeping the ties. Because event time defines only a par-
tial order (Definition 1), two records remain at time-
stamp 1 and two at timestamp 2. We call this the in-order
trace, but it is not a total order. Contrasting it with the
total-order regime isolates the effect of equal-timestamp
ties at window boundaries (Sect. 4.9).

® Qut-of-order. The records in the arrival order listed
above, in which arrival order differs from event-time or-
der (e.g., r, has timestamp 13 but arrives before ry with
timestamp 1).

In our experiments, we create windows, a sliding time
window and a session window, and count the elements
per key in each window®. In all cases, the engine reports
(start, end, key, count), i.e., the window defined by its
boundaries and the count of items it holds.

4.1 Sliding time windows

We define a sliding-time window with width w = 10 and a
slide of 8 = 2 milliseconds. We use milliseconds to match
the default time granularity in all systems. For instance,
event r, = (13, A4,22) will actually have the Unix epoch
timestamp 1970-01-01700:00:00.013Z.

All five engines assign an event to the same % windows,

computed identically. For an event e, the start of the highest-
start enclosing window is given by Eq. 1:

taart = | 52| . M

aligned to the Unix epoch (offset 0); the operator then works
backwards in steps of § to the remaining windows. The
engines differ in only two conventions: the boundary-inclu-
sion rule, [start, end) for Spark Structured Streaming, Katka
Streams, Beam, and Flink versus (start, end] for Storm; and
whether windows with a negative start (before the epoch)
are emitted, which Kafka Streams suppresses. Because the
per-engine sliding outputs are long, we present and compare
them within each engine’s subsection, while we compare the
more compact session outputs inline in the next subsection.

4.2 Session windows

We define a session window as a 10 milliseconds gap. We
chose this value deliberately: it exceeds the largest inter-
arrival gap in the key-4 trace, so that under in-order arrival
all eleven records fall into a single session, while under out-
of-order arrival the same gap is still small enough to expose

6 Storm does not have native support for session windows; therefore,
it is excluded from the respective evaluation.
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session merges and the engines’ differing acceptance of late
elements. More generally, the gap is the sole knob control-
ling sessionisation granularity: a larger gap merges elements
into fewer, longer sessions, while a smaller one yields more,
shorter sessions, down to per-element windows as the gap
tends to zero, so its effect scales with the stream’s temporal
density.

With ordered data, and, identically, with total-order data,
since a single session spanning all key-4 records is unaf-
fected by the ties, all engines supporting session windows
agree on the session content: 11 elements for key A. They
differ, however, in how they label the session boundaries.
Spark, Beam, and Flink report (1, 36, 4, 11), taking the ses-
sion end as the timestamp of the last record plus the gap,
whereas Kafka Streams reports (1, 26, 4, 11), taking the end
as the timestamp of the last record in the session. The final
result does not reveal the internals of window merges. To
expose them, we forced the engines to report after each pro-
cessing step: this is the default behaviour in Kafka Streams;
we forced it in Flink by defining a custom trigger, and in
Spark we used the complete output mode. Because com—
plete retains all window state without eviction, it is a test-
ing device for observing the transient merges rather than a
reporting mode, so the reported Spark session results remain
the append output.

With unordered data, the reported results diverge fur-
ther. Flink reports (13, 25, 4, 2), (14, 36, A4, 3) and Kafka
Streams reports (13, 15, 4, 2), (14, 26, 4, 3), whereas Spark
and Beam report (13, 25, 4, 2), (23, 36, 4, 2). The four sys-
tems agree on the content of the first session, two elements,
at timestamps 13 and 15, up to the same end-labelling con-
vention seen with ordered data, namely that Kafka Streams
ends a session at the timestamp of the last record while
Spark, Beam, and Flink end it at the last timestamp plus the
gap. They disagree on the second session: Flink and Kafka
Streams admit more elements into it (three) than Spark and
Beam (two). This indicates a difference in the criterion for
accepting new elements between Flink and Kafka Streams
on the one hand, and Spark and Beam on the other, with
respect to how event-time progress is used when adding ele-
ments from a source (cf. Sect. 3.3). We elaborate on this
below for each system.

Before turning to individual engines, we delimit which
parts of our model (Sect. 3) the evaluated systems exercise,
so that the per-engine discussions map uniformly onto it.
All five expose addElement, trigger, eviction/reten-
tion (purge), and reporting; the multi-buffer engines addi-
tionally exercise merge through session windows, whose
instances grow and coalesce as elements arrive. None of
the engines, however, exercises split: a split arises only
for data-driven specifications with a non-monotonic mem-
bership predicate (e.g., threshold windows, Example 4),
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and, as Table 2 shows, the evaluated engines support only
data-agnostic (sliding, tumbling) and session specifications;
none offers threshold or comparable data-driven windows.
The split-driven reporting of Sect. 3.4 therefore cannot be
observed here; we note this once rather than per engine.
Table 3 summarises how each engine instantiates the life-
cycle; the subsections below add only what is distinctive
and then report results.

4.3 Apache storm

Storm uses single-buffer maintenance with configurable
time- and count-based triggers and evictors (Table 3); it does
not support data-driven windows. It computes a watermark
periodically as the maximum event time seen minus a con-
figurable 1ag, and this value is also the minimum acceptable
timestamp, so any older (late) tuple is dropped. Concretely,
on each arrival, Storm follows an evict-then-compute rou-
tine: it advances the watermark, evicts stale tuples, com-
putes and emits every closed window, then admits the new
element if it is not late. As a single-buffer engine, Storm
supports stateless reporting only (cf. Definition 8).

Results for sliding-time windows

For ordered (partial-order) data, we observed the follow-
ing output from Storm: (-8,2,A,3), (-6,4,A,4), (-4,6,A,5),
(-2,8,A,5), (0, 10, 4, 35), (2, 12, 4, 1), (4, 14, A4, 3),
(6, 16, 4, 3), (8, 18, 4, 3), (10, 20, 4, 4), (12, 22, A4, 4),
(14, 24, A4, 3), (16, 26, 4, 3), (18, 28, 4, 3), (20, 30, 4, 2),
(22, 32, A4, 2), (24, 34, A4, 1). Under Storm’s (start, end]
convention, the earliest window (-8, 2] should contain the
first four tuples, whose timestamps are 1, 1,2, and 2. Storm,
however, reports a count of 3, not 4. This is a direct conse-
quence of the single-buffer, evict-then-compute-on-arrival

lifecycle (Sect. 3.2) interacting with a co-timestamped tie
on the window boundary: the first tuple with timestamp 2
advances the watermark to 2, which closes window (-8, 2]
and computes its result over the elements seen so far, {1,1,2}
; the second tuple with timestamp 2 arrives afterward, once
(-8, 2] has already been computed and its elements evicted,
so it is not counted in that window (it is still admitted into
later, still-open windows). The resulting count of 3 cannot
be produced by any consistent interval convention on these
elements; [start, end) would give 2 and (start, end] would
give 4, so it is an artefact of the partial order. It disappears
under a total order, as we show next and analyse in Sect. 4.9.

For total-order data (timestamps made unique), Storm
reports  (-8,2,A,2), (-6,4,A,4), (-4,6,A,5), (-2,8,A,9),
(0, 10, 4, 5), (2, 12, 4, 3), (4, 14, 4, 3), (6, 16, 4, 3),
(8, 18, 4, 3), (10, 20, 4, 4), (12, 22, 4, 4), (14, 24, 4, 3),
(16, 26, 4, 3), (18, 28, 4, 3), (20, 30, 4, 2), (22, 32, 4, 2),
(24, 34, A, 1). The ecarliest window is now (-8,2,A,2), the
clean (start, end] count over {1,2}, with no anomalous
value.

For out-of-order data, we forced Storm to progress
the watermark by every tuple to ensure a fair comparison
with the other systems. Details are in our GitHub repo. We
observed the following output from Storm: (4, 14, 4, 1),
(6, 16, 4, 2), (8, 18, 4, 2), (10, 20, 4, 2), (12, 22, A4, 2),
(14, 24, 4, 1), (16, 26, 4, 1), (18, 28, 4, 1), (20, 30, 4, 1),
(22,32, 4, 1), (24, 34, 4, 1). The first window (4, 14, 4, 1),
for instance, contains only the tuple (13, 4, 22). The win-
dow was closed by the arrival of the next tuple (15, 4, 23).
With the fourth tuple, (27, W, 0), the watermark is set to
27. Therefore, Storm drops all subsequent tuples for key
A. As a result, the window, e.g., (14, 24, 4, 1), contains
only one element, (15, 4, 23), whereas other elements that
would have been included in the in-order case are dropped,
ie., (19, 4, 30) and (23, 4, 7). Storm drops any tuple if

Table 3 Per-engine instantiation Engine  Buffer Event-time Late-acceptance knob ~ Retention Native reporting
of the window lifecycle: main- progress policies
tenance, event-time progress, Storm Single  periodic lag evict on Stateless only
late-acceptance knob, retention, Kk advance
d natively supported reporting watermar _
;r;licies (maxt, —lag) (p=0)
Spark Multi implicit withWatermark watermark-  Stateless (append),
SSS watermark delay based purge  Refinable
(update/complete);
sessions append-only
Kafka Multi stream-time grace window- Refinable (default,
Streams (maxt,) store fixed-boundary),
retention Retractable (sessions),
Stateless (suppress)
Beam Multi watermark (at allowedLateness GCatend+ Stateless (DISCARD-
(Global: source) lateness ING), Refinable
single) (ACCUMULATING)
Flink Multi watermark allowedLateness purgeatend Refinable (default),
(Global: (configurable) + lateness Stateless (emulated),
single) Retractable (Table/SQL)
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none of the windows it belongs to are still open. That is,
Blend © tena — B < ety < tong A teng > watermark.

4.4 Spark structured streaming

Apache Spark unifies batch and stream processing; from
version 2, Spark Structured Streaming (SSS) [30] added
event-time processing with multi-buffer maintenance and
watermarks [31]. The watermark governs retention (purg-
ing), not triggering; a batch or processing-time
trigger re-evaluates the retained windows, and the out-
put mode (append, update, complete) selects the
reporting policy (Table 3), with session windows restricted
to append. Sessions of the same key merge as elements
arrive, finalising once the watermark passes the session end.

Results for sliding-time windows

For total-order data, SSS reports (-8,2, A, 1), (-6,4,A, 3), (-4,
6,A,5),(-2,8,A,5),(0,10,4,5),(2,12,4,4), (4, 14, 4, 3),
(6, 16, 4, 3), (8, 18, 4, 3), (10, 20, 4, 4), (12, 22, 4, 4),
(14, 24, 4, 4), (16, 26, 4, 2), (18, 28, 4, 3), (20, 30, 4, 2),
(22, 32, 4, 2), (24, 34, 4, 1), (26, 36, A4, 1). In this regime,
the only difference between SSS and Storm is the interval
convention: on windows not affected by a boundary-aligned
timestamp, the two coincide (e.g., (0, 10, 4, 5), (4, 14, 4, 3),
(18, 28, 4, 3)), while they differ exactly where [start, end)
excludes and (start, end] includes the boundary event (e.g.,
SSS (-8,2,A,1) versus Storm (—8,2, A,2), and SSS’s extra
(26, 36, 4, 1) with no Storm counterpart).

The observed output for the in-order (partial-order)
data is (-8, 2, A, 2), (-6, 4, A, 4), (-4, 6, A, 5), (2, 12, 4, 3),
(0, 10, 4, 5), (-2,8,A,5), (4, 14, 4, 2), (8, 18, 4, 3),
(6, 16, 4, 3), (12, 22, 4, 4), (10, 20, 4, 4), (16, 26, A4, 2),
(14, 24, 4, 4), (18, 28, 4, 3), (20, 30, 4, 2), (22, 32, 4, 2),
(26, 36, 4, 1), (24, 34, 4, 1). Comparing the earliest win-
dow from Spark to the one from Storm, we observe
spark = (—8,2, A, 2) against storm = (—8,2, A, 3): Spark’s
[start, end) interval excludes the boundary timestamp 2,
whereas Storm’s value additionally reflects the partial-order
tie artefact discussed above (a consistent (start, end] count
would be 4). The [start, end) convention also produces
spark = (26,36, A,1), which has no counterpart in Storm.
Moreover, the output windows above are not sorted by
window start timestamp. This indicates SSS’s multi-buffer
nature: the SSS window operator processes window buffers
arbitrarily.

For the out-of-order data, we observe the following win-
dows: (4,14,4,1),(12,22,4,2),(8, 18, 4, 2), (10, 20, 4, 2),
(6, 16, 4, 2), (14, 24, 4, 1), (18, 28, 4, 2), (20, 30, 4, 2),
(22,32,4,2),(26,36,4,1),(24,34, 4, 1). We observe agree-
ment with the output from Storm on the windows reported,
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except that SSS does not output window (16,26,A4,_ )
because of the nature of the [start, end) inclusion. This also
affects the element counts in each window. Spark drops any
tuple if none of the windows it belongs to are still open. That
1S, A tond : tena — B < €.l < topg N tong > watermark.

Results for session windows

For ordered data, no key-4 tuple is dropped, as expected;
to expose the merges behind the single reported session
(Sect. 4.2), we re-ran under complete output mode.

For out-of-order arrival, the two sessions arise as follows.
When (26, A4, 15) arrives it advances the watermark to 26,
closing the first session and creating [26, 36); the next key-
A tuple creates [23, 33), which overlaps and is merged into
[23, 36). The very late tuples (1, 2, 5, 2, 1 for key A) create
windows whose ends are already behind the watermark and
do not overlap the open session, so they are dropped. When
(14, A, 28) arrives, its window [14, 24) ends behind the
watermark (30) and does not overlap the open session, so
SSS drops it, as it does the last tuple (19, 4, 30). We therefore
deduce Spark’s acceptance criterion (cf. addElement,
Sect. 3.3): atuple e is admitted iff e.t, + gap > watermark.

4.5 Kafka streams

Kafka Streams supports sliding and session windows
with multi-buffer maintenance. Progress is driven by stream-
time (the maximum observed event timestamp) rather than
an explicit watermark, and late acceptance is governed by a
per-window grace interval. Processing is per record: each
arriving element updates every window instance it belongs
to and, by default, immediately forwards the updated result
downstream as a changelog, while suppress defers for-
warding until the window closes (Table 3). How that update
is reported depends on whether the window’s identity
changes. For a fixed-boundary window (e.g., sliding), the
window key is stable, so Kafka Streams forwards the new
aggregate under the same key, which is refinable report-
ing (Definition 9). For a session window, a merge changes
the boundaries, so Kafka Streams first emits a retraction (a
null-valued record) for each superseded session and then
the merged result, which is retractable reporting (Defini-
tion 10). A window closes once stream-time exceeds its end
plus grace, after which its records are dropped; sessions
extend or merge across inactivity gaps.

Results for sliding-time windows
In all three regimes, every window Katka Streams emits

(those with start > 0) has the same content as the cor-
responding SSS window, so it differs from Storm only
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by the [start, end) inclusion. Kafka Streams drops a
tuple e when no window containing it is still open, i.e.,
D tond : tond — B L ety < topg N teng > watermark.

Results for session windows

For ordered data, no key-4 tuple is dropped; we confirmed
the session’s incremental expansion by running in the
default report-on-every-tuple mode.

For out-of-order data, the divergence from Spark stems
from tuple acceptance in addElement. Kafka Streams
is context-aware: on receiving e it first checks whether
e’s singleton window [e.t,,e.t, + gap) is mergeable with
an open session, rather than only comparing it against the
watermark. When (14, 4, 28) arrives, stream-time is 30, and
the open session is [23, 26]; unlike Spark, which drops the
singleton [14, 24), Kafka Streams finds it mergeable (their
gap is 9 < 10) and merges into [14, 26], giving three ele-
ments {14,23,26}. The last tuple (19, 4, 30) arrives after
stream-time has reached 500, by which point the session
[14, 26] is closed, so it is dropped. Kafka Streams labels
the session end at the last timestamp, unlike Spark’s last-
timestamp-plus-gap (Sect. 4.2).

4.6 Apache beam

Apache Beam [32] is a unified programming model exe-
cuted by runners (e.g., Flink, Spark, Dataflow), not an SPE
itself; we use its default (direct) runner. Its window opera-
tor is multi-buffer (GlobalWindow is single-buffer). The
default event-time trigger fires when the watermark passes
a window’s end, optional early and late triggers fire before
and after within withAllowedLateness, and the accu-
mulation mode selects the reporting policy (Table 3). Ses-
sions are mergeable.

Results for sliding-time windows

Beam produces the same results as SSS for the sliding-time
window in all three regimes. Consequently, it overlaps with
the Kafka Streams windows whose start time is 0 or greater,
and we can derive the same tuple-acceptance criterion as
SSS.

Results for session windows

Beam produces the same results as SSS for the session
window, matching both window bounds and content across
ordered, out-of-order, and total-order data. We therefore
classify the Beam session operator as context-agnostic
when accepting tuples, like SSS.

4.7 Apache flink

Apache Flink [18] is a stream-first SPE with native
event-time processing and stateful, multi-buffer windowing
(GlobalwWindow is single-buffer). The default event-time
trigger closes a window when the watermark passes its end,
allowedLateness admits later firings, and optional
evictors run before or after the window function. The trig-
ger and window-function settings select the reporting pol-
icy (Table 3); Flink’s Table/SQL API also emits explicit
retractions.

Results for sliding-time windows

Flink follows [start, end) intervals, so on data without co-
timestamped ties or out-of-order arrivals it agrees with SSS
and Beam. Under partial-order and out-of-order regimes,
however, its per-record watermark, together with disabled
allowed lateness, closes a boundary window one element
early, producing a single divergent window in each case.
For total-order data, Flink’s output matches SSS and Beam;
with unique timestamps and in-order arrival, there is no
boundary element to lose.

For the in-order (partial-order) data, Flink’s output is
identical to SSS except for the earliest window: Flink reports
(—8,2,A,1) whereas SSS and Beam report (-38,2,A4,2).
Because we advance the watermark to the maximum event
time after every record and disable allowed lateness, the first
record with timestamp 1 raises the watermark to 1, which
reaches the maximum timestamp of window [—8,2) and
fires it with a single element; the second record with time-
stamp 1 then finds [—8, 2) already closed and is not admitted
to it (it is still admitted to the later windows [—6,4) ... [0, 10).
which is why those match SSS).

For the out-of-order data, Flink matches SSS except
window (18, 28): Flink reports (18, 28, 4, 1) against SSS’s
(18, 28, 4, 2). The watermark reaches 27 when the tuple
(27, W, 0) arrives, firing window [ 18, 28) (whose maximum
timestamp is 27) with only the element (26, 4, 15) seen so
far. The out-of-order tuple (23, 4, 7) arrives afterwards and
is dropped from [18, 28), whereas SSS keeps [18, 28) open
until the watermark passes 28 and therefore still admits it.

Results for session windows

Flink is context-aware like Kafka Streams: it merges the
singleton window of (14, 4, 28) into the still-open session
even though that singleton’s end is behind the watermark, so
its second session holds three elements {14, 23,26}. Unlike
Kafka Streams, Flink labels the session end as the last time-
stamp plus the gap (as SSS and Beam do), which is why
its boundaries read (13, 25) and (14, 36) rather than Kafka
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Streams’ (13, 15) and (14, 26) (Sect. 4.2). Context-aware
engines (Flink, Kafka Streams) thus admit relatively more
tuples than context-agnostic ones (SSS, Beam), giving bet-
ter resilience to out-of-order arrival.

4.8 Other distributed systems

We also considered three other open-source engines, each of
which reduces to a design already covered. Apache Heron ’
follows Storm, so its window operator is single-buffer
and inherits Storm’s capabilities and limitations. Apache
Samza [33] and Apache Apex ® follow Apache Beam’s
event-time model, Samza only through Beam’s Samza run-
ner (its native APIs lack explicit event-time support), Apex
through Beam-inspired APIs of its own, so both are multi-
buffer, though Samza supports only tumbling and session
windows and Apex disallows custom windowing logic.
None, therefore, adds a new point in our design space.

4.9 Total, partial, and out-of-order ingestion

Ingesting an identical set of records under the three arrival
regimes isolates the sources of cross-engine divergence
and lets us attribute each observed discrepancy to a distinct
underlying cause.

Total order.

When every event time is unique, and records arrive in
event-time order, all observed differences reduce to two
conventions, each a fixed and predictable property of the
engine:

e Sliding boundary inclusion. Storm includes an event in
the (start, end] window, whereas SSS, Beam, Flink, and
Kaftka Streams use [start, end). Consequently, a bound-
ary-aligned event is counted one window earlier or later;
e.g., Storm reports (—8,2, A, 2) where the others report
(—8,2,A,1), and the [start, end) engines emit a trail-
ing (26, 36, 4, 1) that is absent from Storm. Away from
boundary-aligned events, all five engines agree.

o Session end labelling. All engines agree on session con-
tent, but Kafka Streams labels a session’s end as the last
event’s timestamp, whereas SSS, Beam, and Flink use
the last timestamp plus the gap; hence (1, 26, 4, 11) ver-
sus (1, 36, 4, 11).

Kafka Streams also suppresses windows with a negative
start (before the Unix epoch), yet produces identical content

7 https://apache.github.io/incubator-heron/
8 https:/apex.apache.org/
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to SSS for every window it emits. Thus, under a total order,
the engines are semantically interchangeable up to these
two conventions.

Partial order.

Real event time is only a partial order (Definition 1): distinct
records may share a timestamp. When such a tie falls on a
window boundary, engines that fire a window on watermark
advance can close it between two co-timestamped records,
so the boundary window’s count depends on the processing-
time interleaving of those records rather than on their event-
time content. Two instances appear in our data:

e Storm’s earliest window is (=8, 2, A, 3), a value no fixed
interval can yield ([start, end) gives 2, (start, end] gives
4). The first record at timestamp 2 advances the water-
mark to 2, closing and computing (-8, 2] over {1,1,2};
the second record at timestamp 2 arrives afterwards and
is evicted from that window.

e Flink reports (—8,2,A,1) where SSS and Beam report
(—8,2, A, 2): the first record at timestamp 1 fires [—8,2)
before the co-timestamped second record is admitted.

Both anomalies disappear under the total-order regime, con-
firming that they are artefacts of co-timestamped ties at a
boundary, not of the query or of the multiset of event times.
In other words, the result of a boundary window is under-
determined by the query together with the event-time con-
tent alone.

Out-of-order.

Out-of-order arrival adds a third axis: late records whose
windows have already closed are dropped, governed by
each engine’s progress and retention policy. Flink reports
(18, 28, A4, 1) where SSS reports (18, 28, 4, 2), because
Flink’s per-record watermark fires [18, 28) as soon as the
watermark reaches 27 (set by the (27, W, 0) tuple), before
the out-of-order (23, 4, 7) arrives, whereas SSS keeps the
window open until the watermark passes 28. For session
windows, the acceptance criterion diverges further: context-
aware engines (Flink, Kafka Streams) merge a late single-
ton session into an open session even when the singleton’s
end is behind the watermark, admitting more elements than
context-agnostic engines (SSS, Beam).

Context beyond window boundaries.
Taken together, the partial-order and out-of-order regimes

reveal a dimension of window context that existing classifi-
cations do not capture. Traub et al. [34], adopting the classes


https://apache.github.io/incubator-heron/
https://apex.apache.org/

Cluster Computing (2026) 29:859

Page 19 0f 22 859

introduced by Li et al. [22], distinguish context-free (CF),
forward-context-free (FCF), and forward-context-aware
(FCA) windows according to how many tuples an operator
must process to know where windows start and end; slid-
ing and tumbling time windows are context-free, since all
window boundaries can be computed a priori from the win-
dow parameters, independently of the data. That classifica-
tion concerns where windows begin and end. Our results
expose a second, orthogonal dimension: even for a context-
free window, whose boundaries are fixed a priori, the con-
tent, and even the existence, of a given window instance can
depend on the arrival order and on the operator’s progress
state at firing time. Under a partial order, the content of the
fixed-boundary window varies with the interleaving of co-
timestamped elements (Storm reports 3, Flink 1, and SSS/
Beam 2); any window whose boundary coincides with a tied
timestamp is likewise affected. Under out-of-order arrival,
entire fixed-boundary windows may be absent from the out-
put because all of their would-be members arrive late and are
dropped; for instance, the early windows present in Storm’s
in-order output do not appear in its out-of-order output. A
sliding time window is thus boundary-context-free but nei-
ther content- nor existence-context-free once event time is a
partial order or arrivals are out of order: the reported result
is determined not by timestamps alone, but by the operator’s
progress state when the window fires.

This progress state is, in turn, shaped by a global water-
mark. In all five systems, a single, stream-wide watermark
tracks event-time progress; consequently, the record that
advances the watermark and prematurely closes a bound-
ary window need not even belong to the same key as the
window it closes. In a multi-key stream, ties or out-of-order
arrivals in one key can thus curtail unrelated keys’ windows.
A per-key watermark, such as the keyed-watermark operator
of [16], which reconstructs Flink’s centralised watermark as
a distributed operator that maintains event-time progress
independently per key, localises this effect to the key that
actually carries the ties or late data, leaving the windows of
all other keys intact. Our single-key trace isolates the phe-
nomenon in its purest form; in the general multi-key case,
keyed watermarks would prevent its propagation across
keys.

Implications for portability and testing.

These results give software engineers a concrete checklist
for configuring, testing, and porting a windowed application
across engines. First, the same query over the same event-
time data can yield different boundary-window counts and
different session boundaries; a downstream component that
thresholds on a window count, or that keys on a session’s
reported end, is not portable without adjustment; porting a

Table 4 Knobs that align window behaviour across the multi-buffer
engines
Concept Flink

Kafka
streams

Spark SSS Beam

Tunable knobs, can be matched to align behaviour

Event-  water- implicit (with stream- source
time mark Watermark) time= max watermark
progress strategy ts

Late- allowed with Watermark grace with
accep- Late- delay Allowed
tance  ness Late-
horizon ness
Defer trigger triggertoutput default; triggers
VS. Mode sup-

early press

report

State- emulate  append sup- DIS-
less (delta) press CARDING
report

Refin-  default update/complete default ACCUMU-
able LATING
report

Retract- Table/ not native native for not native
able SQL sessions

report  changelog

Fixed per engine, residual divergence, not tunable

Session lastts+  lastts+ gap last ts last ts +
end gap gap

label

Session context-  context-agnostic context-  context-
accep- aware aware agnostic
tance

The lower group is fixed per engine (not tunable) and accounts for the
residual divergence of Sect. 4.9.

sliding-count alert from Spark to Storm shifts every bound-
ary-aligned count by the interval convention, and porting
a sessionisation job from Kafka Streams to Spark changes
both the reported session end (last timestamp versus last
timestamp plus gap) and, under out-of-order arrival, which
late elements are admitted. Second, when the input can
contain co-timestamped events, tests must exercise ties on
window boundaries, since these expose order-dependent
behaviour that a merely in-order (but total-order) trace
would hide. Third, the divergence a ported application will
experience is predictable from the operator’s position in our
model, and this induces two portability clusters. A pipeline
written for Storm ports to any multi-buffer engine with a sin-
gle systematic change: the boundary-inclusion convention
(start,end] — [start,end), since the multi-buffer engines
subsume Storm’s stateless, buffer/punctuation-based behav-
iour; the reverse is /ossy, because Storm retains no window
instances (p = 0) and reports only statelessly, so refinable/
retractable reporting and late re-firing cannot be reproduced
on it. Among the multi-buffer engines, portability reduces
to matching three funable knobs: event-time progress, the
late-acceptance horizon, and the reporting policy (Table 4).
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Two coordinates, however, are fixed per engine and cannot
be reconciled by configuration: the boundary-inclusion con-
vention and, for session windows, the end labelling and con-
text-awareness of tuple acceptance. Context-aware engines
(Flink, Kafka Streams) merge a late singleton into an open
session, whereas context-agnostic ones (Spark, Beam) drop
it. These non-tunable residuals bound how closely any two
engines can agree.

4.10 Threats to validity

Our findings are configuration-sensitive: knobs such as
allowedLateness (Flink, Beam), grace and sup-
press (Kafka Streams), and watermark settings (Spark)
determine whether a late element is re-fired or dropped, and
our Beam results use the default runner, whose trigger and
accumulation semantics other runners may realise differ-
ently. For a fair comparison, we advanced the watermark
to the maximum event time after every record; a coarser or
periodic watermark would shift the boundary-firing effects
of Sect. 4.9. Because the outcome of a co-timestamped tie
on a window boundary depends on the processing-time
interleaving of the tied records, our partial- and out-of-order
results reflect the specific ingestion order in our repository;
a different but equally valid interleaving could yield differ-
ent boundary-window contents, an order dependence that is
itself one of our findings. Finally, our analysis reflects the
engine versions in Table 2; future releases may evolve their
APIs or defaults.

5 Related work

The earliest description and formalisation of sliding time
and landmark windows dates to 2001 [35], when single-pass
correlated aggregates were computed. TelegraphCQ [36]
and CQL [37] have extended those window types with a
sliding tuple window. The formalisation focuses only on
defining the scope of the different window types. A com-
prehensive formalisation appears in [28]. CQL interestingly
allows the user to receive updates not only upon the arrival
of new stream elements, but also upon their removal from a
window. Out-of-order arrival was not in scope.

SECRET [21] was the first model that addresses the
lifecycle of a window instance defined under sliding time
or tuple windows. Beyond being limited to sliding win-
dows, the model can describe SPE behaviour only when
data arrive in order. Affetti et al. [12] analysed the execu-
tion semantics of Flink, Storm, Spark discretised streaming,
Azure Stream Analytics and Google Cloud Dataflow based
on the SECRET model. They acknowledge the shortcom-
ings of SECRET we discussed earlier.

@ Springer

The Dataflow model [14] represents a major step toward
formalising multi-buffer style window management. It
explicitly distinguishes event-time from processing-time,
introduces watermarks as progress indicators, and allows
early, on-time, and late triggers so that the same window
instance can fire multiple times. A key contribution of the
model is recognising the need to merge windows (e.g., in
session windows) when late data extend existing bound-
aries. However, the model does not address the comple-
mentary need to split windows when out-of-order arrivals
invalidate earlier assignments. As a result, while Dataflow
provides a powerful foundation and underpins systems such
as Apache Beam and Flink, its semantics remain incomplete
for handling the full range of out-of-order scenarios. Our
work complements this by generalising both merge and split
behaviours within a unified lifecycle model and mapping
them systematically across contemporary SPEs.

Grossniklaus et al. [15] motivated the need for data-
driven windows, called frames, by presenting four types
of windows: threshold, delta, aggregate and boundary
frames. The idea is that the user does not need to define a
fixed time or tuple window size. Rather, for example, for
threshold frames, the system shall report the start and end
time of the frame in which the value of the attribute of inter-
est is above/below the defined threshold. In their original
work, the authors assumed a single-buffer window operator
and only a buffering technique to handle out-of-order data.
In our work, we elaborate on how single- and multi-buffer
operators would, in general, handle such window specifica-
tions and show examples of threshold windows.

Gabriele et al. [38] introduced two new models for paral-
lel processing of sliding windows. The focus is on in-order
processing of elements on sliding tuple and time windows.
They adopt the notions of triggers and evictors as in [11].
Compared to our work, we discuss more window types and
contribute an out-of-order-aware window lifecycle model
where the application developer can enable multiple trig-
gers throughout a window instance lifecycle.

Sun and Hwang [39] propose an approach to handle out-
of-order and late arrivals using two pipelines: one for data
that arrive in order and another for data that arrive late. The
results from the normal flow are kept in a state after the
windowing operator, where they are updated by results from
the late pipeline. The approach is similar to [29]. The paper
provides no details on how updates are merged. Moreover,
the approach seems limited to fixed-size windows, where
an element’s assignment to a window depends only on its
timestamp.

Verwiebe et al. [40] provide a comprehensive survey
of window types for stream processing systems research
and commercial systems. The survey covers a rich set of
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window types and briefly discusses the effects of out-of-
order arrivals and their support.

6 Conclusion

This paper introduced a unified semantic framework for rea-
soning about window operators under late and out-of-order
data, centred on a window-operator lifecycle model. Distin-
guishing single-buffer from multi-buffer maintenance and
formalising their lifecycle phases, event inclusion, recom-
putation, and reporting policies, we showed how these
choices govern correctness, latency, and reporting, and why
seemingly similar windowing abstractions in Apache Beam,
Flink, Spark Structured Streaming, Kafka Streams, and
Storm diverge in practice. Placing an operator in the model
lets an engineer predict its late-data handling (refine vs.
drop), its message amplification, and the feasibility of data-
driven boundary changes (merge and split), turning these
into system-aware decisions when configuring, testing, and
porting stream-processing applications across engines.

Our model generalises beyond the systems we studied: it
places any windowed operator by its maintenance strategy,
boundary-inclusion convention, progress and retention pol-
icy, and reporting policy, and its lifecycle primitives, includ-
ing merge and split, describe data-driven specifications such
as threshold and aggregate windows. Mainstream engines,
however, expose only data-agnostic and session windows,
so the split behaviour the model captures cannot yet be
exercised on them; as engines add such specifications, or
adopt finer-grained progress such as per-key watermarks,
the model applies without change. The model thus provides
a durable basis for reasoning about window semantics as
stream-processing systems evolve.
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