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Abstract
Recent developments in vision-languagemodels have significantly advanced video understanding. Existing datasets and tasks,
however, have notable limitations. Most datasets are confined to short videos with limited events and narrow narratives. For
example, datasets with instructional and egocentric videos often depict the activities of one person in a single scene. Although
existing movie datasets offer richer content, they are often limited to short-term tasks, lack publicly available videos, and
frequently encounter data leakage issues given the use of subtitles and other information about commercial movies during
LLM pretraining. To address the above limitations, we propose Short-Films 20K (SF20K), the largest publicly available
movie dataset. SF20K consists of 20,143 amateur films, amounting to 3,582 hours of video, with an average of 12 minutes
per movie. We accompany this dataset with SF20K-Test, a manual, open-ended question answering benchmark. SF20K-Test
consists of 95 movies and 979 question-answer pairs. Our extensive analysis of SF20K-Test reveals limited data leakage,
emphasizes the need for long-term reasoning, and demonstrates the strong performance of recent VLMs. Finally, we show that
instruction tuning on the large-scale dataset substantially improves model performance, paving the way for future progress
in long-term video understanding.

Keywords Movie understanding · Story-level understanding · Data leakage

1 Introduction

Recent advances in vision-language models (Lin et al., 2023;
Li et al., 2023; Chen et al., 2023a, b; Wang et al., 2022; Fu et
al., 2023, 2022;Dai et al., 2023;Xu et al., 2023) show signifi-
cant promise for enhancingmachineperception.Despite their
remarkable progress, current datasets are still constrained by
some limitations. Most of them consist of short videos (Gu et
al., 2018; Abu-El-Haija et al., 2016; Diba et al., 2020; Xu et
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al., 2016; Yang et al., 2022; Goyal et al., 2017; Soomro et al.,
2012; Kay et al., 2017; Li et al., 2020; Grunde-Mclaughlin
et al., 2021; Xiao et al., 2021), typically under one minute,
and primarily target short-term tasks such as action recog-
nition and video retrieval, which often require only a few
seconds of visual content to solve (Mangalamet al., 2023; Lei
et al., 2022). Long-form video understanding, on the other
hand, has been mainly studied in three domains: (i) Egocen-
tric videos, featuring extended first-person sequences with
continuous actions (Grauman et al., 2022a; Damen et al.,
2018; Jia et al., 2022; Lin et al., 2022; Mangalam et al.,
2023; Sigurdsson et al., 2018; Sharghi et al., 2017) and daily
activities ranging from object manipulation to social inter-
actions (Grauman et al., 2022a). Although these datasets
excel in video duration, they lack narrative depth, focusing on
immediate visuals rather than rich storytelling; (ii) Instruc-
tional videos (Miech et al., 2019a; Yang et al., 2021), which
depict a variety of human tasks and focus on the proce-
dural aspect, are often brief and deficient in storytelling;
(iii)Movies, unlike egocentric and instructional videos, pro-
vide complex plots and extended durations, making them

123

http://crossmark.crossref.org/dialog/?doi=10.1007/s11263-026-02940-x&domain=pdf
http://orcid.org/0009-0004-7482-6152


396 Page 2 of 16 International Journal of Computer Vision (2026) 134 :396

Fig. 1 Examples ofVideoQuestionAnswering (VideoQA) tasks across
three domains: instructional videos, egocentric videos, and movies.
While instructional and egocentric videos usually depict one or two

people performing a single task, movies present time-extended stories
with rich variety in terms of scenes, characters, and interactions

well suited for developing models capable of comprehend-
ing long-form narratives (see Figure 1).

Several movie datasets have been proposed in the litera-
ture (Rohrbach et al., 2016; Bain et al., 2020a; Tapaswi et
al., 2016; Lei et al., 2019; Soldan et al., 2022; Han et al.,
2023; Wu & Krähenbühl, 2021; Huang et al., 2020a; Vicol
et al., 2018; Xiong et al., 2019; Sadhu et al., 2021; Marsza-
łek et al., 2009; Rao et al., 2020; Chen et al., 2022; Bose et
al., 2022; Maharaj et al., 2017; Song et al., 2023; Rawal et
al., 2024b; Xie et al., 2024) offering rich, narrative-driven
content and supporting various tasks. These tasks include
clip retrieval (Bain et al., 2020a), video question answer-
ing (Tapaswi et al., 2016; Lei et al., 2019; Maharaj et al.,
2017; Song et al., 2023; Rawal et al., 2024b), audio descrip-
tion (Soldan et al., 2022; Han et al., 2023; Xie et al., 2024),
semantic role labeling (Sadhu et al., 2021), scene segmen-
tation (Huang et al., 2020a; Rao et al., 2020), and visual
scene recognition (Bose et al., 2022).However, currentmovie
datasets suffer from three main limitations: (i) Accessibil-
ity: access to commercial movies is subject to copyright
restrictions ; (ii) Clip duration: they often consist of incom-
plete and short clips (Tapaswi et al., 2016; Lei et al., 2019;
Rawal et al., 2024a; Wu & Krähenbühl, 2021), often less
than four minutes in length , limiting their potential for long-
form understanding of evolving storylines. Moreover, these
datasets frequently suffer from ill-designed benchmark ques-
tions with insufficient narrative focus (Song et al., 2023); (iii)

Data leakage: as these datasets feature well-known commer-
cial movies, modern Large Language Models (LLMs) and
Vision-Language Models (VLMs) have likely been exposed
to related content, such as synopses, reviews, discussions,
subtitles, and blog posts. Figure 2 showcases this issue,
showing that modern LLMs can achieve high accuracy on
questions frommajor movie datasets using only movie titles.
This leakage leads to biased benchmarks and ineffective
training.

To address the limitations of existing movie datasets, we
introduce Short-Films 20K (SF20K), a novel video dataset
comprising 20,143 short films totaling almost 3,582 hours of
video, with an average duration of 12 minutes per film – sig-
nificantly longer than existing datasets . Unlike copyrighted
films, SF20K consists of publicly accessible amateur films
across diverse genres sourced from YouTube and Vimeo.
While shorter than traditional movies, these films feature
complex narratives that unfold through key sequences of
events and multiple character interactions. Crucially, with
minimal exposure to LLMs, SF20K is less prone to data leak-
age issues plaguing other movie datasets (see Figure 2).

Aiming towards long-term story-level video understand-
ing, we propose SF20K-Test, a manual Open-Ended Ques-
tion Answering (OEQA) benchmark. Unlike restrictive
multiple-choice formats, this task requires free-formanswers,
necessitating deeper narrative comprehension. All question-
answer pairs in this benchmark are manually crafted and

123



International Journal of Computer Vision (2026) 134 :396 Page 3 of 16 396

cover the setting, character dynamics, storylines, and themes
of the films. To demonstrate the benefits of SF20K-Test,
we conduct extensive experiments including a human study,
baseline evaluation, and several ablation analysis.

Contributions are threefold: (1) We propose SF20K, the
largest publicly available movie dataset, comprising 20,143
short films. We accompany this with SF20K-Test, a man-
ually curated benchmark specifically designed to evaluate
open-ended, story-level video understanding. (2) Through
extensive experiments, we show: (i) Unlike other movie
datasets, SF20K-Test exhibits limited data leakage tomodern
LLMs; (ii) State-of-the-art video models show significantly
lower performance compared to humans; (iii) A long tem-
poral window and a combination of vision and language are
required to solve theQA tasks, highlighting the need formod-
els capable of handling multimodal information at the movie
level. (3)We demonstrate that synthetic instruction tuning on
the large-scale SF20K dataset helps model’s performance.
We argue that SF20K provides a unique dataset for advanc-
ing long-term, story-level video understanding. The dataset,
code, and models are publicly available at https://ridouaneg.
github.io/sf20k.html.

2 RelatedWork

Video QA benchmarks. Questions in such benchmarks can
be framed to assess the reasoning, memory, and compre-
hension skills of both humans and models. Hence, many
datasets have been made available through the years, cover-
ing visual descriptions (Xuet al., 2016;Chen&Dolan, 2011),
temporal action reasoning (Xiao et al., 2021), social intelli-
gence (Zadeh et al., 2019), compositional reasoning (Grunde-
Mclaughlin et al., 2021), instructional videos (Yang et al.,
2021), movies (Tapaswi et al., 2016; Lei et al., 2019;Maharaj
et al., 2017), egocentric videos (Mangalam et al., 2023; Jia et
al., 2022; Lin et al., 2022), among others (Jang et al., 2017;
Xu et al., 2017; Jang et al., 2017; Li et al., 2020; Yu et al.,
2019; Wu et al., 2021). However, many benchmarks feature
short videos and typically require reasoning on only a few
frames to solve the task at hand, as shown by temporal cer-
tificates in Mangalam et al. (2023).
Long-form video understanding. As new long-context
models emerge (Reid et al., 2024), we need more complex
benchmarks. Long-formvideo understanding evaluates long-
term reasoning capabilities of those models. Some datasets
have been introduced in recent years, for general videos (Fu et
al., 2024;Nagrani et al., 2024), egocentric videos (Mangalam
et al., 2023), and movies (Wu & Krähenbühl, 2021; Soldan
et al., 2022; Han et al., 2023; Tapaswi et al., 2016; Rawal et
al., 2024b). EgoSchema (Mangalam et al., 2023) proposes
multiple-choice questions on 3-minute videos that require
on average 100 seconds of viewing time to be answered cor-

Fig. 2 Evaluatingdata leakagevia title-onlyprompting.LLMs show
a sharp correlationbetweenMMLU-Pro scores and the ability to ”recall”
commercial movie details without context (orange). In contrast, accu-
racy on unknown amateur films (blue) remains low, suggesting that
high performance on popular datasets is driven largely by training data
contamination rather than true understanding

rectly. Video-MME (Fu et al., 2024) and Neptune (Nagrani
et al., 2024) introduce longer videos that present significant
challenges even for themost advanced vision-languagemod-
els. On movies, LVU (Wu & Krähenbühl, 2021) focuses on
clips, however, the subsequent tasks are relatively limited,
focusing on less relevant aspects such as ’like’ ratio and
view count prediction. MAD/MAD-v2 (Soldan et al., 2022;
Han et al., 2023) introduces an audio description task, which
is currently tackled at the clip level but could be extended
over the whole movie. MovieQA (Tapaswi et al., 2016)
and MovieChat (Song et al., 2023) propose movie question-
answering datasets focused on movie plots, settings, and
characters, though access to the data is limited. Closer to
our work, CinePile (Rawal et al., 2024b) offers a dataset of
question-answer pairs derived from commercial movie clips,
providing both training and test sets; however, similarly to
other movie datasets, it suffers from data leakage issues.

3 The SF20K-Test Benchmark

Short films are motion pictures that typically last between 5
and 40 minutes. As illustrated in Figure 3, short films span a
variety of styles (e.g., narrative fiction, documentary, anima-
tion) and genres (e.g., drama, comedy, horror). Filmmakers
often use the short film format to explore new ideas, tech-
niques, and storytelling styles. Short films, hence, have more
of an experimental rather than a commercial value and are
often made publicly available. The amount of publicly avail-
able short films has significantly increased over the last few
years (see Figure 4b).We take advantage of this development
and create SF20K, a dataset of short movies collected from
online platforms. Among this dataset, we select high-quality
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Question: What significant 

life event do Sam and his wife 

Linda experience?

Answer: The birth of their 

first child, a son.

Question: How does Ava die?

Answer: Ava dies after 

tripping over her dog and 

hitting her head.

Question: What is Luisa's 

concern for Miguel during 

their trip?

Answer: Luisa is worried 

because Miguel is withdrawn 

and seemingly depressed.

Question: What is the main 

reason behind Ernie's activity 

in the chicken suit?

Answer: He is trying to make 

his way through the grief of 

losing his wife.

Question: What is the 

relationship status of Claudia 

and Tom?

Answer: They are married.

Question: What happens after 

the shepherd passes away?

Answer: The valley begins to 

become barren because no 

new clouds are created.

Drama Sci-Fi Horror

Comedy Romance Animation

Question: What is the main 

issue the young girl faces in 

the movie?

Answer: She feels out of 

place, misunderstood, and is 

bullied.

Question: What dangers do 

Miro's wife and daughter face 

in their new location?

Answer: They are persecuted 

and preyed upon.

Question: How does Alex 

initially try to fit into Josh's 

world?

Answer: Alex pretends to be 

deaf to fit into Josh's world 

more easily.

Documentary Western Dance

Fig. 3 Examples from the SF20K dataset. SF20K spans a wide range of genres with distinct visual styles and storytelling. For each genre, we
show a representative frame together with a manually written question–answer pair from SF20K-Test, illustrating the story-level, character-driven
nature of the benchmark

Fig. 4 Statistics of SF20K

movies to create SF20K-Test, a video question answering
benchmark which includes manual, open-ended questions.

3.1 Data Collection

TobuildSF20K,we capitalize on the abundance of short films
on video-sharing platforms. We target YouTube and Vimeo
channels hostinghigh-quality and award-winning short films,
some of which have been recognized by Oscars and BAFTA

awards 1. Videos, subtitles, and metadata are downloaded
using yt-dlp 2.We filter out videos with fewer than 100 views
or less than threemonths old (after December 2025), and rely
on platform safety filters to exclude sensitive, age-restricted,
and private content.

1 Among others, we use the YouTube channels Omeleto https://
www.youtube.com/@Omeleto, Film Shortage https://www.youtube.
com/@FilmShortage, The Shorts Network https://www.youtube.com/
@TheShortsNetwork, the Vimeo Staff Picks https://vimeo.com/
channels/staffpicks, and the Shortverse library https://www.shortverse.
com.
2 https://github.com/yt-dlp/

123

https://www.youtube.com/@Omeleto
https://www.youtube.com/@Omeleto
https://www.youtube.com/@FilmShortage
https://www.youtube.com/@FilmShortage
https://www.youtube.com/@TheShortsNetwork
https://www.youtube.com/@TheShortsNetwork
https://vimeo.com/channels/staffpicks
https://vimeo.com/channels/staffpicks
https://www.shortverse.com
https://www.shortverse.com
https://github.com/yt-dlp/


International Journal of Computer Vision (2026) 134 :396 Page 5 of 16 396

3.2 Human Annotation

To construct a rigorous benchmark for story-level under-
standing, we recruited 10 human annotators to watch the
full movies and generate 5-20 open-ended question-answer
pairs per film. Annotators were instructed to focus on the
narrative arc, character dynamics, settings, and key visual
elements, ensuring that questions require reasoning rather
than simple retrieval. To guarantee independence and clarity,
guidelines specified that questions must explicitly refer to
character names or specific plot moments and be answerable
without external context. Both questions and answers were
strictly curated to be concise, with answers limited to a single
sentence. Typical questions were provided to the annotators.
We provide several examples from the benchmark in Figure 3
and Figure S4.
Human Performance. To verify the quality of the human-
created questions and establish a performance upper bound,
we conducted a user study involving 10 other participants.
Annotators were asked to watch the full movies and answer
the question with a one-sentence, concise answer.

3.3 Benchmark Statistics

Statistics. SF20K-Test includes 95 movies, totaling 20.1
hours, with an average of 12.7 minutes per video (see Fig-
ure 5). This results in 979 question-answer pairs, averaging
10.3 questions per movie.
Comparison to other benchmarks. Table 2 compares
SF20K-Testwith existingvideobenchmarks.Notably, SF20K-
Test exhibits a long average duration (762 seconds) among
movie QA benchmarks. Compared to classic video QA
benchmarks, SF20K-Test distinguishes itself by its multi-
modal and long-term focus. Compared to long-form video
QA benchmarks, SF20K-Test focuses on complex narratives
and character dynamics. Compared to movie QA bench-
marks, SF20K-Test offers advantages in public availability
of videos, limited data leakage (unlikely exposure to LLMs),
and story completeness, as it uses full movies rather than
trimmed clips, potentially impacting narrative coherence.
Question Types. To evaluate different dimensions of movie
understanding, we categorize the questions into four types
using an LLM (see Appendix G for the prompts used):

– Setting-related questions: Ask about the movie’s time
(historical period, time of day) and place (location, spe-
cific environments like home or office).

– Character-related questions: Focus on the main charac-
ters’ personal details, traits, and their relationships.

– Story-relatedquestions:Cover thekey sequenceof events
and actions driving the main plot and narrative.

– Theme-related questions: Explore the central message,
underlying idea, or abstract concept the movie conveys.

(a) Video Duration

(b) Release Year

Fig. 5 Statistics of SF20K-Test

3.4 EvaluationMetric

The open-ended nature of SF20K-Test makes traditional n-
grammetrics (e.g., BLEU, ROUGE) unreliable, as they often
penalize correct answers that use different phrasing. Instead,
we utilize an LLM-as-a-judge approach (Zheng et al., 2023;
Gu et al., 2025), which has demonstrated superior alignment
with human judgment in complex reasoning tasks.

We define the LLM-QA-Eval metric: a judge model
(GPT-4.1-nano) is provided with the original question, the
human ground-truth answer, and the model’s prediction. The
judge is tasked with determining if the prediction is semanti-
cally consistent with the ground truth.We report the accuracy
as our primary metric, defined as the percentage of ”correct”
labels assigned by the judge. The detailed evaluation prompt
is provided in Appendix G and a human validation experi-
ment in Section 5.2.

4 Large-scale QA generation

While the SF20K-Test benchmark serves as a high-quality,
manual ”gold standard” to evaluate story-level understand-
ing, we extract annotations at scale on the full SF20K dataset
to perform instruction tuning.

4.1 Automatic Generation

Annotation Extraction Since speech transcripts are avail-
able for only a portion of the dataset, we use Whisper
Large-v3-Turbo (Radford et al., 2024) to generate miss-
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ing subtitles. The metadata accompanying each short film
includes the movie title, storyline (a concise one-sentence
plot summary), genre, release year, region of origin, and
language. Additionally, we extract shot boundaries using
PySceneDetect3, face tracks using DeepFace4, and frame
captions using Llama-3.2-Vision-11B (Meta, 2022). More
details can be found in Appendix B.
Synopsis Generation. We generate synthetic synopses by
prompting GPT-4 (Openai, 2022) using the movie title, sto-
ryline, and extracted subtitles and captions. This process
captures key story-level details, producing one synopsis per
movie.
QA pair generation. From the synopses, we generate
question-answer pairs using again GPT-4 (Openai, 2022).
Prompts are carefully designed to obtain concise, spe-
cific, and unambiguous questions, with brief answers (see
Appendix G).

4.2 Dataset Statistics

SF20K contains 20,143 short films ranging from 5 to 37
minutes, with an average length of 11 minutes per video
(see Figure 4a), and totaling 3,582 hours. The dataset cov-
ers multiple genres, as illustrated in Figure 4. Examples of
the dataset’s diversity can be seen in Figure 3. Most of the
films are in English and originate mainly from North Amer-
ica and Europe (see Figure 4(d,e)).More samples can be seen
in Appendix S4.
Annotations. SF20K includes 2.4M shots, with an average
shot length of 5.52 seconds. Each shot has a 24-word caption
describing settings and characters. Additional annotations
include 1.1M subtitles and 1.08M face tracks. Additionally,
SF20K contains 191,007 question-answer pairs, averaging
9.21 questions per movie.
Comparison to other datasets. Table 1 compares SF20K
to existing large-scale video datasets. General large-scale
video datasets, such as WebVid-10M (Bain et al., 2022)
and InternVid (Wang et al., 2024a), usually contain mil-
lions of short clips We propose a specialized dataset focused
on movies. Among existing movie datasets, SF20K stands
out as the largest film dataset ever released, consisting of
20,143 films for a total duration of 3,582 hours. This scale
is comparable to large-scale specialized domain datasets like
Ego4D (Grauman et al., 2022b) (3,670 hours). Furthermore,
SF20K addresses key limitations of prior movie datasets: the
videos are easily accessible online (unlikeMovieNet (Huang
et al., 2020b)), and the dataset contains full movieswith com-
plete stories (unlike Condensed Movies (Bain et al., 2020b)
and TVQA (Lei et al., 2019)).

3 https://github.com/Breakthrough/PySceneDetect
4 https://github.com/serengil/deepface

5 Experiments

In this section, we introduce several experiments performed
on the novel SF20K dataset. Section 5.1 examines data
leakage in movie datasets. Section 5.3 benchmarks models
on SF20K-Test. Section 5.4 analyzes model’s performance
across inputmodalities, number of frames, and temporalwin-
dow. Section 5.5 analyzes the impact of instruction tuning on
model’s performance.

5.1 Data Leakage

Modern LLMs, pre-trained on vast internet data, risk being
exposed during pretraining to information about movies,
such as synopses, reviews, scripts, and subtitles. This expo-
sure may result in models recalling answers directly without
analyzing the video content, thereby inflating benchmark
scores through a phenomenon known as data leakage. In this
section, we quantitatively assess the extent of this bias by
prompting LLMs to answer questions using only the movie
title, evaluating the responses via our LLM-QA-Eval metric
(see Section 3.4).We compare the results across two datasets:
MovieQA (Tapaswi et al., 2016), which consists of commer-
cial mainstream movies, and SF20K-Test, which focuses on
amateur short films; and three models: Gemma-3 (Team et
al., 2025), Qwen3 (Yang et al., 2025), and GPT-5 (Openai,
2025). See Appendix C for more details.
Data leakage by LLM knowledge. In Figure 2, we observe
that the MovieQA benchmark suffers from data leakage,
with LLMs reaching up to 79.2% accuracy using only the
movie title as input. In contrast, thanks to the low presence
of amateur films on the internet, SF20K-Test exhibits a max-
imum accuracy of 24.0%, indicating a low leakage issue.
More importantly, the extent of data leakage is proportional
to the knowledge level of the LLM,measured byMMLU-Pro
score (Wang et al., 2024a), indicating that LLMs with more
knowledge exhibit higher levels of memorization, leading to
worse leakage issues. For instance, for MovieQA, the zero-
shot accuracy increases from 10.2% to 79.2% as the LLM’s
knowledge increases. In contrast, SF20K-Test maintains sta-
ble and low accuracies ranging between 9.4% and 24.0%,
regardless of LLM knowledge variations, further indicating
limited knowledge of amateur movies.

To explicitly quantify data leakage, we propose a score
defined as the sensitivity between an LLM’s title-only accu-
racy (where it sees only the movie title and question) and
its general knowledge (measured by MMLU-Pro). Figure 2
displays this score as the linear regression slope (computed
across a wide range of LLMs) for MovieQA (orange) and
SF20K-Test (blue). Figure S2 in Appendix provides results
on more commercial TV serie/movie benchmarks (TVQA,
CinePile, InfiniBench). As reported in Table 3, MovieQA’s
high score of 1.065 indicates that stronger LLMs can leverage
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Table 3 Data leakage score of different movie benchmarks

Benchmark Score (↓)
MovieQA Tapaswi et al. (2016) 1.065

TVQA Lei et al. (2019) 0.550

CinePile Rawal et al. (2024a) 0.370

InfiniBench Ataallah et al. (2025) 0.423

SF20K-Test 0.174

parametric memory to ”know” the answers, whereas SF20K-
Test results in a score of only 0.174, significantly lower than
other movie benchmarks. This confirms that our benchmark,
based on amateur films, presents limited data leakage com-
pared to commercial movies.
Data leakage by movie year. To further verify data leakage,
we hypothesize that the knowledge of LLMs about commer-
cial movies depends on whether the movie release happened
before or after the knowledge cutoff of the LLM (i.e., the
date after which it no longer has access to new informa-
tion from training data). To investigate this, we evaluate the
GPT-4 and GPT-3.5 models on movies with different release
dates. We first select the 50 most popular movies per year
according to IMDb 5 and generate QAs from their IMDb
synopses following the procedure in Section 4.1. We then
evaluate the LLM’s ability to answer questions given only
movie titles. Figure 6 shows that GPT-4 and GPT-3.5 obtain
over 80% accuracy for movies released before 2021; how-
ever, their performance drops notably for movies released
after their respective knowledge cutoff 6. On the contrary,
both LLMs have low accuracy for SF20K-Test short films
regardless of their release dates, further supporting our data
leakage claims.
Anonymization and shuffling. To better understand the
impact of movie titles on LLM performance, we perform
two additional experiments.
(i) Anonymization.We examine the zero-shot performance
of GPT-4 in three settings: (i) providing movie titles, (ii)
removing movie titles, and (iii) removing movie titles with
additional question anonymization. Question anonymiza-
tion means replacing character names in the questions with
generic placeholders, as this may help LLMs to recall spe-
cific movies (e.g., Harry Potter, James Bond). It enables us
to measure relative accuracies, i.e. the performance improve-
ment of an LLM if it can guess the movie. As shown in
Table 4, removing movie titles causes a significant drop in

5 https://www.imdb.com/search/title/?release_date=2024-01-01,
2024-12-31
6 Some recent commercialmovies obtainedhigh accuracydespite being
released after LLMs. We found that most of them were either based on
famous novels or older movies (‘Dune: Part Two’, ‘Wicked’); hence,
they also suffer from data leakage.

performance for MovieQA (-17.4%), with further reduction
after full anonymization (-39.9%). In sharp contrast, the per-
formance on the SF20K-Test remains overall stable. This
indicates that the ability to identify the movie is the main
reason why LLMs perform so well in commercial movies
in our data leakage experiment, while this does not apply to
amateur films.
(ii) Title Perturbation. We examine data leakage in differ-
ent scenario, where movie titles are replaced with random
ones, either from commercial or amateur movies. As shown
in Table 5, to give a commercial movie title as input causes
a substantial drop in accuracy for both datasets, even falling
below the “NoMovie Title” baseline.We argue that commer-
cial titles are known by the LLM and trigger the retrieval of
memorized information. In contrast, providing amateur titles
has a limited effect on performances, likely because the LLM
does not recognize these titles.

These experiments show that (i) evaluating new methods
on commercial movies can be misleading, and (ii) SF20K-
Test provides amore reliable benchmark for story-level video
understanding.

5.2 Metric validation

To validate the effectiveness of the LLM-QA-Eval metric,
we conduct a pairwise human validation study. We present
annotators with a question and two candidate responses and
ask them to rank which one is more accurate relative to
the ground truth. We then compute the Kendall τ correla-
tion measure between the annotators’ judgments and several
metric’ results. Annotators evaluate the same N = 128 set
of response pairs. This multi-annotator approach allows us
to measure inter-annotator agreement, which attains 0.880
(Krippendorff’s α).

The experimental results demonstrate that LLM-QA-Eval
significantly outperforms traditional evaluation methods in
mimicking human judgment. As shown in Table 6, standard
metrics like CIDEr and BLEU-1 align with human rankings
only approximately 50% of the time, a modest improvement
over the 33% accuracy expected from random guessing. In
contrast, our LLM-based metric achieves a much high agree-
ment rate of 76.6%. Furthermore,with aKendall’s τ of 0.705,
the data confirms that LLM-QA-Eval serves as a far more
reliable proxy for human judgment for open-ended video
question answering within the story-understanding domain.

5.3 Benchmarking SF20K-Test

In this section, we present a comprehensive evaluation of
human and model performance on the SF20K-Test bench-
mark. Unlike previous movie benchmarks that rely on
trimmed clips or synthetic questions, SF20K-Test requires

123
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(a) GPT-3.5 (b) GPT-4

Fig. 6 Data leakage by year. Title-only accuracy of GPT-3.5 andGPT-4
on MovieQA (orange) and SF20K-Test (blue). The vertical lines mark
the LLMs’ knowledge cutoffs. The gap between pre- and post-cutoff

performance on MovieQA indicates heavy data leakage. In contrast,
SF20K (amateur) accuracy remains consistently low and stable across
all years, demonstrating a lack of LLM pre-training exposure

Table 4 Impact of
anonymization on data leakage.
For MovieQA, the ability to
identify the movie is crucial for
the LLM to get a high accuracy

Anonymization Description MovieQA +Δ SF20K-test +Δ

No - 71.3 18.3

Partial Title Removed 53.9 -17.4 17.1 -1.2

Full Title Removed & 31.4 -39.9 15.9 -2.4

Names Anonymized

Table 5 Impact of movie title perturbations on data leakage. Pro-
viding known commercial movie titles misleads the LLM, resulting in a
significant accuracy drop on both datasets. In contrast, random amateur
titles have minimal impact.

Input Scenario Commercial Amateur
(MovieQA) (SF20K-Test)

Correct Title 57.0 18.3

Random Commercial Title 20.3 8.5

Random Amateur Title 32.0 16.7

No Movie Title 36.3 17.1

Table 6 Correlation of metrics with human judgments (N = 128). All
Kendall τ correlations are significant at p < 0.05

Metric % Agree Kendall τ
[0, 100] [−1, 1]

Random 33.3 0.000

BLEU 45.3 0.313

CIDEr 50.0 0.353

ROUGE 51.6 0.372

BERTScore 51.6 0.445

LLM-QA-Eval 76.6 0.705

reasoning over full-length narratives (avg. 12.7 min) and
complex character arcs.
Human performance. Section 3.2 details the human study.
As reported inTable 7, human annotators achieve an accuracy
of 91.7%,which demonstrates that questions arewell-formed
and answerable, and sets an upper bound for models to reach.

A score below 100% can be attributed to three main sources
of error: (1) human mistakes, (2) subjective answer, and (3)
inaccuracies in the metric computation.
Baseline performance. We evaluate recent open-source
and commercial vision-language models on SF20K-Test. In
particular, we benchmark 13 open-source models: Video-
LLaVA (Lin et al., 2024a), Llava-OneVision (Li et al.,
2024b), Llama-3.2-Vision (Meta, 2022), Pixtral (AI, 2024a),
Long-LLaVA (Wang et al., 2025), LongVA (Zhang et al.,
2024b), LongVU (Shen et al., 2025), LLoVi (Zhang et
al., 2024a), InternVL3.5 (Wang et al., 2025b), LLaVA-
Video (Zhang et al., 2025), LVAgent (Chen et al., 2025),
Qwen2.5-VL (Bai et al., 2025b), and Qwen3-VL (Bai et al.,
2025a); and 2 commercial models: GPT-5 (Openai, 2025),
and Gemini-2.5 (Google, 2025). See Appendix E for more
details on prompts and metrics. Models are tested in a zero-
shot video question-answering setting, adapted for long-form
video understanding by incorporating subtitles and sampling
the maximum number of frames depending on the model’s
capacity. For open-source models, we sample between 8 (for
oldermodels) and 256 frames (formost recent ones). For pro-
prietary models, we maximize the number of frames within
API limits (i.e., 1 FPS for Gemini-2.5-Pro and 500 frames for
GPT-5). We evaluate performance using the LLM-QA-Eval
metric (see Section 3.4), which uses an LLM-as-a-judge to
determine the semantic similarity betweenmodel predictions
and humanground-truths. Thefinal score is the accuracy (i.e.,
percentage of correct answers).

As shown in Table 7, the SF20K-Test benchmark proves
highly challenging for current models. Gemini-2.5-Pro leads
the benchmark with an accuracy of 59.3%, while the best-
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Table 7 Zero-shot performance on SF20K-Test

Model #Frames Accuracy

Random - 0.4

Question-only - 14.7

Open-source models

Video-LLaVA-7B Lin et al. (2024b) 8 3.5

Llava-OneVision-0.5B Li et al. (2024a) 8 19.5

Llava-OneVision-7B Li et al. (2024a) 8 29.0

LLoVi Zhang et al. (2024a) 256 26.1

Long-Llava-7B Wang et al. (2025) 8 29.5

Llama-3.2-Vision-11B AI (2024b) 8 31.0

InternVL3.5-8B Wang et al. (2025b) 32 31.0

InternVL3.5-14B Wang et al. (2025b) 32 35.2

LongVA-7B Zhang et al. (2024c) 256 31.1

Qwen2.5-VL-3B Bai et al. (2025b) 32 31.7

Pixtral-12B AI (2024a) 8 33.0

LLaVA-Video-7B Zhang et al. (2025) 32 37.0

LVAgent Chen et al. (2025) 32 37.9

LongVU-7B Shen et al. (2025) 256 39.9

Qwen3-VL-8B Bai et al. (2025a) 256 50.1

Qwen3-VL-32B Bai et al. (2025a) 256 53.9

Proprietary models

GPT-5-nano Openai (2025) 500 41.0

GPT-5-mini Openai (2025) 500 52.2

GPT-5 Openai (2025) 500 56.2

Gemini-2.5-Pro Google (2025) 1 FPS 59.3

Human - 91.7*

∗ human performance is assessed on 47.3% of the test set

performing open-source model, Qwen3-VL-32B, reaches
53.9%. These results highlight a significant gap (over 32
points) compared to human performance, suggesting that
even state-of-the-art models struggle with long-form story
understanding.
Failure case analysis. We provide an analysis of failure
cases to better understand the limitations of recent models
in story-level video question answering. We identify three
core challenges: (i) Character identification: The ability to
identify the main characters, assign names, and recognize
them in subsequent scenes; (ii) Long-range causal reason-
ing: The ability to connect distant scenes to keep track of the
overall story; (iii) Visual story understanding: The ability to
perceive key visual elements that are required to understand
the story. We illustrate each one of these failure cases with
qualitative examples in Figure S4.

5.4 Ablations

Input modality. In Figure 7, we evaluate model perfor-
mance with different input modalities: Vision using video

Fig. 7 Accuracy vs. InputModality ofGPT-5 variants on SF20K-Test

Fig. 8 Accuracy vs. Number of Frames of GPT-5 and Qwen3-VL-8B
on SF20K-Test

frames, Language with text subtitles, and Vision + Lan-
guage combining both modalities. Multimodal performance
consistently surpasses unimodal performances, indicating
that recent models successfully integrate diverse signals to
improve narrative understanding. Specifically, for GPT-5,
accuracy increases from 28.6% in the Vision setting and
37.7% in the Language setting to 56.2% when both modal-
ities are provided. While the multimodal setting yields the
highest results, Language remains the dominant modality, as
evidenced by higher accuracy inLanguage settings compared
to Vision settings for most variants. However, while subtitles
provide a strong signal, visual context is essential and com-
plementary for resolving the complex story-level dynamics
inherent in SF20K-Test.
Number of frames. In Figure 8, we explore model perfor-
mance with respect to the number of input frames using
GPT-5 and Qwen3-VL-8B. Accuracy consistently improves
for both models as the number of frames increases, high-
lighting the importance of temporal resolution for story-level
understanding. Notably, while many existing video bench-
marks exhibit a "single-frame bias", where a single image
provides enough context to answer the majority of questions,
SF20K-Test requires significantly more temporal density to
resolve complexnarrative arcs. For instance,GPT-5 improves
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Fig. 9 Temporal window study.We report the accuracy of Qwen3-VL
across different temporal windows (shot, scene, movie) andmodel sizes
(2B, 4B, 8B) on SF20K-Test

from 39.6% with a single frame to a peak of 58.6% at
128 frames, significantly outperforming its "No frames"
(Language-only) baseline of 37.7%.
Temporal window study. To confirm that our tasks require
long-form video understanding, we conduct a temporal win-
dow study by performing inference at three levels: shot-,
scene-, and movie-level. Shots, defined as continuous video
clips, last 5.52 seconds on average. At the Shot-Level, the
model uses data from one shot, including partial subtitles and
video frames. Predictions are aggregated by using an LLM
picker, which selects the most probable answer out of the
local predictions given the question as context. Scene-Level
inference aggregates data from 10 shots, in a similar manner.
Movie-Level inference uses the entire film’s data. This study
is conducted on SF20K-Test with Qwen3-VL using three
model sizes: 2B, 4B, and 8B. More details in Appendix F.

Our results, depicted in Figure 9, reveal that all model
sizes show substantial improvements with larger temporal
windows. For instance, Qwen3-VL-8B’s accuracy increases
from 22.3% at the shot-level to 25.1% at the scene-level
(+2.8%), to 49.5% at the movie-level (+27.2%). In con-
clusion, larger temporal windows substantially enhance the
performance on SF20K-Test. This underscores the long-term
nature of our proposed story-level video understanding task.

5.5 Instruction tuning

In this experiment, we fine-tune Qwen2.5-VL-3B (Bai et
al., 2025b) on SF20K (Section 4.1). The inputs include
the question, the video frames, and the subtitles extracted
from the video. We use next-token prediction to generate
responses. Fine-tuning is performed over 105 samples from
19,676 movies for 1 epoch, with a learning rate of 1.0e-5,
375 warmup steps, a batch size 8, and gradient normaliza-
tion of 1.0. We only fine-tune the LLM using LoRA (1.28%
of the parameters), while keeping the vision encoder and the
projection layer frozen. Samples are randomly presented as
open-ended questions.

Table 8 Performance improvement after fine-tuning Qwen2.5-VL-3B
on SF20K. Performance is evaluated on SF20K-Test

Model #Frames Fine-tuned Accuracy +Δ

Qwen2.5-VL-3B 32 ✗ 31.7

Qwen2.5-VL-3B 32 ✓ 35.6 +3.9

Fig. 10 Effect of the training set size on the fine-tuning of Qwen2.5-
VL-3B on SF20K

Instruction tuningperformance.Table 8 reports the results,
showing that instruction tuning enhances performance on
SF20K-Test compared to the pretrained model. With 32
frames as input, Qwen2.5-VL-3B increases from 31.7% to
35.6% accuracy (+3.9%).
Effect of the training size. Figure 10 shows the performance
of Qwen2.5-VL-3B (Bai et al., 2025b) when instruction-
tuned for open-ended question answering on SF20K, with
varying numbers of training samples. We subsample the full
dataset at incremental values. Results indicate a logarithmic
improvement in accuracy as the training set size increases.
Results are displayed in logarithmic scale. These findings
highlight the scalability benefits of instruction tuning on
SF20K.

6 Discussion

We introduced Short-Films 20K (SF20K), a long-form video
understanding dataset featuring 20,143 amateur movies. It
includes open-ended questions, automatically generated by
LLMs and, in the test set, manually created by human anno-
tators. Compared to other video datasets, SF20K stands out
by offering richer, story-oriented content with tasks specifi-
cally tailored for long-term reasoning, as validated by our
experiments. Unlike other movie datasets that use copy-
righted commercialmovies prone to data leakagewithLLMs,
SF20K relies on amateur films, which are publicly accessible
and have limited online presence. Our analysis indicates that
state-of-the-art multimodalmethods fall behind human accu-
racy, implying room for improvement and the need for further
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advancement of vision-language models. Finally, we show
that instruction-tuningVLMs on SF20K-Train improves per-
formance. In conclusion, we believe that SF20K paves the
way for accessible and comprehensive movie understanding
that is not known a priori by LLMs, thus helping the com-
munity to develop robust methods.
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tary material available at https://doi.org/10.1007/s11263-026-02940-
x.
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