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Abstract

Multi-view understanding, the ability to reconcile visual in-
formation across diverse viewpoints for effective navigation,
manipulation, and 3D scene comprehension, is a fundamental
challenge in Multi-Modal Large Language Models (MLLMs)
to be used as embodied agents. While recent MLLMs have
shown impressive advances in high-level reasoning and plan-
ning, they frequently fall short when confronted with multi-
view geometric consistency and cross-view correspondence.
To comprehensively evaluate the challenges of MLLMs in
multi-view scene reasoning, we introduce All-Angles Bench,
a human carefully benchmark with over 2,100 question-
answer pairs from 90 diverse, real-world scenes. Our broad
evaluation across 38 general-purpose and 3D spatial reason-
ing MLLMs reveals a substantial performance gap compared
to humans. More critically, our analysis identifies two root
failure modes: (1) cross-view object mismatch—the inability
to establish consistent object correspondence across views;
and (2) cross-view spatial misalignment—the failure to infer
accurate camera poses and spatial layouts. These findings un-
derscore a lack of multi-view awareness in current MLLMs,
calling for architectural innovations beyond prompt tuning
alone. We believe that our benchmark offers valuable insights
toward building spatially-intelligent MLLMs.

Introduction
Multi-view understanding is a fundamental challenge in
bridging machine and human-level understanding (Das et al.
2018; Yu et al. 2019; Hong et al. 2023) because it under-
pins an agent’s ability to perceive the environment consis-
tently from diverse viewpoints. By ensuring geometric co-
herence and cross-view consistency, agents can accurately
reconstruct scene layouts and object relationships — capa-
bilities critical for effective navigation, manipulation, and
interaction in the real world (Song et al. 2022; Suglia et al.
2021). The recent advancement in Multimodal Large Lan-
guage Models (MLLMs) demonstrates strong capabilities
in high-level reasoning and task planning (Li et al. 2024b;
Hurst et al. 2024; Team et al. 2023; Bai et al. 2025; Chen
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et al. 2024d), and thus the feasibility of directly using
MLLMs as embodied agents is an intriguing research chal-
lenge (Huang et al. 2022; Yue et al. 2024a; Kim et al. 2024;
Liu et al. 2024b). However, such capacities alone are in-
sufficient for generalist embodied agents operating in the
real world, where a comprehensive 3D scene understanding
and robust multi-view reasoning are pivotal (Jia et al. 2024;
Cheng et al. 2025). Recent studies survey that MLLMs lack-
ing multi-view scene understanding often commit agent ma-
nipulation and navigation errors such as misjudge the target
distance, skip partially occluded obstacles, stemming from
limited awareness of multi-view geometry and object rela-
tionships (Yu et al. 2025; Zhu et al. 2024a). Since these mod-
els must navigate, manipulate, and make decisions in real
world environments, it is vital to evaluate (and ultimately
strengthen) their multi-view understanding capabilities. Yet,
this aspect remains underexplored in details.

To this end, we raise two questions: (1) Do MLLMs pos-
sess the ability to understand multiple viewpoints simulta-
neously? and (2) What are the key challenges in MLLMs to
gain better multi-view understanding?

To address these questions and in light of the lack of
benchmarks to evaluate multi-view reasoning, we introduce
All-Angles Bench, comprising over 2,100 carefully human-
annotated question-answer pairs across 90 diverse multi-
view scenes in real world (Grauman et al. 2024; Khirodkar
et al. 2023). We define six tasks — counting, attribute iden-
tification, relative distance, relative direction, manipulation,
and camera pose estimation — with a focus on evaluating
MLLM’s geometric understanding and its ability to align in-
formation consistently across multi-view scenes. To better
evaluate whether models truly possess multi-view capabili-
ties, we also propose a paired question scheme by creating
a second question with the same content but with slightly
changed wording/order of views. We benchmark 38 rep-
resentative MLLMs (including Gemini-2.5-Flash, Claude-4
Sonnet, and GPT-4.1) against human evaluators. As revealed
in Figure 1, a substantial performance gap persists between
current MLLMs and human evaluators.

To better understand why MLLMs fall short of human-
level multi-view reasoning, we conduct an in-depth analy-
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Can MLLMs identify the same 
attribute across views?
Who stands closest to the spot where 
camera View 2 was positioned, and can we 
find the same person in camera View 1?
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Can MLLMs track the object 
moving from another view?
In View 2,  what if the man in a red shirt 
starts walking toward the left side of 
camera view, can you tell me his trajectory 
in View 1? 

Can MLLMs estimate coarse 
camera poses?
If I randomly shuffle View 1 to View 4, can 
you sort them in clockwise order from top-
down view?

Figure 1: We present All-Angles Bench, a human-annotated benchmark with over 2,100 Q&A pairs from 90 diverse scenes for
evaluating multi-view understanding of MLLMs. Left and Middle: An example question setup of multiple views capturing the
same scene and the corresponding questions. Right: Accuracies of six notable MLLMs across different question categories.

sis of commonly failed questions and tasks, and derive two
key findings. First, MLLMs struggle to identify the same ob-
ject across multiple views. We further test whether chain-of-
thought prompting, a technique that has proven effective in
other reasoning tasks (Yang et al. 2024a; Zhang et al. 2025;
Rudman et al. 2025), could address this limitation. How-
ever, our experiments reveal that these linguistic strategies
do not provide consistent improvements across models for
multi-view reasoning. This suggests that more fundamental
domain-specific refinements to multi-view awareness mod-
ules or training data are necessary for MLLMs to fully inter-
nalize cross-view consistency. Second, MLLMs often fail to
establish correspondence between different viewpoints. We
visualize how models infer scene layouts from multiple per-
spectives, revealing a consistent inability to accurately es-
timate camera poses, which in turn impedes performance
on tasks like relative direction and object manipulation. We
hope these insights will be helpful to future research towards
bringing more better multi-view capabilities in MLLMs.

All-Angles Bench
Overview of All-Angles Bench
Most existing benchmarks to evaluate MLLMs primarily
rely on single-view or egocentric data, leaving the criti-
cal capabilities of multi-view consistency and correspon-
dence largely unexamined. To address this gap, we introduce
All-Angles Bench, a comprehensive platform designed to
rigorously assess the geometric understanding of MLLMs.
Sourced from real-world datasets Ego-Exo4D (Grauman
et al. 2024) and EgoHumans (Khirodkar et al. 2023),
our benchmark consists of 2,132 multiple-choice question-
answer pairs across 90 diverse scenes. It specifically probes
a model’s ability to reason about geometry and align infor-
mation across perspectives through six targeted task cate-
gories: (1) Counting, (2) Attribute Identification, (3) Rela-
tive Distance, (4) Relative Direction, (5) Object Manipula-
tion, and (6) Camera Pose Estimation. The scenes encom-

pass a wide range of activities (e.g., basketball, soccer, cook-
ing, music playing) and environments (e.g., offices, gym, re-
pair store, kitchen, playground) to ensure broad real-world
relevance. Furthermore, we generate paired questions that
alter viewpoints while preserving semantic correspondence,
explicitly testing for robust reasoning over superficial cues.
As shown in Figure 2, each question is designed to provide
a challenging yet realistic test for evaluating MLLMs’ geo-
metric understanding and multi-view correspondence.

Benchmark Collection Process
We build a benchmark collection pipeline to effectively gen-
erate high quality question-answer pairs for multi-view un-
derstanding, as shown in Figure 3. To ensure the benchmark
quality, all questions were manually annotated by human an-
notators after collecting and clipping the raw questions.
Data Collection & Question Type Design. Our benchmark
builds on 90 diverse multi-view scenes from Ego-Exo4D and
EgoHumans. Spanning a broad spectrum of real-world ac-
tivities and environments, each scene includes footage from
at least three viewpoints to ensure a rich context for multi-
view analysis. Upon this data, we manually designed six task
categories that target fundamental aspects of spatial intelli-
gence. These tasks evaluate a range of skills, from object
correspondence (counting, attribute identification) and spa-
tial relationships (relative distance, relative direction) to ge-
ometric and dynamic reasoning (object manipulation, cam-
era pose estimation). Appendix details the specific design.
Question Creation & Human Annotation. Our question
generation follows a human-in-the-loop pipeline. We first
leverage GPT-4o to produce initial questions grounded in
the multi-view scenes. This draft then undergoes meticulous
human validation and refinement. Annotators correct logi-
cal inconsistencies (e.g., contradictory object descriptions),
resolve ambiguous answer choices, and annotate the single
ground-truth answer (Figure 3, middle). For example, in at-
tribute identification, the MLLM might inconsistently de-
scribe an object across two different camera views. In rel-
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Multi-View Scenes
Here are multiple camera views which are pointing to the same 
scene, could you count how many people in total are in the 
scene?

(A) 5, (B) 6, (C) 7 

Counting

View 3 and View 4 are two different views that represent the 
same scene. In View 4, there is a person standing closest to 
the spot where camera View 4 was positioned. Could you 
identify the same person in View 3? 

(A) the person wearing yellow hoodie, (B) the person with black shirt 
below basketball hoop, (C) the person holding basketball

Attribute Identification

View 1 and View 3 are two different camera views that 
represent the same scene. In which view, the man in a black 
shirt standing near the basketball hoop is closer to the spot 
where camera view was positioned? 

(A) closer to the spot where camera View 1 was positioned, (B) closer 
to the spot where camera View 3 was positioned, (C) distance to 
the spot where camera View 1 and View 3 were positioned is equal

Relative Distance View 2 and View 4 are two different views that represent the 
same scene. In View 4, the man in the black shirt is facing 
towards the spot where camera view was positioned. Which 
direction is the same person facing in View 2? 

(A) facing to the left side of the view, (B) facing to the right side of the 
view, (C) facing to the spot where camera View 2 was positioned

Relative Direction

What if the person with yellow hoodie in camera View 1 starts 
walking toward the yellow trash bin, what would be the 
trajectory of the same person in camera View 3? 

(A) walking toward the left side of the View 3, (B) walking toward the 
position of camera View 3, (C) standing without moving

Object Manipulation
View 1, View 2, View 3, View 4 are four different input camera 
views that represent the same scene. Could you reconstruct 
the camera view layout from the top-bottom view, and answer 
the following question?

(A) in clockwise order, the layout is View 1, View 2, View 3, View 4 
(B) in clockwise order, the layout is View 4, View 3, View 2, View 1 (C) 
in clockwise order, the layout is View 2, View 1, View 3, View 4

Camera Pose Estimation

View 1 View 2

View 3View 4

Figure 2: Overview of All-Angles Bench. Our benchmark targets a comprehensive view of multi-view understanding, spanning
six primary question types. These question types are designed to investigate several major aspects of 3D scene understanding,
from creating correspondence between objects to associating relative object and camera poses.

Human Annotation 
& 

Quality Check

Question 
Creation

Multi-View Scenes

Question Type Design

1. Counting
2. Attribute Ident.
3. Relative Distance

Paired-Question 
Generation

4. Relative Direction
5. Object Manipulation
6. Camera Pose Est.

View 1 View 2

View 4
Paired Q&A 

Question: What if the man with black 
pant in camera View 1 starts walking 
toward the view, 

what would be the trajectory of the man 
in camera View 3? 

(A) walking toward the left side of View 3 
(B) walking toward the right side of View 3
(C) walking toward the window

Answer: (B)

Question: What if the man with 
black pant in camera View 1 starts 
walking toward the view, what 
would be the trajectory of the man 
in camera View 3? 

(A) walking toward the left side of View 3 
(B) walking toward the right side of View 3 
(C) walking toward the window

the spot where camera View 1 was positioned 

the spot where camera View 3 was positioned 

the dark red button-up shirt and

View 3

Question: What if the man with the 
dark red button-up shirt and black 
pant in camera View 1 starts 
walking away from the spot where 
camera View 1 was positioned, 
what would be the trajectory of the 
man in camera View 3? 

(A) walking toward the left side of View 3 
(B) walking toward the right side of View 3 
(C) walking toward the spot where 
camera View 3 was positioned

Answer: (A)

Figure 3: The construction pipeline for All-Angles Bench. (1) We curate 90 diverse multi-view scenes and design six tasks
focused on geometric reasoning and cross-view consistency. (2) An MLLM generates initial questions, which then undergo
rigorous human annotation to ensure correctness and clarity. (3) To test model robustness, we systematically create paired
questions by altering view perspectives while preserving semantic meaning, followed by a final quality check.

ative direction, the MLLM might inconsistently describe an
object or offer contradictory options (e.g., “facing the right
side” vs. “facing the stove”). This human-led stage, detailed
in the Appendix, is critical for the benchmark’s clarity and
correctness. We tailor inputs for each task; counting and
camera pose estimation use all views, while other tasks use
two randomly selected viewpoints.
Paired-Question Generation & Human Quality Check.
To rigorously test for robust understanding beyond simple
accuracy, we generate paired questions. This involves sys-
tematically altering a query’s perspective—for instance, by
swapping view references (e.g., View 1 vs. View 2) or invert-
ing directional language—while preserving the core visual
correspondence. This process, inspired by language manip-

ulation techniques (Yang et al. 2024b; Zhu et al. 2024b), re-
quires careful verification of view-to-view geometric consis-
tency. Therefore, a final human quality check is performed
to ensure the logical and geometric alignment of each pair.
This results in 85.3% of relevant questions having a vali-
dated counterpart (the counting task is not involved). This
pairing strategy, with final statistics shown in Figure 4, al-
lows us to test whether MLLMs genuinely understand multi-
view scenarios or merely guess answers.

MLLMs Have Multi-View Understanding?
Benchmark Models and Human Evaluation. We evaluate
a broad spectrum of MLLMs, including closed-source mod-
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Attribute
Cam. Pose

Counting
Manipul.

Rel. Dir.
Rel. Dist.

Methods Avg. Multiple-Choice Answer
Perf. Against Human (250 Q&As)

Human Level 82.0 93.3 88.9 86.3 72.0 79.5 95.7
GPT-4o 56.8 73.3 11.1 56.9 50.0 51.3 70.2

Gemini-2.5-Flash 58.4 64.4 33.3 62.7 48.0 53.8 72.3
Claude-4-Sonnet 48.0 55.6 33.3 43.1 46.0 41.0 59.6
InternVL2.5-38B 59.6 77.8 11.1 66.7 54.0 53.8 63.8

Qwen2.5-VL-72B 58.4 80.0 22.2 52.9 50.0 56.4 68.1
Closed-source Models

GPT-4o 51.4 71.0 27.3 55.4 41.4 40.9 59.9
GPT-4.1 53.6 76.2 38.1 55.4 48.7 36.6 57.3

Gemini-1.5-Pro 43.6 61.6 25.0 39.4 40.3 29.8 51.4
Gemini-2.0-Flash 51.8 65.8 28.4 66.5 45.0 38.1 58.1
Gemini-2.5-Flash 57.3 73.6 34.1 58.2 48.5 49.4 66.4

Claude-3.5-Sonnet 49.7 68.7 27.8 46.2 41.8 41.8 57.7
Claude-3.7-Sonnet 49.3 70.0 37.5 42.2 39.9 45.7 52.8

Claude-4-Sonnet 48.9 65.5 29.5 38.2 47.7 36.1 58.7
Open-source Models

DeepSeek-VL2-Small 46.2 66.8 36.9 36.7 44.8 32.4 49.6
DeepSeek-VL2 45.7 71.5 25.6 36.7 47.7 30.1 46.8

InternVL2.5-2B 44.1 59.3 38.1 39.0 46.6 25.9 47.8
InternVL2.5-4B 47.1 66.6 36.9 47.0 40.1 33.2 52.2
InternVL2.5-8B 49.4 73.6 31.8 51.4 43.7 34.1 52.2

InternVL2.5-38B 53.1 79.4 31.3 56.2 46.2 42.6 53.2
InternVL2.5-78B 52.4 82.8 38.6 56.2 42.2 38.6 51.6

InternVL3-2B 48.5 66.6 42.0 47.0 43.3 38.1 49.8
InternVL3-8B 50.7 78.6 36.4 50.9 42.6 34.6 53.2

InternVL3-38B 57.6 82.2 36.9 50.2 48.3 52.6 61.9
Qwen2.5-VL-3B 43.1 63.2 26.1 44.6 34.7 35.5 46.4

Qwen2.5-VL-32B 54.0 78.3 32.4 54.2 49.8 40.9 56.3
Qwen2.5-VL-72B 54.8 81.7 34.1 55.4 45.0 48.3 55.3

Ovis2-2B 46.3 62.4 48.3 50.2 43.9 28.4 46.0
Ovis2-4B 48.1 63.5 27.3 55.8 43.5 36.4 52.4
Ovis2-8B 48.5 73.4 27.3 51.4 43.1 33.8 50.8

Ovis2-16B 51.2 76.0 23.9 53.4 47.5 40.1 52.0
Ovis2-34B 55.2 80.2 29.6 53.4 49.0 43.8 59.9

Cambrian-8B 29.8 51.7 8.5 34.7 30.7 30.4 16.8
Cambrian-13B 39.3 56.1 23.9 30.7 36.8 31.5 43.9
Cambrian-34B 42.5 61.1 26.7 37.9 39.5 36.9 42.7

LLaVA-Onevision-Qwen2-7B 45.2 64.2 20.5 41.0 42.4 36.4 50.2
LLaVA-Onevision-Qwen2-72B 50.2 78.3 20.5 42.2 47.7 33.8 57.3

LLaVA-Video-Qwen2-7B 42.9 65.5 14.8 37.1 42.9 31.0 47.0
LLaVA-Video-Qwen2-72B 50.2 75.7 28.4 40.6 45.4 42.3 53.2

Table 1: Evaluation results for 33 MLLMs. We consolidate performance from both closed-source and open-source MLLMs.
We use deeper-gray and light-gray to highlight the best and second-best result among all models in each sub-task.
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Figure 4: Statistical overview of All-Angles Bench. The pie
chart shows the distribution of 6 sub-tasks of multi-view un-
derstanding. The bar plot illustrates the breakdown by pri-
mary and paired question-answers of each sub-task.

els like Gemini, Claude, and GPT, and open-source mod-
els like Deepseek-VL2 (Wu et al. 2024), Qwen2.5-VL (Bai

Avg. Attr
.

C. P
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Cou
nt

M
an
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Dir. Dist
.

3D Spatial Reasoning Models
VG-LLM (Zheng et al. 2025) 33.7 56.7 16.5 26.3 30.0 26.9 34.2

AoTD (Shi et al. 2025) 36.8 41.5 32.4 27.9 37.6 26.7 45.5
VLM-3R (Fan et al. 2025) 40.3 56.1 22.7 39.4 35.9 30.9 45.6

CoF (Ghazanfari et al. 2025) 47.8 75.7 35.8 41.4 38.7 38.7 49.0
SpaceR (Ouyang et al. 2025) 49.7 72.8 51.1 46.2 41.2 38.1 49.4

Table 2: 3D Spatial Reasoning MLLMs. Evaluation of re-
cent 3D spatial reasoning MLLMs on All-Angles Bench
across 6 spatial sub-tasks.

et al. 2025), InternVL (Chen et al. 2024c; Zhu et al. 2025),
Cambrian (Tong et al. 2024a), LLaVA-OneVision (Li et al.
2024c), LLaVA-NeXT-Video (Zhang et al. 2024), Ovis2 (Lu
et al. 2024), and some 3D spatial reasoning MLLMs. We
use standard protocols with temperature set to zero. We
also perform human evaluation on a 250-question subset
from our All-Angles Bench, covering all six task categories,
with each question answered independently by annotators.
For fair comparison, we report performance for Gemini-2.5-
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Flash, Claude-4-Sonnet, GPT-4o, Qwen2.5-VL-72B, and
InternVL2.5-38B on this subset.
Results on General and Spatial Reasoning MLLMs &
Findings. The results in Table 1 and Table 2 reveal a stark
reality: a substantial performance chasm separates all eval-
uated MLLMs from human-level multi-view understanding.
We highlight two key findings that characterize this gap.

Finding 1: Simple task for human like coarse camera
pose estimation poses challenges for MLLMs.

While humans achieve near-perfect accuracy on several
of our benchmark’s tasks, MLLMs struggle profoundly with
fundamental geometric inference. This is most evident in
camera pose estimation, where humans score 88.9%. In
sharp contrast, top-tier models like Gemini-2.5-Flash and
Qwen2.5-VL-72B lag by over 50% margins as well as
many open-source models. This demonstrates a core failure
in the ability of current MLLMs to reconcile geometric in-
formation across different viewpoints.

Finding 2: Specialized open-source models show
pockets of excellence in orientation-sensitive tasks.

Interestingly, certain open-source models outperform
leading closed-source competitors on tasks requiring ori-
entation and trajectory reasoning. On object manipulation,
Qwen2.5-VL-32B (49.8) surpasses Gemini-2.5-Flash (48.5)
and Claude-4-Sonnet (47.7). We observe that Qwen2.5-VL-
72B integrates robust video understanding and fine-grained
visual grounding modules (as highlighted in its model re-
port). Similarly, on attribute identification, InternVL2.5-
78B (82.8) leads all other models. We hypothesize this
stems from their specialized, video-focused training regimes
that emphasize fine-grained visual grounding and orienta-
tion tracking. This suggests that for complex spatial reason-
ing, targeted architectural and training refinements may be
more crucial than model scale alone.

Finding 3: 3D specialized spatial reasoning MLLMs
close the gap — but often only limited to the subtasks.

Recent MLLMs purpose-built for spatial reasoning—like
SpaceR (Ouyang et al. 2025), VLM-3R (Fan et al. 2025),
and AoTD (Shi et al. 2025)—achieve gains across spatial
subtasks. SpaceR, in particular, scores 51.1 on camera pose
estimation and surpasses many general-purpose MLLMs.
However, their strength is often limited to the subtasks they
explicitly target. While promising, these results suggest that
simply injecting spatial priors or specialized architectures
helps but does not solve the general multi-view challenge.
Robustness on Paired Questions. Single-question accu-
racy fails to capture true reasoning versus pattern-matching.
We probe this by evaluating consistency on paired ques-
tions—semantically equivalent queries from different view-
points or with altered phrasing—to test if a model’s un-
derstanding is stable. We classify outcomes into three cat-

Cross-View 
Spatial Misalignment

Single-View Visual 
Hallucination

Cross-View 
Object Mismatch

Linguistic 
Failure

Figure 5: MLLM error breakdown. For both Gemini-2.0-
Flash and GPT-4o, the majority of failures fall into cross-
view spatial misalignment and object mismatch.

egories: 1) CC (Both Correct); 2) WW (Both Wrong); and
3) IC (Inconsistent) if it passes one but fails the other. A
high IC rate suggests brittle success, not genuine multi-view
understanding, as simple perspective changes lead to failure.

As shown in Figure 6, we report IC (inconsistent)
outcomes across six leading MLLMs—three open-source
(Ovis2-34B, Qwen2.5-VL-72B, InternVL2.5-38B) and
three closed-source (GPT-4o, Gemini-2.0-Flash, Claude-
3.7-Sonnet). Observations: 1) GPT-4o exhibits high IC
(around 70%) on relative distance tasks, while others are
around 40%. 2) All models struggle with relative direction,
with IC rates surpassing 40%, highlighting the challenge
of multi-view orientation. 3) Gemini-2.0-Flash and Claude-
3.7-Sonnet show balanced inconsistency, while Ovis2-34B
and GPT-4o vary significantly by task.

Why Do MLLMs Struggle with Multi-View
Understanding?

To investigate specific weaknesses of MLLMs in multi-view
comprehension, we evaluate each question type in our All-
Angles Bench. We select the top-performing closed-source
and open-source MLLMs in our benchmark and systemati-
cally identify where these models succeed or fail in under-
standing multi-view scenarios.

To provide further statistical support, we conducted a de-
tailed human-annotated error analysis on QA failures from
Gemini-2.0-Flash and GPT-4o for all tasks in Figure 5. Each
failure was assigned to one of four mutually exclusive error
categories: 1) Cross-View Spatial Misalignment, 2) Cross-
View Object Mismatch, 3) Single-View Visual Hallucination,
and 4) Linguistic Failure, with annotation based on the ear-
liest and most dominant error observed. Figure 5 shows that
the majority of failures fall into Cross-View Object Mis-
match and Cross-View Spatial Misalignment, demonstrat-
ing MLLMs fail in maintaining geometric consistency and
object identity across viewpoints. These findings echo the
conclusions of VSI-Bench (Yang et al. 2024a), which simi-
larly identified spatial reasoning as a key limitation.
1) Cross-View Object Mismatch: The Failure of Multi-
View Correspondence. We first investigate the multi-view
counting task since we are curious about the discrepancy be-
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Inconsistent (𝑰𝑪) Averaged 𝑰𝑪Both Correct (𝑪𝑪) Both Wrong (𝑾𝑾) 

Figure 6: Paired question-answers inconsistency across 6 MLLMs. We report the proportions of IC, CC, and WW. Notably,
GPT-4o struggles with relative distance (around 70% inconsistency). Human, Gemini-2.0-Flash and Claude-3.7-Sonnet exhibit
more balanced performance, whereas Ovis2-34B and GPT-4o vary considerably across tasks.

Complete-Visibility in One View Partial-Visibility across Multiple Views

Question: Here are multiple camera views which are pointing to the same scene, 
could you count how many people in total are in the scene?  

Answer: 
5 individuals in View 1, 3 individuals in 
View 2. I can count a total of 5 people in 
the scene. 

Answer: 
I can see there are 3 people in View 1, 2 
people in View 2. Therefore, the correct 
answer is 3.

A B C D E
A

BC

A
D

C
D E

View 1

View 2

View 1

View 2

Figure 7: Complete- and Partial-visibility counting remains
challenging for MLLMs, which often succeed with full vis-
ibility but may miscount by favoring the highest per-view
number rather than integrating across views.

tween egocentric view and multi-view counting. While mod-
els perform well in complete-visibility in one view scenarios
where all objects appear in at least one view, they consis-
tently fail with partial-visibility across multiple views when
they must reconcile entities across multi-views (e.g., Per-
son A and B in View 1, and Person C and D in View 2).
This failure often stems from flawed heuristics; for instance,
as shown in Figure 7, GPT-4o may occasionally report the
maximum count from any single view, a shortcut that by-
passes the essential task of cross-view entity reconciliation.
Can Reasoning Injection Improve MLLM’s Ability? We
evaluate four prompting strategies—Zero-Shot CoT, Self-
Consistency with CoT, our proposed Identification CoT, and
Coarse Correspondence (Liu et al. 2024a), which leverages
visual markers to image—on three representative MLLMs:
GPT-4o, InternVL2.5-38B, and Ovis2-34B. Identification
CoT guides the model to (1) describe each visible person,
(2) align identities across views, and (3) count uniquely.

As shown in Table 3, GPT-4o benefits significantly

View Type Bl. ZS-CoT Self-Consist. Ident.-CoT Co. Corr.

G
PT

-4
o

Compl. Vis. 65.5 63.6 (-1.9) 61.8 (-3.7) 69.1 (+3.6) 80.0 (+14.5)
Partial Vis. 41.8 50.9 (+9.1) 52.7 (+10.9) 61.8 (+20.0) 67.3 (+25.5)

In
te

rn
V

L

Compl. Vis. 73.2 63.6 (-9.6) 61.8 (-11.4) 67.2 (-6.0) 78.2 (+5.0)
Partial Vis. 65.5 60.0 (-5.5) 61.8 (-3.7) 67.2 (+1.7) 74.5 (+9.0)

O
vi

s Compl. Vis. 65.5 61.8 (-3.7) 63.6 (-1.9) 67.2 (+1.7) 76.4 (+10.9)
Partial Vis. 60.0 54.5 (-5.5) 52.7 (-7.3) 63.6 (+3.6) 74.5 (+14.5)

Table 3: Reasoning prompt analysis. CoT aids GPT-4o in
partial-visibility cases but helps robust models (e.g., In-
ternVL) less. These results indicate that prompt refinement
is insufficient and visual markers may be required.

under partial visibility, with Identification CoT improv-
ing accuracy by +20% and Coarse Correspondence by
+25.5%, highlighting that reasoning and visual ground-
ing can compensate for occlusion. However, stronger mod-
els like InternVL2.5-38B gain little or even degrade with
prompting—mirroring prior findings (Yang et al. 2024a) that
CoT is less effective for spatially capable models such as
Gemini-1.5. These results suggest that while prompt reason-
ing helps weaker MLLMs, its benefit plateaus with stronger
ones. Moreover, approaches like Coarse Correspondence
require additional effort to annotate visual markers before
evaluation. Ultimately, advancing multi-view understanding
likely demands architectural or training-level innovations,
rather than prompt refinement alone.
2) Cross-View Spatial Misalignment: Failure with Cam-
era Pose and Geometry. We observe that MLLMs struggle
with orientation-sensitive challenges like camera pose and
trajectory estimation (Table 1). To investigate this, we tasked
GPT-4o and Gemini-2.0-Flash with inferring spatial layouts
using a grid-based visualization prompt inspired by (Yang
et al. 2024a).

As illustrated in Figure 8 (object manipulation) and Fig-
ure 9 (camera pose estimation), many orientation-related er-
rors stem from the model’s inability to reconcile viewpoint
transformations. models frequently misalign camera coor-
dinates or overlook background cues. This impairs down-
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Object Trajectory (            )

View 1 View 2

Cam. View 1
*Human 1

Human 3

TV

Lego

GPT-4o Gemini-2.0-Flash Ground Truth

Human 2

Cam. View 2

Cam. View 1

*Human 1

Human 3
TV

Lego

Human 2

Cam. View 2

Cam. View 1

*Human 1

Human 3

TVLego
Human 2

Cam. View 2

What if the man with the dark red button-
up shirt and black pant in camera View1 
starts walking toward the spot where 
camera View 1 is positioned, what would 
be the trajectory of the man in camera 
View 2? 
(A) walking toward the left side of View 2 
(B) walking toward the right side of View 2 
(C) walking toward the spot where camera View 
2 is positioned

Object Manipulation
GPT-4o: The visualization represents the spatial arrangement of key objects in the scene 
using a 10x10 grid, along with the camera positions and orientations.… In View 1, his 
trajectory in View 1 is from the left side of the image toward the bottom-right side where 
Camera 1 is placed. … The man in the dark red shirt was initially positioned near the left 
side of the frame in View 2. If he moves toward the bottom-right in View 1, then from the 
perspective of Camera 2, he would appear to be moving toward the left side of the frame in 
View 2. Thus, the final answer is (A)

Gemini-2.0-Flash: Here is the representation of the scene within a 10x10 grid. The question 
asks about the trajectory of the man with the red shirt if he walks towards the position of 
Camera View 1. In Camera View 1, the man is on the left side of the frame. Since Camera 
View 1 comes from the right, the trajectory of the man with the red shirt would be toward 
the right side of view in Camera View 2. Answer: (B) walking toward the right side of view.

Camera Orientation (            )

Figure 8: Visualization of multi-view scene reconstruction. While GPT-4o and Gemini-2.0-Flash show proficiency in single-
view reconstruction, they struggle to align distinct camera perspectives. This misalignment leads to incorrect directional rea-
soning (e.g., trajectory tracking across views), revealing significant gaps in multi-view consistency.

View 1 View 2

View 1, View 2, View 3, View 4 
are four different input camera 
views that represent the same 
scene. Could you reconstruct 
the camera view layout from the 
top-bottom view, and answer 
the following question?

Please also provide the reasons.

Camera Pose Estimation

View 4 View 3

Gemini-2.0-Flash:  Now, let's analyze how 
these features appear in each image 
and deduce the camera positions: View-
1 and View-2: These cameras are 
positioned relatively close to each 
other, with View-2 slightly to the 
left of View-1. * View-2 and View-3:
These cameras are positioned on 
opposite sides of the man, with View-3 
further to the left. View-3 and View-
4: These cameras are positioned 
relatively close to each other, with 
View-4 slightly to the right of View-
3. View-4 and View-1: These cameras 
are positioned on opposite sides of 
the man, with View-1 further to the 
right. Here is my visual estimation of 
camera poses:

```
Tool Shelves

|
View-3 --- Man --- View-4

|
View-2 --- View-1

|
Repair Stand

```
Clockwise Order of Views (top-down):
View-1 → View-2 → View-3 → View-4

Figure 9: Visualization of camera pose estimation. When
asked to order the camera poses in clockwise order, MLLMs
fail completely despite providing detailed reasonings.

stream tasks requiring fine-grained geometric reasoning,
such as relative direction or object manipulation. These ob-
servations echo our findings that domain-specific or archi-
tectural refinements, especially emphasizing viewpoint con-
sistency may close the gap in multi-view understanding.

Related Works
Multimodal Large Language Models. MLLMs (Liu et al.
2023; Tong et al. 2024a; Bai et al. 2023; Hurst et al. 2024)
show impressive capabilities (Yue et al. 2024b; Liu et al.
2024c; Tong et al. 2024c; Yue et al. 2024a; Li et al. 2024a;
Zhai et al. 2024; Zhou et al. 2024; Tong et al. 2024b; Xu

et al. 2024; Wang et al. 2024). An increasing number of
studies (Hong et al. 2023; Chen et al. 2024a,b) are focus-
ing on video understanding and embodied real-world tasks.
Our work contributes to this area by: 1) providing a timely
benchmark to assess multi-view perception—a fundamental
capability for 3D and 4D tasks; and 2) analyzing why current
models struggle with multi-view understanding.
Benchmarking Visual Spatial Ability. Recent works (Fu
et al. 2024; Yang et al. 2024a; Li et al. 2024d) study the vi-
sual spatial ability of MLLMs. Our work is most relevant to
VideoMME (Fu et al. 2024), VSI-Bench (Yang et al. 2024a),
and MV-Bench (Li et al. 2024d), which primarily emphasize
temporal reasoning (Fu et al. 2024; Li et al. 2024d) or ego-
centric spatial intelligence (Yang et al. 2024a). Our work fo-
cuses on multi-view understanding, a cornerstone for 3D and
4D reasoning. Unlike previous work assessing single-view
or temporal reasoning, we explicitly evaluate how models
align geometric and semantic information across multiple
viewpoints. We further provide a breakdown analysis that
dissects model deficiencies in multi-view understanding.

Conclusion
We introduce All-Angles Bench to evaluate MLLMs’ multi-
view understanding. Benchmarking 38 models across over
2,100 samples reveals critical limitations in geometric con-
sistency and cross-view correspondence. These findings un-
derscore the necessity of domain-specific training to bridge
the gap toward human-level multi-view reasoning.
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