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Question:
① locate the store with a giant glass cube.
② On the street next to this glass cube, 

there are two food trucks of the same color.
③When passing the food truck closer to 

the glass cube, an SUV of the same color as 
the food truck appears on the right-hand 
side of the road.
④What is the color of the vest of the 
cyclist passing by this SUV at this moment? Average Answering Time

on Video Benchmarks

1. Find the glass cube.

3. Find two yellow food trucks.

5. Find a yellow SUV on the right.

6. Find cyclist: the
color is light green.

2. Next step is to locate the food trucks… at the crossing

4. I need to find out when the
food truck… across the video

Figure 1. Overview of the PerceptionComp benchmark. (a) An example from PerceptionComp, where models are required to perform
complex, perception-centric reasoning with various type of subconditions to arrive at the final answer. (b) Results from a human study
measuring question-answering time, showing that PerceptionComp is more challenging for humans than previous perception and reasoning
video benchmarks, largely due to its emphasis on perception-centric reasoning.

Abstract

Deep video understanding requires models to compose mul-
tiple perception skills: semantic recognition, spatial and
temporal reasoning, cross-time correspondence, and to al-
locate additional inference-time computation when needed.
Yet most existing video benchmarks admit shortcut solutions
after a single viewing, or else emphasize symbolic/logical
difficulty over perceptual complexity, making them ill-suited
to measure multimodal test-time thinking. We introduce Per-
ceptionComp, a perception-centric benchmark that enforces
extended, stepwise inference by (i) composing questions from
multiple perceptual subconditions under conjunctive or se-
quential logic, and (ii) sourcing real videos with high scene
complexity (many objects, substantial motion, frequent tran-
sitions) across diverse domains. Each subcondition is itself a
perceptual subtask, and answers are short, verifiable pieces
of perceptual information (objects, attributes, relations, loca-
tions, events). A human study confirms that PerceptionComp
requires longer reasoning and repeated perceptual checks
to solve. Evaluating state-of-the-art MLLMs shows that
models strong on prior benchmarks perform notably worse:
Gemini-2.5-Pro reaches only 46.2% under a 5-choice setting,

with most models below 40%. Moreover, thinking variants
achieve improved performance compared with non-thinking
ones (e.g., GPT-o3 surpasses GPT-4o by 13 points), indicat-
ing that PerceptionComp is an effective testbed for assessing
test-time scaling for video understanding.

1. Introduction
Videos record human life and the world we live in, and
multi-modal intelligence, whether deployed on robots or AI
glasses, must achieve deep understanding of videos in order
to better serve human needs. For example, given a recorded
clip, the system should be able to state on which floor of a
building a person dropped their keys. Achieving this level
of understanding requires a multi-modal agent to compose
multiple perception skills, so that it can integrate diverse
kinds of perceptual information. To find which floor the keys
were dropped on, the agent must perform spatial reasoning
to understand the building’s interior layout; semantic recog-
nition to identify which object is a key; temporal reasoning
to determine when the keys were dropped; and correspon-
dence to disambiguate among multiple keys shown in the
video which one is the user’s previously held item. Recent



breakthroughs in deep reasoning for largely symbolic tasks
such as mathematics and coding show that the paradigm
of test-time scaling [6, 10, 13, 19], which allocates more
computation at inference time, is a highly promising route
for enabling multi-modal language models (MLLMs) to at-
tain such deep video understanding. In particular, MLLMs
need to learn multi-modal test-time thinking that composes
several perception skills so as to extract the necessary types
of perceptual information from video.

However, existing video benchmarks are still insufficient
for evaluating an MLLM’s multimodal test-time thinking
ability. On the one hand, many commonly used video bench-
marks [3, 7, 12] are relatively simple: as shown in Figure 1,
for humans, questions in these benchmarks can often be
solved very quickly after merely watching the video and
reading the question. This implies there typically exists
a shortcut that does not require additional inference-time
computation, and thus these benchmarks may fail to reveal
differences in multimodal test-time thinking among models.
Even for some long-video understanding benchmarks [35],
success more often hinges on whether the model has suf-
ficient memory, rather than on its ability to perform mul-
timodal test-time thinking after watching the video. On
the other hand, multi-modal tasks that do demand test-time
thinking, such as geometry or maze solving [25, 36], tend
to derive their difficulty primarily from logical reasoning
rather than perception, because their visual inputs are syn-
thetic or drawn from overly simple instructional videos. The
structural complexity of such inputs is far lower than that of
general real-world videos, so these tasks are poor probes of
perceptual competence. As a result, there is a lack of a video
benchmark that can faithfully reflect an MLLM’s capacity
for deep video understanding, as such a benchmark must be
both complex and perception-centric.

To address these gaps, we introduce PerceptionComp, a
highly complex video reasoning benchmark that increases
compositional complexity in order to force models to engage
in extended inference-time reasoning to arrive at correct an-
swers. Specifically, we design questions by combining multi-
ple sub-conditions through two distinct logics—conjunctive
and sequential—and require the model to extract percep-
tual information from the video that satisfies the composed
conditions. This design ensures that the model must reason
step by step during inference to identify answers satisfying
each condition. To guarantee that perception dominates the
reasoning process, each sub-condition is itself formulated
as a perceptual subtask, such that the overall problem can
be viewed as requiring recursive perception over the video.
To comprehensively evaluate perceptual capacity, different
sub-conditions are designed to target different aspects of
perception, such as semantic, spatial, and temporal under-
standing, while the extracted perceptual information spans
diverse types, including objects, attributes, relationships, lo-

cations, and events. Consequently, correctly answering a full
question requires models to employ a broad set of perceptual
primitives and to integrate heterogeneous visual information,
while also knowing how to compose them to complete com-
plex tasks. Furthermore, to increase task difficulty and pose
greater challenges for video-based reasoning, we deliberately
source videos with higher scene complexity than in many ex-
isting benchmarks, including videos with numerous objects,
significant motion, and frequent scene transitions. These
videos span diverse domains such as city walk tours, large
villa indoor tours, and extreme outdoor sports. With these
carefully designed questions and videos, PerceptionComp
demands long reasoning processes that include repeated per-
ceptual steps in order to arrive at correct answers. As shown
in Figure 1, this is validated in our human study: participants
required substantially longer response times than on other
benchmarks, and could only answer correctly after repeat-
edly watching the videos—otherwise, accuracy after a single
viewing was close to random guess.

We evaluate PerceptionComp on state-of-the-art MLLMs.
While these models achieve impressive results on existing
video perception benchmarks, they perform notably worse
on ours. The best-performing model, Gemini-2.5-Pro [4],
achieves only 46.2% accuracy under a 5-choice setting, and
most other MLLMs [2, 30, 32, 38, 41] fall below 40%. More-
over, we find that thinking models demonstrate improved
performance compared with non-thinking models; for in-
stance, GPT-o3 [15] surpasses GPT-4o [14] by 13% in accu-
racy. This clearly demonstrates that our benchmark serves
as an effective testbed for evaluating video thinking ability.

2. Related Work
General Video Understanding Benchmarks. Traditional
video understanding benchmarks primarily evaluate either lo-
cal details (e.g., short clips or fine-grained actions) or global
summaries, focusing on predefined tasks with outcome-
based metrics. This setup often overlooks how models
compose local observations into coherent global under-
standing. Recent general-purpose benchmarks like Video-
MME [7] and ALLVB [29] broaden task coverage across
domains and video lengths, while task-specific suites such
as MVBench [18] and NExT-QA [37] isolate skills like tem-
poral reasoning and object interaction. Long-video bench-
marks [26, 28, 33, 35] emphasize memory and narrative
comprehension over extended durations but largely reduce
evaluation to single-turn QA. Egocentric benchmarks [8, 22]
add realism through first-person perspectives, yet remain
outcome-focused. While these benchmarks offer broad per-
ceptual coverage, they largely omit the reasoning dimension,
overlooking the compositional processes needed to link per-
ceptual cues into extended inferences.
Multimodal Reasoning Benchmarks. Recent progress in
multimodal reasoning has led to a rise in benchmarks that



Table 1. Comparison of PerceptionComp with other bench-
marks. PerceptionComp distinguishes itself from previous bench-
marks by emphasizing perception-centric reasoning, assessing how
models integrate perceptual grounding with reasoning processes.

Benchmark Attributes

Video Domain # QA Per.Rea Anno.

MMVU [44] Educational videos 3,000 ✗ M
VideoMME [7] YouTube videos 2,700 ✗ M
VCR-Bench [24] Short films 1034 ✗ M
MINERVA [23] Mix 1,515 ✗ M
VideoMMMU [12] Lectures 900 ✗ M
Video-Holmes [3] Short films 1,834 ✗ A&M

PerceptionComp Instructional videos 500 ✓ A&M

go beyond surface-level understanding to evaluate models’
ability to perform structured inference across visual and lan-
guage modalities. In the image domain, benchmarks such as
VCBench and others [11, 17, 40] target mathematical, sci-
entific, and logical reasoning tasks where visual and textual
modalities must be jointly interpreted, and ScienceQA [27]
and EXAMS-V [5] extend this by introducing academic-
style multimodal questions that require explanation gener-
ation and cross-domain understanding. For video reason-
ing, early benchmarks [37, 39, 43] focused on short-term
video understanding, primarily testing action recognition
and basic factual retrieval, where recent ones [18, 20, 21]
incorporate richer temporal structure but still lean on rel-
atively shallow reasoning. Some works [7, 35] attempt to
scale reasoning to longer temporal contexts, though many
of their tasks remain solvable through isolated visual cues.
Advanced evaluations [12, 25, 42, 44] target scientific, aca-
demic, or spatial understanding, while VCR-Bench [24] and
MME-CoT [16] begin to assess chain-of-thought reasoning
performance. More recently, MINERVA [23] and Video-
Holmes [3] step further to emphasize multi-step temporal
and causal inference in temporal reasoning. In contrast to
these existing benchmarks, as shown in Table 1, Percep-
tionComp presents a novel setting by requiring extended
inference-time reasoning through recursive visual perception,
which better evaluates models capabilities in fine-grained
perceptual inference and compositional reasoning.

3. PerceptionComp

We increase task difficulty to force models to engage in
longer, perception-centric reasoning in order to more faith-
fully evaluate their video thinking ability. Concretely, we
achieve this in two ways: (i) select structurally more complex
videos, and (ii) compose questions from multiple subcon-
ditions that each probe a different perceptual skill, thereby
raising the compositional complexity of the task. Below, we
describe in detail our video selection process, the format of
questions and answers, and the full annotation pipeline.

3.1. Video Selection
Many existing video benchmarks use clips that are visually
simple: they often depict a single event or activity, and
contain only a small number of humans or objects. As a
result, many videos can be approximately replaced by a short
textual caption without substantially affecting downstream
performance. This limits their ability to diagnose a model’s
perceptual competence, since solving the tasks does not truly
require rich visual understanding.

To better probe perception-related abilities, we deliber-
ately select videos with high scene and object complexity,
including city-walk tour vlogs, indoor tours of large houses
or villas, and highlight reels of sports competitions. These
videos typically contain many objects, frequent scene transi-
tions, and substantial camera motion, making them far more
challenging to summarize with a single caption. The selected
clips range from 2 to 10 minutes in length. Unlike many
benchmarks that increase difficulty primarily by extending
video duration, we additionally increase the difficulty along
an orthogonal axis: the underlying dynamic scene complex-
ity. All videos are recorded in real-world environments
rather than synthetically generated, ensuring that the result-
ing tasks are both genuinely challenging and closely aligned
with practical applications. This dual design—longer videos
with complex, rapidly changing scenes—forces models to
repeatedly query and integrate visual evidence rather than
relying on a coarse global summary.

3.2. Subconditions and Perceptual Skills
We explicitly increase the compositional complexity of
each question by combining multiple subconditions into
a single query. Each subcondition requires distinct percep-
tual–reasoning skills, so that solving the full question de-
mands coordinated use of several abilities rather than a single
narrow competence. Concretely, our subconditions cover:
• Semantic understanding: the model must recognize ob-

ject categories, attributes (e.g., shape, color, material), and
high-level semantic relations (e.g., social roles or interac-
tions between people).

• Spatial understanding: the model must reason about
spatial layout in the depicted scene, including relative
position (left/right, front/behind), distance (near/far), and
occlusion relationships.

• Temporal understanding: the model must follow motion
patterns and localize activities or events in time, such as
determining what happens before or after a given reference
event.

• Correspondence: the model must establish correspon-
dences between instances or parts across time or views
(e.g., tracking the same object across shots, or matching a
part to its whole).

• Visual knowledge: the model must recall external knowl-
edge that is tightly coupled to visual content.



(b) Benchmark Statistics Distribution(a) Data Annotation Pipeline

Real-world
complex videos

2~10min x100

(i) Video selection
Correspond.

Semantic Spatial Temporal

Visual World
(ii) Subcon. design

(iii) Composition question assembly

Find pedestrian in frame who meets all criteria:
①Is male ②Is wearing a short-sleeved shirt 
with two colors ③Is wearing white shorts.
At the moment he is closest to the nearest 
lamppost, which store is he closest to?

①As the camera walks past the HUBLOT ②A 
woman in a black dress walking on the street③
To the woman's left, there is person A in white 
shorts walking in the opposite direction④
Person A has passed a person standing still.
What was this stationary person doing when 
person A passed them?

Conjunctive Sequential

Perception-
Comp

MCQ

Annotator Judge

(iv) Annotation 
& human check

Figure 2. Data construction and statistics of PerceptionComp benchmark. (a) Data annotation pipeline of PerceptionComp, which
integrates various subconditions and designs two types of compositional questions. (b) Benchmark statistics, showing that questions with
higher difficulty levels contain more subconditions, emphasizing the growing importance of perception-centric reasoning.

• World modelling: the model must form expectations
about plausible future outcomes (e.g., predicting what
is likely to happen next given ongoing dynamics).
By sampling and composing subconditions from these

categories, each question requires the model to deploy a
combination of perceptual skills even at the level of individ-
ual sub-tasks, rather than relying on any single capability.
This design enables a more comprehensive assessment of a
model’s perceptual competence in complex video reasoning.

3.3. Compositional Question Design
We design two distinct composition logics to combine sub-
conditions into a full question:
• Conjunctive. All subconditions refer to the same under-

lying target, and the conditions stand in a parallel, “and”-
style relationship. To ensure that every subcondition is
necessary, we verify that no proper subset of the subcon-
ditions suffices to uniquely determine the answer: each
individual condition can only eliminate a subset of can-
didate targets, and only the conjunction of all conditions
yields a single correct solution. This prevents shortcuts
where the model could ignore part of the question and still
guess the answer.

• Sequential. Each subcondition resolves an intermediate
entity or state, and later subconditions explicitly depend
on the output of earlier ones. For example, a first subcon-
dition may identify an object, the second may constrain
its behavior at a later time, and a third may ask about
a relation involving that same object after another event
occurs. In this setting, the model must first solve the ear-
lier subconditions to locate the correct referent, and then
carry that referent forward when interpreting subsequent
conditions. This induces a multi-hop perceptual reasoning

process in which errors in early steps propagate, making it
impossible to answer the final question correctly without
following the intended sequence of perceptual inferences.

3.4. Answer Space
Each question is formed by composing multiple subcondi-
tions, and the final answer is a piece of perceptual informa-
tion extracted from the video. Concretely, answers fall into
the following categories:
• Objects: object category names (e.g., “car”, “sofa”).
• Attributes: properties such as color, count, or shape.
• Relationships: semantic, spatial, or social relations be-

tween entities.
• Location: the place where an object is situated (e.g., room

type, country, or region).
• Action: the name of an action performed by an agent.
• Event: a higher-level event or composite situation that

occurs in the video.
We cast every question as a five-way multiple-choice

problem. To discourage models from exploiting language
priors instead of relying on visual evidence, all distractors
are drawn from the same answer category as the correct
option (e.g., all are color words, or all are object categories).
Furthermore, each option is constrained to be a single word
or a very short phrase, minimizing additional linguistic cues
that might allow the model to guess the answer without truly
understanding the video.

3.5. Annotation Pipeline
Following the procedure above, we select 100 videos with
high scene complexity and annotate 500 questions. Because
each question is highly compositional, we adopt a fully man-
ual annotation process to ensure correctness. In particular,



Q: How many different 
colors achieve this 
maximum streak n?

A: 1
B: 3
C: 2
D: 4 
E: 5

🤔💭Perception: City Walk

A: Red
B: Blue
C: White
D: Black
E: Green

🤔💭Perception: Shows

A: 2 B: 3    C: 4 D: 5 E: 6

🤔💭Perception: Home Tour

A: Beijing 
Tiananmen Gate 
B: Object C
C: Eiffel Tower
D: Pantheon
E: Object A

🤔💭Perception: Outdoor Tour

A: White
B: Black
C: Red
D: Yellow
E: Brown

🤔💭Perception: Street View

Q: When the protagonist in the white shirt is talking
to another person in a white shirt, A appears in the
frame. At this moment, from A's perspective, what
color is the backpack of the person closest to his
right?

Locate a person based on the following criteria:
① He is wearing a black shirt and black pants.
② He is wearing a green hat.
③ His shirt says 'ISHOWSPEED’.
Let's call this person A.

① At the beginning of the video,
on the right, there is a vertical
sign telling customers what
businesses are on each floor. Let's
define a 'y-color x-streak' as x
consecutive signs of color y.
② Viewed vertically, the
maximum streak on this sign is
recorded as n.

• Locate Object A satisfying: ①
in the park, ② on the left side 
of the video frame, and ③ a 
trash can approximately 
human height. 

• Locate Object B satisfying: ①
also in the park, ② on the 
right side of the video frame, 
and ③ a newsstand slightly 
taller than a person. 

• Locate Object C satisfying: ①
It is a building, and ② it is 
located front-left when 
standing at the park's iron 
fence gate. 

• Let the shape of the roof of 
Object B be Shape 1. 

Q: Which of the 
following objects 
also has Shape 1 
as its roof shape? 
(Internet search 
required for 
comparisons)."

Q: What is 
the color 
of this bag?

① Locate a large display screen on the street that first shows a
cartoon character and then a realistic video.
② Below this screen is a billboard full of anime characters.
③ To the left of this billboard is a brightly colored promotional
sign, with color B.
④ There is a man nearby whose entire outfit is also color B. Locate
this man.
⑤ This man turns and stops at almost the same time as a woman.
⑥ This woman is carrying a large bag.

Q: How many chairs are there?

Among the chairs, for one that
① has white color, ② is
located outdoors, ③ has the
entrance to the indoors directly
behind a person sitting on it,
and ④ there are multiple
identical chairs meeting these
conditions,

Figure 3. Examples of questions from PerceptionComp. , , and denote questions with difficulty levels 1, 2, and 3, respectively.
PerceptionComp includes a diverse range of video sources and employs subconditions to construct conjunctive and sequential questions that
require perception-centric reasoning.

annotators first create the subconditions and the final answer,
and then carefully verify that (i) the answer is uniquely deter-
mined by the video and (ii) every subcondition is necessary.

Each question is subsequently checked by at least one
additional annotator who did not create it. During this verifi-
cation stage, we confirm that there is a single correct answer
in the video and that no proper subset of the subconditions
suffices to uniquely identify it. Items that fail either require-
ment are revised or discarded. This protocol guarantees that
all questions admit a unique solution and genuinely require
the full set of composed perceptual subconditions.

4. Experiments

In this section, we first conduct comprehensive evaluation ex-
periments on a set of widely used MLLMs to demonstrate the
challenging nature of the PerceptionComp benchmark. Our
evaluation covers a broad range of state-of-the-art models,
and the results are presented in Section 4.1. We then perform
detailed analysis experiments in Section 4.2 to further inves-
tigate why the questions in the benchmark pose significant
challenges to existing models. Finally, Section 4.3 presents
representative case studies illustrating common failure pat-
terns of current video MLLMs, providing deeper insights
into their limitations in perception and reasoning.



Table 2. Comprehensive evaluation results of MLLMs on PerceptionComp. We report both category-wise accuracies and accuracies
across different difficulty levels. For open-source thinking models, performance improvements over instruction-tuned models are highlighted
in green, while performance drops are highlighted in red.

Model Size Frame Accuracy by Category Accuracy by Difficulty Overall
Outdoor Tour Shopping Sports Home Tour Shows Level 1 Level 2 Level 3

Human Performance

Human - - 82.10 80.00 81.08 93.33 100.00 91.22 85.12 68.61 82.40

Proprietary Models

Gemini-2.5-Pro[4] - - 45.78 80.00 33.33 47.30 46.67 50.68 44.65 43.07 46.00
GPT-o3[15] - 50 43.22 80.00 40.00 43.24 20.00 37.84 45.58 43.80 42.80
Gemini-2.5-Flash[4] - - 39.39 80.00 20.00 45.95 46.67 50.00 37.21 35.04 40.40
Seed-1.6-VL[9] 200B 64 39.39 40.00 35.71 39.19 53.33 37.16 43.72 36.03 39.60
GPT-4o-latest[14] - 50 30.18 40.00 33.33 31.08 20.00 33.02 29.05 27.00 30.20
GPT-5[1] - 64 26.60 40.00 26.67 35.14 46.67 28.38 32.56 22.63 28.60
GPT-4.1[1] - 50 26.09 40.00 13.33 28.38 20.00 29.77 26.39 19.71 26.00

Open-Source Instruct Models

Qwen2.5-VL[2] 7B 64 26.34 40.00 14.29 16.22 33.33 24.32 26.98 22.06 25.40
InternVL-3.5 [32] 8B 64 31.20 20.00 13.33 27.03 53.33 31.76 30.23 29.93 30.60
Qwen3-VL[41] 8B 64 34.53 60.00 40.00 27.03 66.67 37.16 33.95 33.57 34.80
Kimi-VL[30] 16B 64 27.88 40.00 26.67 35.14 40.00 33.11 29.77 24.82 29.40
Qwen3-VL[41] 30B 64 34.02 80.00 20.00 36.49 53.33 36.74 35.81 32.85 35.40
Qwen2.5-VL[2] 72B 64 33.07 20.00 26.67 20.27 53.33 33.11 31.16 27.74 30.80
GLM-4.5V[31] 106B 64 36.57 60.00 35.71 31.08 46.67 37.84 34.42 37.50 36.20
Qwen3-VL[41] 235B 64 36.06 40.00 33.33 22.97 40.00 35.77 34.46 33.49 34.40

Open-Source Thinking Models

Mimo-VL-SFT[38] 7B 64 31.46 60.00 20.00 21.62 53.33 32.56 30.41 27.74 30.60
Mimo-VL-RL[38] 7B 64 31.20 60.00 20.00 37.84 26.67 35.14 32.56 29.20 32.40
Video-R1[6] 7B 64 26.34 40.00 33.33 25.68 26.67 22.97 26.97 29.93 26.60
VideoChat-R1[19] 7B 64 28.13 20.00 26.67 25.68 60.00 32.09 26.35 25.55 28.60
Qwen3-VL-Thinking[41] 8B 64 34.02 40.00 40.00 27.03 53.33 35.14 34.42 31.39 33.80
Kimi-VL-Thinking[30] 16B 64 30.70 40.00 13.33 27.03 33.33 32.43 29.77 26.28 29.60
Qwen3-VL-Thinking[41] 30B 64 32.99 60.00 20.00 25.68 60.00 33.58 28.38 34.88 32.60
Qwen3-VL-Thinking[41] 235B 64 32.48 40.00 26.67 20.27 53.33 31.76 30.70 31.39 31.20

4.1. PerceptionComp Benchmark

Evaluation Models. We conduct a comprehensive evalua-
tion of representative video MLLMs, including both open-
source systems and closed-source API-based models, to
rigorously assess the current state of complex perception-
driven video reasoning capabilities. Our evaluation encom-
passes a diverse range of state-of-the-art architectures, such
as InternVL-3.5 [32],the Qwen2.5-VL and Qwen3-VL se-
ries [2], as well as advanced open-source variants like Seed-
VL-1.6 [9], Kimi-VL [30], and Mimo-VL [38]. To approx-
imate the current performance upper bound, we further in-
clude leading closed-source models, namely Gemini-2.5 Pro,
Gemini-2.5 Flash [4], the latest GPT-5 [1], and other top-
performing commercial systems such as GLM-4.5V [31]. In
addition, we assess video reasoning models, including Video-
R1 [6] and VideoChat-R1 [19], to explore the role of explicit
reasoning capabilities in our benchmark. This diverse se-
lection ensures a balanced and representative comparison
across different model types and training paradigms.

Implementation Details. For MLLMs with native video-
processing capabilities, such as Gemini-2.5 Pro, we directly
utilize the raw video streams without performing any frame
extraction or temporal preprocessing. In contrast, for models
lacking native video-handling functionality, we uniformly
sample 64 frames per video sequence as input. For certain
GPT-based APIs, the number of sampled frames is reduced
to 50 due to input length constraints. All proprietary models
are evaluated using a Chain-of-Thought reasoning approach.
For open-source models, instruction-following models are
prompted to directly provide the correct answer choice, while
thinking models are evaluated using a Chain-of-Thought [34]
prompting strategy with the temperature set to 0.7 and a
maximum generation length of 16,384 tokens.

Results. The overall performance of different MLLMs on
the PerceptionComp benchmark is presented in Table 2.
Most models achieved accuracy below 40%, highlighting the
difficulty of the benchmark. Gemini-2.5 Pro achieved the
best performance with 46.0% accuracy, while open-source



Step 1: Identify couple A — at 01:17, a man and woman stand face-to-face. 
Step 2: Behind them, the shop has a circular orange/yellow logo → Shape B…
Step 3: In graffiti-covered shop, a blue spherical lantern matches B → C.
Step 4: Behind ornament C hangs clothing D — a long-sleeved striped shirt.
Step 5: Style E = striped shirt.
Step 6: The first person wearing Style E (00:01) has black pants.
Answer: C – Black.

Gemini-2.5-pro
Correct: found the couple and round logo.
Wrong: missed the CD at the shop center; misidentified an 
orange lantern → reasoning failure.
Partial: saw the red-white shirt but missed its long sleeves → 
failed to link to wearer.
Bottom line: ignored key conditions, causing object and 
identity errors.

Step 1: Locate couple A, a woman in black and beige faces a man in a tan jacket.
Step 2: The shop behind them, “Cafe Eva-B,” has a rectangular white sign…
Step 3: Inside the graffiti-covered shop, rectangular signs/posters serve …
Step 4: Behind them, clothing D — a striped long-sleeve sweater — is visible.
Step 5: Style E = striped long-sleeve sweater.
Step 6: The first person wearing Style E exits the shop, wearing white pants.
Answer: White pants.

Correct: found the couple and the shop logo.
Wrong: misread Style E—it's sleeve proportion, not stripes.
Partial: noticed stripes but ignored the length condition.
Bottom line: favored visual similarity over relational reasoning; 
answer “white” is wrong—the correct one is khaki.

(1) Find couple A standing 
face-to-face.
(2) The shop behind them has 
a logo of Shape B.
(3) Inside the graffiti-covered 
shop, locate hanging 
ornaments C of Shape B in the 
center.
(4) Behind ornament C is 
clothing D.
(5) Clothing D shows Style 
E — sleeves longer than the 
body.
(6) Find the first person in the 
video wearing Style E.

GPT-5

At the end of the video, 
a couple (A) is seen 
chatting face-to-face, 
with a shop behind 
them featuring a round 
logo (Shape B).

At the beginning of 
the video, a graffiti-
covered shop appears, 
which “I” later enter.

In the middle of the shop, 
several CDs (ornament C) 
hang in the air, with a red-
and-white cloth (clothing 
D) behind them whose 
sleeves are much longer 
than its body (style E).

The woman at the 
beginning is wearing 
the clothing with 
Style E.

: condition
: difficulty level

BQ: What color are his/her pants? A. WhiteB. Khaki C. Black D. Grey E. Blue

Figure 4. Example of model reasoning on PerceptionComp. Responses and judgments of frontier models on our benchmark are shown.
Even state-of-the-art models exhibit limitations in capturing perceptual information and often fail to maintain coherent reasoning chains
leading to the correct answer.

models such as the Qwen3-VL family performed notably
worse, with the 8B and 235B MoE variants reaching only
34.80% and 34.40%. Interestingly, scaling up the model
size did not consistently improve results, suggesting that
current MLLMs still struggle with perception-centric reason-
ing tasks that require fine-grained visual comprehension and
temporal integration. These findings indicate that Percep-
tionComp poses distinctive challenges for existing MLLMs,
particularly in integrating video information and perform-
ing multi-step, long-horizon reasoning beyond static visual
understanding.

To further analyze why current models fall short on the
proposed perception-centric reasoning tasks, we extend our
evaluation to thinking MLLMs. The results show a clear
polarization. While several open-source reasoning models
achieve modest gains over the baseline systems, the Qwen3-
VL series exhibits the opposite trend. All “thinking” variants
of Qwen3-VL perform worse than their instruct models,
suggesting that these reasoning models are predominantly
optimized for abstract reasoning benchmarks while under-
emphasizing perceptual understanding. This observation

highlights a critical limitation of current thinking MLLMs:
despite stronger reasoning capabilities, they often lack ro-
bust perception skills, leading to suboptimal performance on
PerceptionComp benchmark, which requires the integration
of fine-grained perception and multi-step reasoning.

To provide deeper insights into the performance of cur-
rent MLLMs on the PerceptionComp benchmark, we report
accuracy scores across different categories and difficulty lev-
els. The difficulty levels are defined and annotated by human
experts based not only on the number of subconditions but
also on the intrinsic difficulty of each subcondition, offering
a more reliable estimation of overall task complexity. As
shown in the table, most models achieve satisfactory perfor-
mance on Level 1 and Level 2 tasks. However, their accuracy
drops sharply at Level 3, suggesting that current MLLMs
still lack the essential capability to effectively integrate per-
ception and reasoning for perception-centric reasoning tasks.
Interestingly, the results further reveal model-specific trends
among the thinking models. For example, Mimo-VL-RL
and VideoChat-R1 consistently benefit from performing a
thinking step before answering across all difficulty levels.



Table 3. Analysis experiment results on PerceptionComp, focusing
on input configurations and reasoning strategies.

(a) Number of input frames (b) Thinking budget
Model Frames Acc

GPT-o3 16 34.00
GPT-o3 32 38.60
GPT-o3 50 42.80
Qwen3-VL-8B 16 27.00
Qwen3-VL-8B 32 29.20
Qwen3-VL-8B 64 34.80

Model Thinking budget Acc

Gemini-2.5-Flash 1024 37.20
Gemini-2.5-Flash 2048 38.60
Gemini-2.5-Flash 4096 39.40
Gemini-2.5-Flash 8192 40.40

In contrast, the Qwen3-VL series encounters performance
degradation when incorporating thinking capabilities, even
on Level 1 tasks that primarily require straightforward per-
ceptual understanding. This further confirms the previous
hypothesis that current thinking MLLMs focus more on com-
plex abstract reasoning while neglecting the need to jointly
enhance perceptual and reasoning abilities, a gap that under-
scores the significance of the PerceptionComp benchmark.

4.2. Analysis
In this section, we present a series of analysis experiments
to analyze the challenging nature of the PerceptionComp
benchmark. Models are evaluated under various experimen-
tal settings to explore the factors that contribute to the diffi-
culty of solving the benchmark questions. Specifically, we
vary both the number of input frames and the allocated think-
ing budget to provide deeper insight into how perception and
reasoning jointly affect model performance.

4.2.1. Input Frames
To investigate how the density of temporal visual informa-
tion influences perception-centric video reasoning, we con-
duct a sensitivity analysis by varying the number of input
frames (F ) provided to two representative MLLMs: GPT-o3
and Qwen3-VL-8B. Specifically, GPT-o3 is evaluated with
F ∈ {16, 32, 50} and Qwen3-VL-8B with F ∈ {16, 32, 64}.
As shown in Table 3, both models exhibit a clear positive
correlation between F and overall accuracy (Acc): GPT-o3
improves from 34.0% at 16 frames to 42.8% at 50 frames,
while Qwen3-VL-8B gains 7.8% when F increases from
16 to 64. We attribute these gains to two factors intrin-
sic to PerceptionComp: (1) larger frame budgets enhance
perceptual grounding by offering richer and more diverse
visual evidence, enabling more accurate identification and
localization of objects and subtle attributes; and (2) denser
temporal sampling improves continuity, allowing the models
to better integrate visual cues over time, track objects across
scene transitions, and capture fine-grained actions crucial for
multi-step temporal and compositional reasoning.

4.2.2. Thinking Budget
We further investigate the effect of reasoning effort on solv-
ing PerceptionComp questions. Specifically, we experiment
with Gemini-2.5-Flash using different thinking budgets of

1,024, 2,048, 4,096, and 8,192 tokens. As shown in Ta-
ble 3, allocating more extensive thinking resources allows
the MLLM to better handle the long dependency chains fea-
tured in PerceptionComp. This enables the model to more
reliably follow the sequential logic of subconditions and per-
form the step-by-step reasoning required to connect initial
visual observations to the final answer.

4.3. Case Study
We present qualitative results of state-of-the-art MLLMs
and analyze their response behaviors to reveal two prevail-
ing error patterns: perceptual errors and reasoning chain
failures. These error patterns underscore the importance of
perception-centric reasoning. As shown in Fig. 4, we exam-
ine Gemini-2.5-Pro and GPT-5 by comparing their generated
explanations with human-annotated references, focusing on
how perception and reasoning interact within each system.
• Perceptual errors. Both models exhibit generally sta-

ble visual grounding but often misinterpret key visual
cues. They may correctly localize or detect an object yet
misidentify its defining properties or relational roles. In
some cases, visual similarity leads to false recognition,
indicating insufficient perceptual discrimination.

• Reasoning chain failures. Even when perceptual ground-
ing is accurate, both models frequently struggle to main-
tain coherent reasoning chains. The reasoning process
tends to break when multiple spatial or semantic condi-
tions must be integrated, leading to inconsistent or over-
confident yet conceptually invalid conclusions.

These error modes suggest that current MLLMs tend to pri-
oritize surface-level matching rather than jointly optimizing
perceptual understanding and structured reasoning. Percep-
tionComp explicitly exposes this gap by requiring models to
reason through perception rather than beyond it, thus high-
lighting the necessity of developing perception-grounded
reasoning capabilities for MLLMs.

5. Conclusion
We introduced PerceptionComp, a video reasoning bench-
mark designed to evaluate MLLMs’ ability to perform ex-
tended, perception-centric reasoning tasks. Its difficulty
arises from visually complex videos and highly composi-
tional questions that require integrating multiple perceptual
cues through sequential and conjunctive logic. Experiments
on state-of-the-art MLLMs show significant challenges, re-
vealing the benchmark’s effectiveness in exposing current
limitations. Our analysis further indicates a gap between ab-
stract reasoning and perceptual grounding for current open-
source MLLMs. These findings highlight the need for ar-
chitectures and training paradigms that explicitly couple
perception and reasoning. We hope PerceptionComp will
serve as a valuable testbed to advance the development of
more deeply integrated and perceptually grounded MLLMs.
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