
Proceedings of the Fifteenth Language Resources and Evaluation Conference (LREC 2026), pages 9291–9300
11–16 May 2026. ©ELRA Language Resources Association (ELRA), 2026

9291

Can Video LLMs See Through Illusions?
Video-Illusion QA Benchmark Dataset

Souto Ohira, Tosho Hirasawa, Mamoru Komachi
Hitotsubashi University

souto@scl.sds.hit-u.ac.jp, tosho@scl.sds.hit-u.ac.jp, mamoru.komachi@r.hit-u.ac.jp

Abstract
Recent advances in multimodal learning have sparked growing interest in understanding how large vision-language
models interpret optical illusions. While the behavior of image LLMs—which handle one image and text but not
video input—on visual illusion images has been actively explored, research on their video counterparts remains
limited. Video LLMs, which process sequential frames, are gaining prominence in areas such as robotics and
autonomous driving. Understanding how they handle visual illusions over time is crucial for safety and may also
reveal their potential as computational models of human cognition. To address this gap, we present the Video-Illusion
QA Benchmark (VILQA), a novel video question answering (QA) benchmark mainly composed of carefully curated
illusion videos that exhibit temporally driven perceptual phenomena. To the best of our knowledge, VILQA is the
largest and most comprehensive benchmark for temporally-driven visual illusions. We evaluate several video LLMs
on this benchmark from multiple perspectives. Some models were able to perceive visual illusions in a way similar to
the general human experience and demonstrated an ability to resist illusions even more effectively than humans. The
constructed dataset is available at https://github.com/SDS-NLP/VILQA.
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Figure 1: VILQA example illustrating an illusion-
based question where prolonged viewing of motion
induces a perceived motion in the opposite direc-
tion after the stimulus stops, highlighting the gap
between illusion- and reality-based reasoning.2

1. Introduction

Visual illusion is a phenomenon in which there is a
discrepancy between the physical properties of a
stimulus and the perception it evokes (Todorović,
2020). This discrepancy provides valuable insights
into how the brain interprets visual information. In
this context, illusions help researchers understand
human visual information processing by disentan-
gling basic sensory input from higher-level cognitive

2All illusion figures used in this study were sourced
from the Illusion Forum (https://illusion-forum.
ilab.ntt.co.jp/)

interpretation (Day, 1984). In particular, numerous
visual illusions have been reported in static images,
arising from visual attributes such as brightness,
color, shape, and depth. A well-known example is
the Müller-Lyer illusion, in which adding arrowheads
to the ends of a line segment alters the perceived
length of the segment.

In contrast, videos involve visual information that
changes over time, which can give rise to dynamic
illusions that depend on temporal changes that can-
not be reproduced with static images. One exam-
ple of such a video-specific illusion is the motion
aftereffect (Figure 1). In this illusion, prolonged
observation of motion in a single direction leads to
neural adaptation, whereby neurons tuned to that
direction gradually reduce their activity. When the
motion ceases, neurons responsive to the opposite
direction become relatively more active, resulting
in the illusion of motion in the opposite direction
(Mather et al., 1998). It represents a perceptual
phenomenon fundamentally different from static im-
age illusions, in that temporal change is essential
to its emergence.

Visual illusions, which reflect perceptual mis-
matches with physical reality, are a hallmark of
biological perception and serve as valuable probes
for comparing human cognition with that of compu-
tational models. If video LLMs, which process both
visual and linguistic input, exhibit similar perceptual
tendencies, such behavior may provide supporting
evidence for their potential as computational mod-
els of human cognition. Moreover, prior works show
that PredNet trained on first-person videos can
replicate motion illusions (Watanabe et al., 2018;

https://github.com/SDS-NLP/VILQA
https://illusion-forum.ilab.ntt.co.jp/
https://illusion-forum.ilab.ntt.co.jp/
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Kobayashi et al., 2022). Examining their internal
dynamics and behavioral patterns could yield in-
sights into the underlying mechanisms of human
perception and cognition.

However, despite the growing interest in video
LLMs, no illusion video QA dataset has been de-
veloped to facilitate their analysis, and progress in
this area remains limited. Based on the above, we
propose the Video-Illusion QA Benchmark (VILQA),
which encompasses not only illusion videos that
induce perceptual mismatches with physical reality,
but also videos that contain anomalous phenomena
without any perceptual mismatch. Using the mis-
match videos, we investigate whether video LLMs
can accurately perceive physical reality without be-
ing misled by illusions—an essential capability for
safety–critical applications such as robotics and
autonomous driving—and whether they can rec-
ognize illusions in a human-like manner, providing
insights into the alignment between human and
model visual processing. Furthermore, by using
the anomaly videos, we explore how closely the
model’s sense aligns with that of humans from the
perspective of surprise. VILQA is a novel QA bench-
mark, illustrated in Figure 1, primarily composed
of carefully curated illusion videos that exhibit tem-
porally driven perceptual phenomena. It covers
a wide range of visual illusion videos and, to the
best of our knowledge, is the first QA benchmark
to include such a diverse set of illusion videos.

Using VILQA, we conduct a comprehensive anal-
ysis of several video LLMs, including a fine-tuned
model trained on first-person video datasets, to
evaluate (1) their ability to perceive illusions in a
human-like manner, (2) their capacity to resist illu-
sions and accurately recognize the physical world,
and (3) the extent to which their perceptual sense
aligns with that of humans.

The main contributions of this study are:

1. We introduce the Video-Illusion QA Bench-
mark (VILQA), a novel VQA dataset primarily
composed of systematically curated illusion
videos that exhibit temporally driven percep-
tual phenomena.

2. We perform a detailed analysis of the behavior
of existing video LLMs when exposed to illu-
sion videos and compare their responses with
those of humans.

3. We investigate whether fine-tuning video LLMs
on first-person perspective videos, which re-
flect what humans observe in their daily lives,
enhances their ability to perceive illusions. We
show that such fine-tuning can partially align
model behavior with human illusion-related re-
sponses.

2. Related Works

2.1. Visual Illusions and Image LLMs
In recent years, research on the effects of visual
illusions on deep learning models has become in-
creasingly active. Previous studies have reported
that models such as Convolutional Neural Networks
(CNNs), which are capable of recognizing visual
patterns, exhibit illusion-like responses similar to
those of humans when exposed to various types
of visual illusions, including motion illusions, bright-
ness and color illusions, and completion phenom-
ena (Watanabe et al., 2018; Kobayashi et al., 2022;
Sun and Dekel, 2021; Gómez-Villa et al., 2019;
Gomez-Villa et al., 2020).

Building on these findings, recent studies have
rapidly advanced in evaluating the impact of illusion
images on image LLMs. QA (Question Answering)
benchmarks that cover multiple categories of visual
illusions have been developed, enabling detailed
analyses of how the state-of-the-art image LLMs
respond to illusion stimuli. Several studies have
claimed that certain image LLMs can be deceived
by visual illusions in a human-like manner under
certain conditions (Guan et al., 2024; Rostamkhani
et al., 2025; Shahgir et al., 2024).

2.2. Video LLMs
Spurred by the rapid advancement of image LLMs,
research on video LLMs has also progressed
rapidly (Maaz et al., 2024; Zhang et al., 2025; Wang
et al., 2024). Video LLMs integrate video and natu-
ral language. By leveraging temporal context that
static images cannot capture, they enable the pro-
cessing of more complex information and open
the door to more advanced applications, such as
robotics and autonomous driving.

However, several challenges remain to be ad-
dressed for real-world deployment. For example,
in the context of autonomous driving, numerous
visual illusions are known to occur on the road,
some of which have been identified as contributing
factors in fatal accidents (Ekroll et al., 2021; Clark
et al., 2013; Dong et al., 2021; Redelmeier and
Raza, 2018). Accordingly, video LLMs deployed in
such scenarios may encounter unexpected visual
illusions. Given that existing deep neural networks
(DNNs) have been shown to be vulnerable to such
illusions, it is essential to verify that video LLMs
exhibit strong robustness against these perceptual
challenges.

Furthermore, from the perspective of the type of
information being processed, video LLMs can be re-
garded as handling information structures that are
more similar to those used by humans than image
LLMs. This is because human visual perception
is not based on single static images, but rather
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Illusory contours Motion-induced blind-
ness

Dynamic luminance Motion contrast
Color afterimage Motion assimilation
Scene afterimage Apparent motion (sub-

jective square)
Troxler fading Position shift (moving

pattern)
Blur adaptation Cycloid illusion
Reverse perspective Visual jitter
Motion aftereffect Deformation lamps
Lilac chaser Hybrid image
MacKay rays Drop-shadow illusion
Illusory motion (static
pattern)

Shading illusion

Enigma illusion Crater illusion
Pinna illusion Hollow-mask illusion
Breathing square

Table 1: VILQA includes 27 types of illusion videos
sourced from the Illusion Forum.

on continuous streams of visual input over time,
combined with linguistic information and other con-
textual cues. Consequently, video LLMs are not
merely tools for extending practical applications;
they also hold significant potential as computational
models of human cognition.

2.3. Alignment of Video LLMs with
Human Perception

Previous studies have reported that models trained
on natural images tend to exhibit human-like mis-
perceptions in response to visual illusions, whereas
models trained on synthetic images, random pat-
terns, or those that remain untrained show little
to no susceptibility to such illusions (Kim et al.,
2021). From the perspective of video data, first-
person perspective videos, which are captured from
a human’s point of view, are considered to better
capture human daily experiences and subjective
perceptions, as opposed to third-person videos.
In line with this, prior studies have demonstrated
that training temporal prediction models such as
PredNet on first-person perspective videos induces
illusion-like responses similar to those observed in
humans (Watanabe et al., 2018; Kobayashi et al.,
2022).

Based on these, we hypothesize that fine-tuning
a video LLM on first-person natural videos that
closely mirror everyday human experience induces
human-like perceptual traits and strong illusion
recognition. We test this by fine-tuning on a first-
person QA dataset and comparing model perfor-
mance before and after.

3. Benchmark Dataset

3.1. Video Collection
Our primary selection criteria focused on videos
that exhibit a discrepancy between physical proper-
ties and perceptual appearances, as well as those
that present anomalous, unexpected or rare phe-
nomena. These videos were curated to cover a
wide range of illusion types and temporal dynamics,
ensuring the benchmark captures diverse percep-
tual phenomena.

In this study, we adopted web-sourced videos
rather than synthetic ones in order to collect a di-
verse range of illusions and investigate what types
of videos tend to mislead perception, while also
better reflecting real-world applications. To col-
lect a wide range of illusion videos involving tem-
poral change, we first searched YouTube using
both English and Japanese queries, such as “illu-
sion,” “visual illusion,” and “trick art,” along with their
Japanese equivalents. In addition, we included
videos from two major channels known for high-
quality illusion content: @brusspup3 and @TheIl-
lusionContest4. As YouTube videos often in-
clude extraneous content such as subtitles or ver-
bal explanations of the illusion, we applied temporal
cropping based on timestamps and spatial crop-
ping using predefined coordinates and dimensions.
Furthermore, to comprehensively cover temporally
dependent illusions that only arise in video, we in-
cluded 27 illusion types published on the Illusion
Forum in our dataset, as summarized in Table 1.

As a result, we collected a total of 275 illusion
videos. The statistics are shown in Table 2. This
scale surpasses or is at least comparable to exist-
ing illusion image datasets including those with 100
images from 16 root stimuli and 374 images (Zhang
et al., 2023; Shahgir et al., 2024).

3.2. QA Annotation
This QA task is designed to evaluate whether video
LLMs demonstrate (1) illusion recognition, i.e., the
ability to recognize visual illusions in a human-
like manner; (2) illusion robustness, i.e., correctly
perceiving illusions without being misled; and (3)
anomaly sensitivity, i.e., the capacity to react to
unexpected or unusual events in a manner similar
to human observers.

To assess (1) and (2), we annotated QA pairs for
videos that exhibit a discrepancy between physical
properties and perceptual appearances (the “Dis-
crepancy” category), as illustrated in Figure 1. For
(3), we targeted videos that do not involve such a

3https://www.youtube.com/@brusspup
4https://www.youtube.com/

@TheIllusionContest

https://www.youtube.com/@brusspup
https://www.youtube.com/@TheIllusionContest
https://www.youtube.com/@TheIllusionContest
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Source # video Discrepancy Anomaly
YouTube (En) 172 99 73
YouTube (Ja) 59 40 19
Illusion Forum 44 38 6
Total 275 177 98

Table 2: Statistics of video data sources.

Figure 2: Distributions of option lengths and video
durations in the VILQA dataset.

discrepancy, but instead present events that are
rare, unexpected, or uncomfortable, an event likely
to surprise a human observer (the “Anomaly” cate-
gory).

To ensure diversity in questions and correspond-
ing answer choices, we hired 31 native English-
speaking annotators using Prolific. For each video,
annotators first determined whether it belonged to
the “Discrepancy” or “Anomaly” category. Based
on this classification, they then followed one of two
distinct annotation procedures: Discrepancy An-
notation or Anomaly Annotation, each based on
the category they judged by themselves. Finally,
we manually reviewed the dataset for quality and
rewrote if necessary.

3.2.1. Discrepancy Annotation

If the video was categorized as “Discrepancy,” they
were asked to create one question related to the illu-
sion presented in the video, along with the following
four answer choices:

1. (I1) Illusion-based perception: The percep-
tual interpretation typically experienced by
most people under the illusion.

2. (I2) Reality-based perception: The percep-
tual interpretation when the illusion does not
influence perception.

3. (I3) Distractor 1: A plausible but incorrect
interpretation.

4. (I3′) Distractor 2: Another plausible but incor-
rect interpretation.

Question Option
Discrepancy 22.6% 59.9%
Anomaly 72.4% 78.6%
Total 40.4% 66.5%

Table 3: Percentage of VILQA questions and op-
tions undergoing major semantic revisions during
manual review.

3.2.2. Anomaly Annotation

If the annotators categorize the video as belong-
ing to the “Anomaly” category, the question was
standardized as follows: “What is unusual about
this video from the perspective of an optical illu-
sion?” The annotators were then asked to provide
a correct perceptual interpretation that describes
the observed anomaly in general, along with three
plausible but incorrect alternatives.

3.2.3. Quality Control

Every QA pair was manually reviewed by the first
author after annotation. If any item did not conform
to the annotation guidelines, or if issues such as ex-
cessively long answer choices or typographical er-
rors were observed, the authors made corrections
accordingly. In particular, illusion-based answer
choices were revised, mainly following the explana-
tions on the original video source sites, when they
conflicted with typical human perception.

These modifications were carried out with careful
consideration to preserve the overall diversity of the
QA content.

As shown in Table 3, a substantial portion of the
275 QA items underwent major semantic revisions
to ensure dataset quality. The table reports the
proportion of items where at least one of the four
answer choices was significantly modified, as well
as those where the question itself required substan-
tial changes. The values in Table 3 may appear
large at first glance, as they also include category
changes. For example, 63 items initially labeled
as “Discrepancy” were reclassified as “Anomaly”
after strict revision. Individual differences in sus-
ceptibility to visual illusions are likely a contributing
factor (Schwarzkopf et al., 2011; Cretenoud et al.,
2021).

Figure 2 summarizes the distributions of option
lengths and video durations of the final dataset.

3.3. Benchmark Usage (“Discrepancy”
Category)

As Shinozaki et al. (2025) pointed out, conventional
analyses leave certain ambiguities unresolved. In
particular, the answering policy is often unspeci-
fied, making it unclear whether responses should
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Figure 3: Overview of prompt-guided and uninformed perception evaluations in the VILQA “Discrepancy”
category.

Prompt Type (Evaluation Objective) Prompt Template
P1 (Illusion recognition) {Question} Answer based on the illusion.
P2 (Illusion robustness) {Question} Answer without being deceived by the illusion.
P3 (llusion perception or Veridical perception) {Question}

Table 4: Prompt types and templates used for evaluating the “Discrepancy” category in VILQA.

be grounded in visual illusions or in physical real-
ity. Such ambiguity compromises the consistency
and interpretability of model evaluations. They at-
tempted to address this issue by introducing two
distinct prompts, employing terms such as “actual”
and “apparent.” However, these terms alone do
not fully resolve the ambiguity regarding whether
answers should be based on perceptual illusions
or objective physical properties.

To resolve this issue, we introduce three types of
simple instruction prompts that explicitly specify the
intended answering policy and eliminate ambiguity.
The following prompts are attached to the actual
questions and used during evaluation, as shown in
the red text in Figure 1, Table 4 and Figure 3.

• (P1) Answer based on the illusion: As-
sesses whether the model exhibits illusion-
based perception similar to that of humans,
providing insight into the alignment of the
model’s perceptual tendencies with human
cognition.

• (P2) Answer without being deceived by the
illusion: Evaluates the model’s ability to accu-
rately perceive reality, which is critical for real-
world applications where avoiding misrecogni-
tion is essential.

• (P3) No instruction: Observes the model’s
natural response tendencies in ambiguous or
unconstrained scenarios, offering a baseline
for understanding its inherent behavior when
confronted with illusions.

These prompts establish a clear framework that
removes ambiguity and enables precise, multi-
perspective analysis of model perception.

3.4. Contamination Filtering
Given web-scale training of video LLMs, VILQA
may include contamination. Following (Shahgir
et al., 2024), we pseudo-classified videos with Gem-
ini 2.5 Pro (prompt: “Please describe this video.”)
and flagged those with detailed, accurate identifi-
cations.

As a result, out of 275 illusion videos, 161 were
judged to be free from the risk of contamination.
We release all 275 videos and the corresponding
QA pairs; however, the following main accuracy
result is reported on this filtered subset (On the full
dataset, we observed increases in prompt-guided
and anomaly accuracy across models).

4. Experimental Settings

4.1. Evaluation Prompt Strategy
As explained in the previous section and summa-
rized in Table 4, we evaluate video LLMs using
three distinct instruction prompt strategies. The
metrics are defined as follows:

4.1.1. Prompt-guided Evaluation

For this evaluation, we use only videos from the
“Discrepancy” category of VILQA.
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• Illusion recognition: This is the accuracy rate
when the prompt (P1: “Answer based on the
illusion”) is given. It is the percentage of re-
sponses interpreted as I1: “The perceptual
interpretation typically experienced by most
people under the illusion.”

• Illusion robustness: This is the accuracy rate
when the prompt (P2: “Answer without be-
ing deceived by the illusion”) is given. It is
the percentage of responses interpreted as I2:
“The perceptual interpretation when the illusion
does not influence perception.”

4.1.2. Uninformed Perception Evaluation

For this evaluation, we also use only videos from
the “Discrepancy” category of VILQA, testing the
baseline condition without any additional prompt
(P3).

• Illusion perception: The percentage of re-
sponses interpreted as I1: “Perceptual inter-
pretation influenced by the illusion.”

• Veridical perception: The percentage of re-
sponses interpreted as I2: “Perceptual inter-
pretation not influenced by the illusion.”

4.1.3. Anomaly Evaluation

For this evaluation, we use only videos from the
“Anomaly” category of VILQA. Unlike the “Discrep-
ancy” category, we directly use a fixed question—
“What is unusual about this video from the perspec-
tive of an optical illusion?”—without providing any
additional instruction prompts.

• Anomaly detection accuracy: This refers to
the accuracy rate determined by selecting the
correct answer (the anomalous, rare or surpris-
ing event shown in the video) along with three
plausible but incorrect alternatives.

4.2. Human Performance Evaluation
We recruited nine independent annotators (not in-
volved in the original QA) and collected three re-
sponses per item on a random sample of 100
VILQA instances (66 “Discrepancy”, 34 “Anomaly”).
For each question, the human label was the major-
ity vote of the three.

4.3. Models

4.3.1. Video LLMs

In this study, we evaluated a total of eight video
LLMs, including LLaVA-Video-Qwen2 (Zhang et al.,
2025), Qwen2.5-VL-Instruct (Bai et al., 2025),

Figure 4: The number of annotators selecting each
option under three instruction prompt settings (“Dis-
crepancy”).

Video-R1 (Feng et al., 2025), and Gemini 2.5 Pro
(Google, 2025), among others.

Video-R1 is a variant of Qwen2.5-VL-Instruct fine-
tuned using a reinforcement learning method called
GRPO, allowing us to compare how additional train-
ing influence the perception. For inference, we
adopted the official default generation parameters
for each model.

4.3.2. Fine-tuning

For first-person perspective fine-tuning, we used
23,734 QA pairs from the EgoTaskQA5 training set.
Because Ego4D is widely used, we opted for Ego-
TaskQA from LEMMA, which broadly covers every-
day human tasks and supports activity grounding.

We fine-tuned only the ViT and MLP components,
which are primarily responsible for the visual pro-
cessing in the video LLMs. To reduce the risk of
overfitting, we fine-tuned each model for a single
epoch. Qwen was trained with a batch size of 126,
whereas LLaVA was trained with a batch size of
14.

5. Results and Discussion

5.1. Human performance
Figure 4 shows that, under the “Illusion recogni-
tion” condition (P1), a larger proportion of partic-
ipants selected incorrect options I3. Although I2
selections decreased slightly relative to the other

5Because answers in EgoTaskQA are often short
phrases rather than complete sentences, we used GPT-
4.1 to convert them into natural sentences based on the
corresponding questions and original answers.



9297

Prompt-guided accuracy Uninformed perception Anomaly
Model Recognition Robustness Illusion Veridical Accuracy
Open Model
LLaVA-Video-Qwen2-7B 0.328 0.647 0.277 0.529 0.548
LLaVA-Video-Qwen2-72B 0.555 0.605 0.412 0.454 0.643
Qwen2.5-VL-Instruct-7B 0.370 0.655 0.345 0.479 0.476
Qwen2.5-VL-Instruct-32B 0.420 0.840 0.336 0.504 0.595
Video-R1-7B 0.387 0.664 0.269 0.563 0.571
InternVL3-8B 0.403 0.597 0.328 0.437 0.429
InternVL3-14B 0.471 0.580 0.345 0.529 0.667
VideoLLaMA3-7B 0.370 0.555 0.319 0.496 0.524
GLM-4.1V-9B 0.420 0.437 0.370 0.429 0.476
First-person Perspective FT Model
LLaVA-Video-Qwen2-7B (+ft) 0.395 0.622 0.303 0.496 0.524
Qwen2.5-VL-Instruct-7B (+ft) 0.387 0.605 0.378 0.462 0.476
Proprietary Model
Gemini 2.5 Pro 0.597 0.781 0.454 0.412 0.690
Gemini 2.5 Flash 0.571 0.739 0.437 0.311 0.619
Human (Subset) 0.406 0.516 0.438 0.453 0.889

Table 5: Illusion recognition, illusion resistance and anomaly sensitivity performance of video LLMs and
humans on the filtered VILQA.
Recognition: accuracy on “Discrepancy” with P1 (selecting I1); Robustness: accuracy on “Discrepancy” with P2
(selecting I2); Illusion/Veridical: percentage of responses interpreted as I1/I2 under P3 (no instruction); Anomaly
Accuracy: accuracy on the “Anomaly” category.

prompt conditions, which suggests that the instruc-
tion had some effect, the effect appears limited and
item-dependent, pointing to challenges in prompt
comprehension, thereby hindering task understand-
ing. Moreover, because visual illusions are not per-
ceived uniformly across individuals (Schwarzkopf
et al., 2011; Cretenoud et al., 2021) and only three
participants completed the tasks, sampling variabil-
ity may have amplified individual differences; in par-
ticular, these three may have exhibited lower sensi-
tivity to the relevant illusions. These observations
suggest two complementary remedies: refining the
instruction prompt to reduce misinterpretation and,
in future studies, expanding the participant pool
to mitigate idiosyncratic effects and increase the
proportion of respondents who arrive at the correct
answer.

Under the “Illusion robustness” condition (P2-I2),
at least one participant selected the correct answer
in most cases. This indicates that the task is at
least partially solvable by humans.

In the case of P3, the proportion of participants
who selected I3 was low, and selections were al-
most evenly split between I1 and I2. This suggests
that, when no specific instruction is given, humans
do not consistently rely on either illusion-based or
reality-based judgments.

5.2. Illusion recognition

Table 5 shows that Gemini 2.5 Pro achieved a
relatively high illusion recognition accuracy, sig-
nificantly outperforming random guessing (0.25).
Compared to open models, Gemini 2.5 Pro likely
benefits from substantially larger training data and
model size, which may contribute to its enhanced
performance. Moreover, it also surpassed the av-
erage score of human participants in this setting.
This contrast suggests that the model selects the
most representative illusion-based answers defined
in the benchmark. Since these answers are con-
structed to reflect perceptual interpretations widely
observed in the general population, the model’s
consistent performance could indicate alignment
with a more normative human perception, rather
than with individual variability.

On the other hand, the illusion recognition ac-
curacies of the open models tested in this study
were approximately on par with those of human
participants, but noticeably lower than that of Gem-
ini 2.5 Pro. Increasing the model size tended to
improve performance. However, the comparison
between Qwen2.5-VL-Instruct-7B and Video-R1-7B
suggests that post-hoc reinforcement learning did
not contribute significantly to score improvements.

Both humans and LLaVA are similarly deceived
by certain illusions, such as color aftereffects and
hybrid images. In contrast, some illusions appear
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to affect only humans. For example, the breath-
ing square, the blur aftereffect, the Pinna illusion,
and the lilac chaser. Conversely, illusions that only
the model recognized include motion-induced blind-
ness and the Enigma illusion and etc. The model
tended to recognize illusions in which static im-
ages appear to move more effectively than humans.
Moreover, trick art is often easy to see through
when looked at carefully, which can make humans
confused about what the instruction prompt is ac-
tually trying to convey. As a result, they might miss
the intended message and go with a reality-based
answer instead.

5.3. Illusion robustness

With regard to the illusion robustness accuracy, the
models generally outperformed human participants.
This may be because the task is inherently difficult
for humans who are susceptible to illusions: even
when they are consciously aware of the illusion,
they may not be able to suppress its influence. In
contrast, models may be able to disregard such
perceptual bias more systematically. Therefore,
such settings may be considered closer to general
VQA scenarios for the model.

Model size comparisons show that larger capac-
ity does not necessarily improve illusion robust-
ness. The LLaVA-Video-Qwen2-7B vs. Video-R1-
7B comparison suggests that reinforcement learn-
ing may improve the ability to perceive reality with-
out being misled by illusions.

In particular, the 7B-scale models, such as
LLaVA, tend to perform well when tested on fully
synthetic illusion videos. In contrast, they generally
underperform on illusions that involve real-world
footage. This is likely because real-world illusion
videos feature high contextual variability, dynamic
backgrounds, and multiple interacting objects, all
of which impose a greater cognitive load on the
model than fully synthetic videos. As with general
VQA tasks, this effect is particularly pronounced
in smaller-scale models, which appear to be more
sensitive to such complexity and often show re-
duced robustness in these settings.

5.4. Uninformed perception

Under the “uninformed perception” condition, il-
lusion perception and veridical perception were
nearly evenly distributed, with a slight bias toward
the latter. This observation suggests that, in the
absence of explicit instruction, video LLMs may
produce outputs that reflect either illusion-driven in-
terpretations or objective, reality-based judgments.
Therefore, it is important to be aware that both ten-
dencies can coexist in their behavior during open-
ended interactions.

Figure 5: A example showing that first-person fine-
tuning improves the alignment of the video LLM
with human illusion-based perception in VILQA.

In addition, the performance differences between
illusion perception and the illusion recognition ac-
curacy, as well as between veridical perception and
the illusion robustness accuracy, indicate that the
instructional prompts used in this study were effec-
tive in guiding the models’ behavior.

5.5. Anomaly sensitivity
In the evaluation of the “Anomaly” category, which
captures perceptual violations often linked to emo-
tional salience, the models performed worse than
human participants. However, increasing model
size tended to narrow the gap, with larger models
approaching human-level performance. Although
LLaVA struggled with these cases, humans suc-
cessfully identified the anomalies, including videos
where objects appear to differ in color or size but
are identical, or the well-known dancer illusion that
appears to be rotating in both directions.

5.6. Alignment with human perception
As mentioned earlier, our study primarily focuses
on evaluating existing models. However, motivated
by the future potential of video LLMs as computa-
tional models of human cognition, we additionally
conducted first-person perspective fine-tuning to
promote more human-aligned behavior. In this sub-
section, we report the results.

As shown in Table 5, illusion recognition scores
improved under prompt-guided evaluation, and
both prompt-guided and uninformed perception ac-
curacies shifted toward human performance lev-
els. These results support the hypothesis that first-
person perspective natural videos, which closely
mirror everyday human visual experience, may help
the model acquire human-like perceptual charac-
teristics.

Specific illusions that became recognizable after
fine-tuning include the motion aftereffect, as shown
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in Figure 1, as well as the lilac chaser illusion with
a pale green color, as shown in Figure 5, both of
which are illusions readily perceived by humans.

Overall, these findings suggest that first-person
perspective videos are likely to be critical for devel-
oping video LLMs with more human-like perceptual
capabilities.

6. Conclusion

We constructed a dataset to investigate how video
LLMs perceive visual illusions. Our analysis in-
dicates that some models appeared to recognize
illusions in a human-like manner based on their out-
put, and most models seemed to exhibit human-like
emotional responses. Furthermore, we found that
using instructional prompts enabled certain mod-
els to resist illusions even more effectively than
humans. In addition, our results suggest that fine-
tuning on first-person perspective videos may be
an important ingredient for improving alignment
between the model and human perception in the
context of visual illusions.

7. Limitation

To more conclusively demonstrate the effectiveness
of fine-tuning with first-person perspective videos,
it would be ideal to conduct a comparative study
using third-person perspective videos fine-tuned
on an equivalent task. However, to the best of our
knowledge, there is currently no third-person video
dataset that matches the task setting of EgoTask
closely enough to enable a fair comparison. We
therefore leave this ablation as future work.

Furthermore, regarding the human performance
results in this study, only three participants com-
pleted each prompt condition. This sample size
is insufficient to adequately reduce response vari-
ance. Increasing the number of participants will be
pursued in future work.

For deeper analysis, it will be essential to de-
termine whether models truly experience illusions
by probing their internal representations, including
where and how they allocate attention to visual in-
formation.
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