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A. Details of Construction

A.1. Details of Source Dataset

To ensure a comprehensive and rigorous evaluation of cross
view human understanding, CVBench is constructed by
sampling synchronized frames and video clips from a di-
verse pool of established public multiview datasets. This
carefully curated selection provides a rich variety of sce-
narios encompassing indoor and outdoor settings, synthetic
and physical data, and environments ranging from sparse
to highly crowded scenes. Crucially, the selected clips fea-
ture four synchronized views and range from six to thirty
seconds in length. This diversity is essential to guarantee
that the benchmark comprehensively tests models on ver-
ifiable single view insufficiency, mandating the fusion of
complementary and often conflicting visual cues. Below,
we detail the specific source datasets utilized and their role
in CVBench.
Ego-Exo4D [19]: This dataset captures skilled human ac-
tivities from synchronized first person egocentric and third
person exocentric perspectives. Only the exocentric videos
from manually selected orthogonal views are utilized in this
benchmark. It contains highly rich and diverse scenarios
encompassing both indoor and outdoor environments. In
CVBench, Ego-Exo4D is incredibly valuable for evaluating
fine grained and coarse grained temporal tasks. The stark
viewpoint disparity between egocentric and exocentric cam-
eras mandates robust, spatially consistent geometric fusion
alongside action recognition over time.
M3GYM [49]: A large scale multimodal, multiview, and
multiple person pose dataset focused on fitness activity un-
derstanding in physical settings. It primarily features three
main domains including normal, pilates, and yoga sessions.
It contains 502 distinct actions in total across seven different
lighting conditions, captured primarily via overhead camera
angles. The complex indoor gym scenarios are character-
ized by overlapping individuals and severe self occlusions
during exercise. This makes it an ideal source for construct-
ing tasks like cross view human counting, repetition count-
ing, and occlusion discrimination.
Wild-track [5]: Captured using multiple synchronized
cameras, this high definition dataset is designed for dense,
unscripted pedestrian detection. We utilize its crowded out-
door environments to construct coarse grained spatial tasks
such as cross view trajectory summarization and identity as-
sociation. These scenes directly challenge the tendency of
models to double count or confuse visually similar individ-

uals across different camera feeds, especially in expansive
outdoor spaces.
MultiHuman [63]: This dataset focuses on the perfor-
mance capture of multiple interacting characters using
sparse multiview cameras. The close proximity physical in-
teractions and complex intertwining of limbs provide the in-
herently ambiguous source material necessary to rigorously
test cross view contact recognition and body part contact
recognition.
Human-M3 [11]: A multiview and multimodal dataset
developed for three dimensional human pose estimation,
uniquely situated in outdoor scenes. It contributes uncon-
strained, natural environments that actively challenge the
geometric grounding and identity persistence of a model
when lighting conditions and backgrounds vary signifi-
cantly across synchronized views.
MvMHAT [17]: Focusing on multiview human association
and tracking, this dataset provides continuous video streams
across multiple overlapping camera fields of view in out-
door environments. This continuous camera coverage is es-
sential for our coarse grained temporal tasks, particularly
cross view human counting and trajectory summarization,
where a model must reconstruct a person’s movement as
they navigate through discontinuous visual fields.
MultiviewX [24]: A multiview detection dataset built
around feature perspective transformation. It features syn-
thesized outdoor scenarios with heavily dense pedestrian
traffic. It also includes multiple identical digital avatars lo-
cated in the same space but at different positions, which
presents immense challenges for distinguishing individu-
als based solely on spatial positioning. Its highly crowded
scenes are heavily utilized in CVBench to evaluate the ro-
bustness of models against single view bias during spatial
reasoning tasks, actively penalizing naive detection aggre-
gation. Due to the extreme density and the presence of
identical digital humans in varying positions, Set of Mark
prompting is applied for certain tasks to properly localize
the specific individual in question.
EgoHumans [27]: An egocentric multiple human bench-
mark that captures individuals from synchronized first per-
son and third person views. Only the third person video
feeds are manually selected for this benchmark. It provides
a rich and diverse set of both room and outdoor scenarios,
supplying the spatio temporal data required for evaluating
identity consistency and fine grained motion recognition as
individuals move and interact within dynamic social envi-
ronments.



A.2. View Selection Details
Each question and answer pair consists of four synchro-
nized views. To ensure these views capture sufficient detail,
provide diverse information, and remain challenging for
the benchmark, we manually select four orthogonal views
rather than relying on random sampling. For source datasets
with dense camera coverage, we select the four most or-
thogonal viewpoints available. For instance, camera posi-
tions are chosen from the midpoints of four enclosing walls
to capture maximum room information. For datasets with
fewer views, such as MultiHuman, we select all available
angles to capture as much diverse scene information as pos-
sible.

A.3. Distractor Details
For the human counting and action counting tasks, distrac-
tors are generated using single view observations, simple
numerical additions of the given views, or the fusion of
a partial subset of the provided views. For identity asso-
ciation, distractors are selected from individuals who are
spatially closest to the target or whose appearance is most
similar to the target. Specifically, for data sourced from
Wild-track, the distractors involve the exact same individ-
ual appearing across all given images but situated in a spa-
tially different position from the target. For contact recogni-
tion and occlusion discrimination, we utilize similar contact
joints and surrounding objects, drawing results from single
or subset views to act as distractors. For repetition counting,
distractors are likewise selected from single views, subset
views, and subsets of temporal frames to test whether the
model fully comprehends the entire clip sequence. Finally,
for motion recognition, action order, and trajectory summa-
rization, distractors are derived from visually similar mo-
tions or by adding, removing, or disturbing the correct mo-
tion sequence. This ensures the models can successfully
synthesize temporal information from multiple inputs and
correctly distinguish disturbed temporal events.

A.4. Details of SoM Usage
Set of Mark prompting is exclusively applied to dense sce-
narios where standard text descriptions would introduce un-
avoidable ambiguity, such as scenes with more than twenty
pedestrians in Wild-track and MultiviewX, which account
for approximately 14 percent of the benchmark. The re-
mainder of the benchmark does not use visual prompting,
ensuring the overall results reflect core reasoning capabili-
ties rather than sensitivity to specific visual marks.

A.5. Annotation File Details
All final annotations are stored in two JSON files, separated
into temporal and spatial categories. The basic attributes
include:
• number: the integer index identifier

• views: the image paths for each of the four synchro-
nized views

• question type: categorized as either spatial or tem-
poral

• question subtype: categorized as either coarse
grained or fine grained

• question name: the specific task name selected from
the twelve benchmark categories

• question: the text prompt describing the question for
the given images

• answers: representing the available options A through
E, including one none of the above choice

• gt answer: a single letter indicating the correct ground
truth option

A.6. Benchmark License
CVBench is released strictly as a research benchmark in-
tended for non commercial and academic use. The di-
verse human centric scenes are sourced from publicly avail-
able multiview datasets. We have rigorously reviewed and
signed the respective data use agreements for all underly-
ing source data, strictly adhering to original dataset require-
ments and ethical guidelines. We will not redistribute sensi-
tive human biometric data, raw video files, or identifiable
information without explicit and documented permission
from the original dataset creators. The release of CVBench
will be limited exclusively to the curated question and op-
tion pairs alongside the necessary metadata required to ex-
ecute the evaluation protocols.

B. Detailed Comparison with Previous Bench-
marks

The evaluation of modern visual and vision language mod-
els has been overwhelmingly predicated on single view sce-
narios. Consequently, high performance on existing bench-
marks, which often rely on sufficient view assumptions,
does not guarantee robustness in physical multiple cam-
era environments. This evaluation paradigm rewards single
view pattern recognition, leaving the capacity for cross view
fusion largely unevaluated.

While many models accept multiple views as input, they
are not methodically evaluated on their ability to synthesize
complementary and often conflicting information. For in-
stance, video centric benchmarks such as MMBench-Video
[12], Video-MME [15], and LVBench [44] heavily focus
on temporal reasoning within one continuous stream. How-
ever, this paradigm does not evaluate the ability to synthe-
size a coherent understanding from disparate viewpoints,
leaving it indeterminate whether models perform true cross
view fusion or simply cherry pick an optimal view.

A distinct line of inquiry challenges the single im-
age constraint through benchmarks that test retrieval from
large unordered image collections, such as Blink [16] and



Table 5. Comprehensive Comparison with Existing Benchmarks. S: Spatial Tasks; T: Temporal Tasks; MV: Multi-View; Sync.:
Synchronization; SVI: Single-View Insufficiency. CVBench is uniquely positioned by simultaneously evaluating human centric and syn-
chronized spatio temporal reasoning while strictly enforcing SVI across multiple granularities.

Benchmark Core Focus S T MV Sync. SVI Human Centric Granularity Modality

Video & Temporal Context Benchmarks

MMBench-Video [12] Holistic Video Understanding ✁ ✂ ✁ ✁ ✁ ✁ Coarse Video
Video-MME [15] Temporal Context Length ✁ ✂ ✁ ✁ ✁ ✁ Coarse/Fine Video
LVBench [44] Long-Term Retrieval ✁ ✂ ✁ ✁ ✁ ✁ Coarse Video

Multi-Image & Visual Reasoning Benchmarks

Blink [16] Visual Perception ✂ ✁ ✁ ✁ ✁ ✁ General Images
MileBench [40] Long-Context Retrieval ✂ ✁ ✁ ✁ ✁ ✁ General Images
MuirBench [42] Multi-Image Relation ✂ ✁ ✂ ✁ ✁ ✁ General Images
AllAnglesBench [53] Embodied Multi-view ✂ ✁ ✂ ✂ ✁ ✁ General Images
Medframeqa [56] Clinical Reasoning ✂ ✁ ✁ ✁ ✁ ✁ Fine Medical
VLM2-Bench [59] Visual Cues Linking ✂ ✁ ✁ ✁ ✁ ✁ General Images

CVBench (Ours) Cross View Human Underst. ✂ ✂ ✂ ✂ ✂ ✂ Coarse & Fine Multiple Videos & Images

MileBench [40], or target domain specific relational reason-
ing, including Medframeqa [56]. While valuable, the inputs
in these benchmarks are typically uncalibrated and non con-
temporaneous, precluding the evaluation of spatially consis-
tent geometric or identity fusion.

CVBench is the first to integrate the synchronized data
structure of classical multiview datasets with the language
grounded evaluation paradigm of modern benchmarks. The
primary distinction from all prior work is the systematic
enforcement of verifiable single view insufficiency. Our
benchmark design moves beyond permitting multiview in-
put; it mandates multiview synthesis. A correct answer in
CVBench cannot be reliably resolved by selecting an opti-
mal single view. It must be synthesized from complemen-
tary, partial, and sometimes conflicting evidence. Table 5
summarizes these critical structural differences.

C. Experiments Details
C.1. Human Baseline Details
To establish a rigorous upper bound for human level spa-
tial intelligence on our benchmark, we recruited eight in-
dependent postgraduate evaluators. These individuals were
completely separated from the dataset curation process to
prevent any prior exposure bias. The evaluators primar-
ily possess academic backgrounds in computer science and
biomechanics, equipping them with a strong foundational
understanding of physical kinematics and spatial reasoning.
To conduct the evaluation, participants were provided with a
custom synchronized four view interface in Python Gradio
equipped with comprehensive playback controls, allowing
them to meticulously analyze temporal sequences and cross
reference spatial alignments before making a decision. An
average accuracy of → 94% was achieved, with low inter-
evaluator variance, confirming that the tasks are unambigu-
ously solvable when complementary multiple camera evi-

dence is correctly synthesized by a capable reasoning agent.

C.2. Evaluation Setup Details
To ensure absolute reproducibility and deterministic outputs
across all experiments, the generation temperature for all
evaluated models is strictly set to zero, and a greedy de-
coding strategy is universally applied. During testing, we
explicitly instruct the models to output only a single let-
ter corresponding to their chosen answer. However, we ob-
served that many models frequently generate conversational
filler or extensive reasoning traces instead of adhering to
the strict formatting constraint. To address this and ensure
a perfectly fair comparison, we implement a two stage an-
swer extraction pipeline. First, we apply a strict rule based
filter designed to capture isolated letter predictions. If this
initial filter fails to isolate a valid response, we employ a
highly capable secondary model, specifically Gemini-2.5-
Flash-Lite, to semantically parse the raw text and extract
the final intended answer. Following established evalua-
tion protocols from prior literature, we adopt this extrac-
tion method to guarantee fairness for smaller open weight
models that might possess weaker instruction following ca-
pabilities.

C.3. Annotation Distribution
To strictly prevent models from exploiting statistical arti-
facts or developing shallow guessing heuristics, we shuffle
the correct ground truth letter assignments to guarantee that
the correct answers are perfectly and uniformly distributed
among the five available options.

C.4. Details of Prompts
We present the complete structural details of our primary
model evaluation prompt in Figure 3 alongside the specific
answer extraction system prompt in Figure 4. Evaluated



models are explicitly instructed via the system prompt to
analyze the synchronized visual evidence and output a sin-
gle letter answer corresponding to their selected choice. For
the secondary extraction phase, the input provided to the ex-
traction model consists entirely of the raw text output gen-
erated by the benchmarked model. This extraction model is
likewise instructed to output a single definitive letter. If the
extraction model cannot definitively identify a clear selec-
tion from the provided raw text, it is required to output the
specific word Invalid, at which point the evaluation script
strictly marks the prediction as incorrect in our final accu-
racy calculations.

Prompt Template for CVBench Model Evaluation

System Prompt

You are an expert in multiple view human

understanding and three dimensional spatial

and temporal reasoning. You must answer

strictly with one single letter from A, B, C,

D, or E. Do not add any explanation or extra

text. Directly answer.

Input Template

You are given synchronized video clips of the

same scene.

Question:

{question}

Options:

A) {optA}
B) {optB}
C) {optC}
D) {optD}
E) {optE}

Output: Answer with exactly ONE letter

from A, B, C, D, or E, for example, just "E".

No explanation. Only one letter.

Figure 3. Primary Evaluation Prompt. This template instructs
the benchmarked models to synthesize the synchronized visual ev-
idence and output a single letter corresponding to their selected
answer.

D. Additional Examples
We provide additional visualization examples in Figure 5,
Figure 6, Figure 7, and Figure 8 to further demonstrate the
benchmark tasks.

Prompt Template for CVBench Answer Extraction

System Prompt

You are an answer extractor. You will be

given the raw text output from an artificial

intelligence model. Your job is to identify

the final selected option from A, B, C, D,

or E. Output ONLY the single letter. If

no clear letter is found, output the word

Invalid.

Figure 4. Answer Extraction Prompt. This template is utilized
by the secondary extraction model to rigorously parse conversa-
tional or poorly formatted outputs from the primary models into a
solitary letter.

View 1 View 2

View 3 View 4

Coarse-grained Spatial Task:
 Cross-view Distinct Human Counting

Question: How many unique individuals can be identified in 
the gym by cross-referencing all available camera views?
Options:
A. None of the answers.
B. 6
C. 7
D. 5
E. 8
Ground Truth Answer: B

Figure 5. Additional Spatial Task Visualization Example 1.



View 1 View 2

View 3 View 4

Coarse-grained Spatial Task:
 Cross-view Identify Association

Question: Which of the following identity matches across different images is correct?
Options:
A. Person 4 in the third image is the same individual as person 9 in the second image.
B. Person 6 in the third image is the same individual as person 13 in the first image.
C. Person 11 in the third image is the same individual as person 10 in the fourth image.
D. None of the answers.
E. Person 17 in the first image is the same individual as person 15 in the second image.
Ground Truth Answer: A

Figure 6. Additional Spatial Task Visualization Example 2.

View 1 View 2

View 3 View 4

Fine-grained Spatial Task:
Cross-view Body-Part Contact

Question: Which specific body part of the player nearest the ball is in 
physical contact with the soccer ball?
Options:
A. His left foot.
B. None of the answers.
C. His left knee.
D. His right foot.
E. His right ankle.
Ground Truth Answer: B

Figure 7. Additional Spatial Task Visualization Example 3.

View 1

View 2

View 3

View 4

Coarse-grained Temporal Task: Cross-view Motion Recognition

Question: Identify the primary activity being performed by the person in the foreground.
Options:
A. Cleaning and scrubbing a metal pot in a sink.
B. Slicing vegetables on a prep table near the stove.
C. Operating a digital control panel on an industrial oven.
D. Pour the contents of the metal pot into the sink.
E. None of the answers.
Ground Truth Answer: D

…

…

…

…

Figure 8. Additional Temporal Task Visualization Example 4.
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