
Table 4: Comparison with existing VQA benchmarks and E3VQA. Unlike existing benchmarks,
E3VQA is designed to evaluate comprehensive scene understanding and reasoning by leveraging
paired ego–exo images and diverse question perspectives.

Benchmark Task Objective Visual
Perspective

Question
Perspective

Answer
Type Evaluator #Questions

(test)

MSVD-QA [40] General Understanding Exo Exo Predefined-Label Accuracy 13K
MSRVTT-QA [40] General Understanding Exo Exo Predefined-Label Accuracy 72K

Social-IQ [45] Social Understanding Exo Exo Multi-Choice Accuracy 7.5K
Pano-AVQA [44] Spatial / Audio-Visual Reasoning Exo Exo Predefined-Label Accuracy 5.3K

EgoVQA [8] Egocentric Visual Understanding Ego Ego or Exo Multi-Choice Accuracy 120
EgoSchema [28] Long-Term Reasoning Ego Ego Multi-Choice Accuracy 5K

EgoThink [4] First-Person Thinking Ego Ego Open-Ended LLMs 700
EmbodiedQA [5] Goal-Driven Scene Understanding Ego Exo Predefined-Label Accuracy 529
OpenEQA [25] Environment Understanding Ego Ego or Exo Open-Ended LLMs 1.6K

E3VQA Comprehensive Scene
Ego and Exo Ego or Exo Multi-Choice Accuracy 4K

Understanding and Reasoning

A Related Work279

A.1 Ego-Exo Datasets and Tasks280

Egocentric and exocentric views offer complementary information for understanding users and their281

environments. Early datasets like Charades-Ego [32] and LEMMA [14] introduced paired ego-exo282

data, while EgoExo4D [12] further scaled this paired ego-exo data with large, synchronized videos283

capturing diverse real-world scenarios. To generalize semantic understanding across multiple perspec-284

tives, a body of work has focused on learning view-invariant representations [36, 43]. Furthermore,285

efforts to align ego-exo content have emerged, including object-level mappings [10] and techniques286

for identifying and segmenting camera wearers in exocentric scenes [9, 48]. In parallel, cross-view287

knowledge transfer has been actively explored, with each perspective leveraged to improve the288

understanding of the other [47, 19, 41, 31]. Several studies have addressed viewpoint selection across289

perspectives by proposing methods for dynamically selecting informative views over time [26, 27].290

Others have explored generating egocentric video from exocentric inputs using diffusion-based291

models [23, 42] or cropping third-person frames to distill egocentric-relevant cues [6]. Despite these292

advances, a task that jointly reasons over synchronized egocentric and exocentric views within293

LVLMs remains underexplored, highlighting a promising direction for future research.294

A.2 Visual Question Answering with LVLMs295

Visual Question Answering (VQA) benchmarks test a model’s ability to interpret and reason over296

diverse visual content. Most existing VQA datasets are constructed from large-scale web-crawled297

data, typically consisting of images captured from fixed third-person cameras. MSVD-QA [40] and298

MSRVTT-QA [40] target general visual understanding through diverse question types, including299

what, how, when, where, and why. Pano-AVQA [44] evaluates spatial and audio-visual reasoning300

in panoramic 360° scenes, while Social IQ [45] focuses on social understanding by inferring the301

intentions and interactions of people within a scene. To support scenarios that require understanding302

from the user’s perspective, egocentric VQA datasets capturing first-person views have emerged.303

EgoVQA [8] evaluates first-person visual understanding by offering both egocentric and exocen-304

tric queries on first-person visual inputs. EgoSchema [28] evaluates long-form egocentric video305

understanding by assessing a model’s ability to recall previously observed objects and events. Ego-306

Think [4] evaluates first-person reasoning across diverse categories that reflect practical, real-world307

scenarios. Another line of work includes embodied QA benchmarks such as EmbodiedQA [5] and308

OpenEQA [25], where agents are required to navigate or interact with their environments to answer309

queries. Although numerous VQA datasets aim to evaluate LVLMs across diverse aspects, they310

cannot assess a model’s ability to seamlessly combine complementary visual information from paired311

ego and exo views (see Table 4).312

10



(a) Answer distributions (b) Source video types (c) Question composition

Action & Pose Object & Attribute

Spatial Numerical

Pose & 
Action

Pose

Action

Objec
t &

 

Attr
ibute

Existence

At
tr

ib
ut

e
C

ol
orPa

tte
rnTyp

e

Spatial

Relative 
Direction

Front

Left

RightSpatial 

R
elation

CloseFar

Sim
ple

 
Cou

nt
ing

Nu
me
ric
al

Conditional 

Counting

Cooking

Health Care
Covid

CPR

Sports

So
cc

er

Basket 

ball

M
usic

Bike Repair

Boulder
ing

D
ance

Above
Behind
Below
Between

Comparative
Counting

A
25%

B
24%

C
25%

D
26%

A
26%

B
25%

C
23%

D
26%

A
25%

B
26%

C
26%

D
23%

A
26%

B
24%

C
27%

D
23%

Figure 7: E3VQA statistics: (a) Distribution of correct answers across the four options (A–D), (b)
Distribution of source video types used to construct E3VQA, and (c) Composition of question types
within each category.

B E3VQA Benchmark Details313

B.1 Categories and Challenges314

In addition to the challenges described in Section 2.2, each of the following four categories highlights315

a distinct challenge in the ego-exo multi-image scenario:316

• Pose & Action Perception focuses on recognizing a person’s physical state and movement,317

such as how their body is positioned and what kinds of gestures or actions they are performing.318

The presence of multiple people, including the user and duplicated individuals across views, can319

confuse the model when identifying the question’s target. The model must correctly identify the320

intended individuals and interpret their physical state and behavior.321

• Object & Attribute Perception involves identifying objects and their attributes, such as color,322

pattern, or type. Objects may appear in only one view, be partially occluded, or look different323

due to variations in viewpoint and field of view. To answer correctly, models must resolve such324

ambiguities and ground the object consistently across views.325

• Numerical Reasoning addresses tasks involving counting and comparing quantities, such as326

determining the number of people or objects in a scene. A single view may not include all327

instances necessary to answer the question, and the same object may appear redundantly across328

different views. To produce accurate counts, the model must integrate information from both329

views by handling overlapping objects and aggregating evidence across views.330

• Spatial Reasoning focuses on understanding the spatial information of a scene, including how331

objects and people are positioned relative to one another and how they are arranged within the332

environment. In multi-view spatial reasoning, differences in viewpoint angle and field of view333

can cause the same object to appear at varying positions in each image, become occluded in334

some views, or exhibit different spatial relationships with surrounding objects. To overcome335

these challenges, the model must align positional information from multiple views to construct a336

coherent understanding of spatial relationships within the scene.337

B.2 Statistics338

Figure 7 summarizes the statistics of the E3VQA benchmark. Figure 7(a) shows the distribution of339

correct answer choices across options (A–D) within each category. The uniform distribution of correct340

answers across the four options helps mitigate answer position bias. Figure 7(b) shows the distribution341

of source video types used to construct E3VQA, demonstrating the benchmark’s broad coverage342

of real-world user-interaction scenarios. Finally, Figure 7(c) illustrates the detailed composition of343

question types within each category, underscoring E3VQA’s broad scope of evaluation.344
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Figure 8: User interface provided for annotators during the human verification stage.

B.3 Details of Human Verification Stage345

During the human verification stage, each of the four expert annotators is assigned to a specific346

question category and conducts verification using the user interface shown in Figure 8. Annotators347

initially utilized the view-specific responses generated in Section 2.3.2 to construct answer options.348

To supplement potentially redundant or low-quality responses, we generate two additional option349

sets, each containing four candidate options derived from the ego and exo images, respectively. Using350

these option sets, each annotator independently curates full question sets, including the question,351

correct answer, and distractor options, for their assigned category. After the initial construction, each352

annotator reviews subsets created by others to ensure consistency and clarity across the dataset,353

filtering out any ambiguous or low-quality instances.354

C Experimental Details355

C.1 LVLMs Overview and Evaluation Setup356

Table 5 provides an overview of the LVLMs used in our experiments in terms of the model architecture357

and the use of egocentric data in training. These models are selected based on their capability of358

processing multi-image inputs. By evaluating models with diverse vision-language architectures, we359

examine how recent LVLMs respond to and reason through the challenges posed by the E3VQA360

benchmark. For evaluation, we use NVIDIA RTX A6000 GPUs. All evaluation results are reported as361

the mean and standard deviation over three independent runs, using each model’s default generation362

settings.363

C.2 CoT Baselines Overview364

Building on its success in large language models (LLMs), CoT prompting has been extended to365

LVLMs to enhance inference-time reasoning. DDCoT [49] breaks down a question into a sequence366

of sub-questions and corresponding sub-answers, which are then used collectively to derive the final367

answer to the original question. CoCoT [46], introduced for multi-image input scenarios, compares368

the similarities and differences between images, guiding the model to answer questions based on the369

identified visual contrasts. CCoT [29] helps understand the overall context of an image through scene370

graphs, where a scene graph is first generated via the LVLM and then incorporated into the prompt371

to enable compositional reasoning over objects, relations, and attributes. Despite their successes,372

12



Table 5: Comparison of open-Source LVLMs: architecture (vision encoder and LLM) and egocentric
data usage during training.

Model Vision Encoder LLM Backbone Train w/ Ego Data
InternVL3-14B InternViT-300M-448px-V2.5 Qwen2.5-14B Not Provided
Qwen2.5-VL-7B ViT (customized) Qwen2.5-7B Not Provided
Qwen2-VL-7B ViT-L Qwen2-7B ✗
LLaVA-NeXT-OneVision-7B SigLIP-SO Qwen2-7B ✓
InternVL2-8B InternViT-300M Qwen2.5-7B ✓
LLaVA-NeXT-Interleave-7B SigLIP-SO Qwen1.5-7B ✗
MANTIS-Idefics2-8B SigLIP Mistral-7B-v0.1 ✗
Deepseek-VL-chat-7B SigLIP-L, SAM-B DeepSeek-LLM-7B ✗
Qwen-VL-Chat-7B ViT-bigG Qwen-7B ✗

Table 6: Performance comparison of various methods on open-source models.

Methods
Pose & Action Object & Attribute Numerical Spatial

Avg.
Ego Exo Ego Exo Ego Exo Ego Exo

InternVL3 - 14B

Default 44.73± 1.50 54.93± 1.42 68.13± 0.81 73.73± 0.99 35.60± 1.11 53.00± 0.20 45.67± 0.58 48.33± 0.99 53.02
DDCoT [49] 47.87± 0.83 58.33± 2.64 68.47± 0.50 72.67± 1.42 35.33± 2.53 46.80± 2.12 50.67± 1.10 45.93± 0.95 53.26
CoCoT [46] 49.53± 0.81 57.27± 0.50 68.27± 1.14 72.53± 1.14 34.87± 1.55 47.93± 0.64 49.20± 1.91 46.27± 0.95 53.23
CCoT [29] 44.60± 1.91 58.40± 2.09 65.27± 0.64 73.80± 0.53 37.80± 3.30 50.00± 0.72 46.27± 1.33 48.80± 1.78 53.12
M3CoT (Ours) 45.87± 1.21 60.00± 0.35 70.60± 0.40 75.73± 0.76 35.07± 0.50 50.87± 0.70 50.80± 0.92 49.40± 0.72 54.79

InternVL3 - 8B

Default 43.70± 3.25 54.90± 0.42 64.80± 0.85 70.30± 0.71 35.90± 2.12 45.20± 1.13 42.10± 2.97 46.60± 3.11 50.44
DDCoT [49] 48.10± 0.99 59.20± 4.24 67.20± 0.28 68.80± 1.13 34.60± 0.85 47.00± 0.00 46.30± 2.69 45.80± 1.41 52.13
CoCoT [46] 43.90± 0.14 58.20± 1.13 65.10± 0.42 68.40± 1.13 37.10± 1.84 48.70± 0.42 43.50± 2.97 43.40± 0.57 51.04
CCoT [29] 44.00± 0.85 55.00± 1.41 63.60± 0.57 68.30± 1.27 35.50± 0.42 51.20± 1.41 43.40± 0.57 44.70± 3.54 50.71
M3CoT (Ours) 45.50± 0.14 57.20± 0.00 68.20± 0.00 71.20± 0.00 37.60± 0.00 47.50± 0.71 53.80± 0.00 49.20± 0.00 53.78

their applicability to ego-exo multi-image contexts remains unexplored, raising an open challenge for373

extending CoT method to multi-image settings.374

D Additional Experiments and Analysis of M3CoT375

D.1 Evaluation on Open-Source Models376

We present experimental results of our M3CoT prompting technique compared to existing CoT377

methods on open-source LVLMs. Specifically, we apply M3CoT on InternVL3-14B [50], the top-378

performing open-source model, and further evaluate the performance on InternVL3-8B. As shown379

in Table 6, most CoT methods result in only marginal performance gains, with several failing380

to improve accuracy and even causing degradation in certain categories. This aligns with prior381

findings suggesting that the CoT method is often ineffective in smaller models with limited reasoning382

capability [38, 16, 7]. Despite the limitations observed in smaller models, our M3CoT consistently383

achieves superior performance compared to other CoT methods, highlighting its robustness across384

model sizes.385

D.2 Analysis of Iteration Steps in Multi-Agent Scene Graph Refinement386

To analyze the effect of iteration steps in M3CoT, we report the accuracy of each individual perspective387

as well as the majority-voted answer derived from them at each iteration. As shown in Figure 9,388

without any information exchange across perspectives, all individual perspectives and the majority-389

voted answer achieve relatively low accuracy (iteration 0). As agents begin to exchange their scene390

graphs, we observe a steady improvement in the accuracy of each individual perspective, suggesting391

that iterative refinement facilitates mutual enhancement through shared contextual understanding.392

This process also leads to a corresponding increase in voting accuracy, reflecting not only the393

enhanced quality of individual predictions but also a stronger consensus across perspectives. However,394

beyond the second iteration, we find that both individual accuracy and voting accuracy plateau. We395
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Figure 9: Performance across different perspectives and majority voting results over iteration steps.

attribute this saturation to the convergence of information across agents: while initial iterations benefit396

from the diversity of complementary perspectives, excessive alignment diminishes the gains from397

their integration. This observation highlights a trade-off in our multi-perspective refinement strategy398

between refining individual scene representations and preserving representational diversity. Note399

that all experiments and analyses in this paper are conducted with a fixed iteration count of 1, using400

Gemini 2.0 Flash unless otherwise specified.401

D.3 Qualitative Examples of Scene Graphs from Three Perspectives402

To further examine how different perspectives in M3CoT contribute to capturing complementary infor-403

mation, we present additional qualitative examples of scene graphs derived from each perspective. As404

shown in Figures 10, 11, and 12, the scene graphs from the three perspectives exhibit complementary405

strengths depending on the question, particularly regarding which image should be referenced to406

answer it.407

D.4 Additional Qualitative Examples of Different CoT Reasoning Processes408

We provide additional examples that illustrate how our method improves reasoning compared to other409

CoT approaches (see Figure 13).410

E Prompt Templates411

E.1 Prompt Templates for E3VQA Construction412

To guide LVLMs in understanding the question categories and tasks for generating meaningful413

question–answer pairs, we carefully design the prompts for each stage. To generate question–answer414

pairs from a single viewpoint, we use the prompts shown in Figure 14–23. For view-specific response415

generation, we apply the prompts in Figure 24–31. For response-based filtering, we use the prompts416

shown in Figure 32 and 33. Finally, to generate four candidate options from either the ego or exo417

image, we use the prompts illustrated in Figure 34 and 35.418

E.2 Prompt Templates for Experiments419

The default system prompt and question prompt for E3VQA are shown in Figure 36. In addition, we420

present the prompts employed in the M3CoT. Scene graph generation prompts for each perspective421

are shown in Figure 37–39, and the prompts for scene graph refinement across agents are presented422

in Figure 40. For reference, the prompts used in other CoT methods are shown in Figure 41–43.423
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F Limitations424

Despite its contributions, this work has several limitations. First, the E3VQA benchmark is solely425

based on the EgoExo4D dataset, which may exhibit dataset bias and limited generalizability in426

real-world visual assistant scenarios. Second, although the queries and answer options in E3VQA427

are carefully crafted, they may not fully capture the diversity of natural language expressions and428

user intents encountered in real-world interactions with visual AI assistants. Third, while recent429

AI APIs offer a solution for scaling the benchmark, their use entails substantial financial costs.430

Fourth, M3CoT introduces increased computational overhead due to its multi-step reasoning across431

multiple perspectives, which may limit its applicability in resource-constrained scenarios. Finally,432

since E3VQA is constructed from images rather than videos, the benchmark may not fully assess an433

LVLM’s ability to capture temporal cues and motion dynamics, an aspect we leave for future work.434

G Ethics Statement435

This work has the potential to positively impact society by enhancing the capabilities of visual436

assistants and embodied AI systems, particularly in scenarios that require comprehensive scene un-437

derstanding from both egocentric and exocentric views. Such advancements may enhance human–AI438

interaction and improve support in assistive technologies. However, the use of egocentric visual439

data may raise important privacy concerns, especially in sensitive environments. We acknowledge440

these risks and emphasize the importance of implementing safeguards and transparency mechanisms441

in future deployments. As part of our commitment to responsible data use, we have obtained the442

appropriate licenses from the contributing institutions for the use of the EgoExo4D dataset in this443

research.444
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Scene graph:
[{"objects": [{"id": "person1", "description": "person", "count": 1}]}
, … , "summary": {"total_people": 1}

Ego2Exo
Final Answer : D)

Scene graph:
[{"objects": [{"id": "person_1", "name": "person", "count": 3}]} , …}]

Exo2Ego
Final Answer : D)

Scene graph:
[{"objects": [{"id": "person1", "perspective": "image1"}, {"id": "person2", 
"perspective": "image1"}, {"id": "person3", "perspective": "image1"}, 
{"id": "person4","perspective": "image2"}]}]

Ego&Exo
Final Answer : B)

Q: How many people are in the scene?
A) 2  B) 4
C) 1                        D) 3

Ego View Exo View

Scene graph:
[{"objects": [{"id": "person1", "name": "person", "attributes": 
{"standing": true}}], "relationships": [{"subject": "person1", 
"relation": "in", "object": "scene"}]

Ego2Exo
Final Answer : D)

Scene graph:
[{"objects": [{"id": "person1”, "attributes": ["wearing glasses", "wearing a 
white shirt"]}, {"id": "person2", "attributes": "standing”}, {"id": "person3", 
"attributes": "sitting”}]}, … , "summary": "There are three people in the scene.”

Exo2Ego
Final Answer : D)

Scene graph:
"objects": [{"id": "person1", "perspective": "image1",}, {"id": "person2", 
"perspective": "image1"}, {"id": "person3", "perspective": "image1"}, 
{"id": "user", "perspective": "image2"}], "total_people": 4}

Ego&Exo
Final Answer : B)

Q: How many people are in the scene?
A) 2 B) 4
C) 1                    D) 3

Ego View Exo View

Figure 10: Qualitative examples of answers and reasoning processes generated by different perspec-
tives. The scene graph from the Ego&Exo perspective demonstrates a strong capability to capture the
information necessary for answering questions grounded in both ego and exo views.

Scene graph:
[{"objects": [{"id": "person_light_blue_shirt", "attributes": 
{"shirt_color": "light blue","arm_position": "hands resting by the sides”}}
, … , {"id": "person_crossing_arms", …}]

Ego2Exo
Final Answer : A)

Scene graph:
[{objects: [{”name": "person", "attributes": "wearing light blue shirt”}
, … , {”name": "arms", "relation": "crossed", "target": "person"}]

Exo2Ego
Final Answer : C)

Scene graph:
[{"objects": [{"id": "person1", "description": "person in light blue shirt", 
"attributes": {"shirt_color": "light blue", "position": "standing", 
"pose": "crossing arms"}, … }]}]

Ego&Exo
Final Answer : C)

Q: How is the person in the light blue shirt positioned?
A) Hands resting by the sides B) Sitting on a bench
C) Crossing arms                        D) Leaning on a ladder

Ego View Exo View

Scene graph:
[{"objects": [{"id": "person",  "description": "person playing violin"}, … , 
{“id”: “tripod”, "relation": "to the right of”, ”target": "person"}, …]}]

Ego2Exo
Final Answer : B)

Scene graph:
[{”objects”: [{"id": "person", "relation": "playing", "target": "violin"}, … , 
{"id": "tripod", "relation": "in front of", "target": "person"}]

Exo2Ego
Final Answer : C)

Scene graph:
[{"objects": [{"id": "tripod", "relation: "to_the_right_of", "target": 
"person"}, … ,  {"id": "light_switch", "relation": "to_the_right_of", 
"target": "person"}]}]

Ego&Exo
Final Answer : C)

Q: What object is on the right of the person playing violin?
A) Music stand B) Tripod
C) Light switch                  D) Trash bin

Ego View Exo View

Figure 11: Qualitative examples of answers and reasoning processes generated by different perspec-
tives. The scene graph from the Ego2Exo perspective demonstrates a strong capability to capture the
information necessary for answering questions grounded in the exo view alone.
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Scene graph:
[{objects: [{"name": "man", "attributes": ["in light green shirt", "sitting"], 
"relation": "holding",  "target": "swab",  "hand": "left"}, {"name": "timer", 
"relation": "on", "target": "table"}]}]

Ego2Exo
Final Answer : A)

Scene graph:
[{“objects”: [{"name": "man", "attributes": ["sitting", "light green shirt"], 
{"relation": "holding", "target": "timer"}}]} , … ]

Exo2Ego
Final Answer : C)

Scene graph:
[{"objects": [{"id": "man", "description": "Man in light green shirt", 
"attributes": {"shirt_color": "light green"}, {"id": "object_in_left_hand", 
"attributes": {"type": "swab"}}]}]

Ego&Exo
Final Answer : A)

Q: What is the man in a light green top holding in his left hand?
A) Box  B) Instruction manual
C) Timer D) Phone

Ego View Exo View

Scene graph:
[{objects: [{”name": "frying pan", "relation": "far", "target": "window"}
, … , {”name": "gas cylinder", "relation": "near", "target": "window"}]}]

Ego2Exo
Final Answer : C)

Scene graph:
[{objects: [{”name": "window", … } , … , {”name": "frying pan", "relation": 
"closest to", "target": "window"}]}]

Exo2Ego
Final Answer : A)

Scene graph:
[ … , {"relationships": [{"source": "frying_pan", "target": "window", 
"type": "far_from"}, {"source": "gas_cylinder", "target": "window", 
"type": "near"}]}]

Ego&Exo
Final Answer : C)

Q: What is the object closest to the window?
A) Frying pan B) Cutting board
C) Gas cylinder                    D) Knife

Ego View Exo View

Figure 12: Qualitative examples of answers and reasoning processes generated by different perspec-
tives. The scene graph from the Exo2Ego perspective demonstrates a strong capability to capture the
information necessary for answering questions grounded in the ego view alone.

Scene graph:
[{"objects": [{”id": ”person", "relation": "near", "target": "sink"}, … , 
{" id": ”stove", … ,"relation": "to the right of", "target": "sink"}], …}]

M3CoT
Final Answer : B)

Sub question 1: What is to the right of the sink in the second image?
Sub Answer 1: In the second image, the stove is to the right of the sink
Sub question 2: Which of the answer choices is to the right of the sink?
Sub Answer 2: The cutting board is on the counter to the right of the sink

DDCoT
Final Answer :  A)

Scene graph: 
[{“object": "person”, "relation": "to the right of", "target": "sink”}, … 
{"object": ”cutting board", “relation": "to the right of", "target": "sink”}]

CCoT
Final Answer : A)

Q: What object is to the right of the sink, relative to the 
person? 
A) Cutting board B) Stove
C) Blender D) Toaster

Ego View Exo View

Scene graph: 
[{"objects": [{"name": "island", "attribute" : " kitchen"}, {"name": " plate ", 
" attribute " : "blue", “relation" : "on ", " target " : " island "}, {"name": " spatula", 
" relation" : " on ", " target " : " plate "}], … }]

M3CoT
Final Answer : C)

Sub question 1 : Where is the blue plate located?
Sub Answer 1 : The blue plate is located on the kitchen island.
Sub question 2 : . What cooking utensil is on the blue plate?
Sub Answer 2 : The cooking utensil on the blue plate is a fork.

DDCoT
Final Answer : A)

Scene graph: 
[{"name": " plate ", " attribute " : "blue", “relation" : "on ", " target " : " island "}, 
{"name": " fork", " relation" : " on ", " target " : " plate "}]

CCoT
Final Answer : A)

Q: Which cooking utensil is on the blue plate positioned 
on the kitchen island?
A) Fork B) Piller
C) Spatula D) Knife

Ego View Exo View

Figure 13: Qualitative examples of answers and reasoning processes generated by different prompting
methods.
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Egocentric Single-View QA Generation Prompt

{Ego Image}

You are given the v i s u a l i npu t from the camera worn by the user
( r e f e r r e d to as ‘ I ’ ) .
Based on t h i s v i s u a l input , generate th ree quest ion −answer pa i r s .
Ensure t h a t the generated quest ion −answer pa i r s are d i r e c t l y based on

the v i s u a l i npu t .

{Category-wise Prompt}

Requirements :
Each quest ion must e x p l i c i t l y i nc lude the pronoun ‘ I ’ or ‘me’ to
ensure the focus remains on the user .
Each answer should be a s i n g l e word or a shor t phrase .
Ensure t h a t a l l th ree quest ion −answer pa i r s meet these c r i t e r i a and
are re l evan t to the v i s u a l i npu t .
S t r i c t l y adhere to the format o f the provided examples .

Figure 14: Egocentric single-view QA generation prompt.
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Egocentric Single-View QA Generation Prompt: Action & Pose

I n s t r u c t i o n s :
Each quest ion must focus on my act ions , body posture , or gestures .
The answer must be a verb or verb phrase ( e . g . , w r i t i n g , s t r e t ch i ng ,
c ross ing arms ) .
Do not generate QA pa i r s w i th ove r l y gener ic answers l i k e ‘ standing ’
or ‘ reaching ’ .

Question Categor ies & Templates :
Act ions ( What am I doing ?)
− What am I doing?
− What am I doing wi th my [ body pa r t ]?

Body Posture (How am I pos i t i oned ?)
− How i s my body pos i t i oned ?
− How am I s i t t i n g / s tanding / l y i n g ?
− What i s my posture?

Gestures ( What movement am I making ?)
− What am I doing wi th my hands?
− What gesture am I making?
− How am I moving my arms / legs / head?

Examples :
Q: How i s my body pos i t i oned ?
A: S i t t i n g cross −legged

Q: What am I doing wi th my l e f t hand?
A: Holding a book

Q: What gesture am I making?
A: Waving

Figure 15: Egocentric single-view QA generation prompt: Action & Pose.
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Egocentric Single-View QA Generation Prompt: Object & Attribute

I n s t r u c t i o n s :
Each quest ion must focus on i d e n t i f y i n g a s p e c i f i c ob jec t ( e . g . , mug
cup , lap top ) or desc r ib ing an a t t r i b u t e o f an ob jec t ( e . g . , navy blue
, s t r i p e d pa t te rn ) assoc ia ted wi th me.
The answer must be a noun or noun phrase , avo id ing ove r l y gener ic
responses such as something or ob jec t .

Question Categor ies & Templates :
Object I d e n t i f i c a t i o n ( What am I i n t e r a c t i n g w i th ?)
− What am I ho ld ing ?
− What ob jec t i s on the tab l e beside me?
− Which i tem am I p i ck i ng up?

Object A t t r i b u t e s ( What does i t look l i k e ?)
− What co l o r i s the s h i r t I am wearing?
− What pa t t e rn i s on my j a c k e t ?
− What type of shoes am I wearing?

Examples :
Q: What co lo r i s the s h i r t I am wearing?
A: Navy blue

Q: Which ob jec t am I ho ld ing i n my r i g h t hand?
A: A smal l notebook

Q: What pa t t e rn does my sweater have?
A: Checkered pa t t e rn

Figure 16: Egocentric single-view QA generation prompt: Object & Attribute.
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Egocentric Single-View QA Generation Prompt: Spatial

I n s t r u c t i o n s :
Each quest ion must focus on the s p a t i a l r e l a t i o n s h i p s between me and
ob jec ts i n my surroundings .
The answer must be a s p e c i f i c ob jec t or l o c a t i o n d e s c r i p t o r ( e . g . ,
co f fee cup , bookshel f , under the tab le ) .
Do not generate QA pa i r s w i th ove r l y gener ic answers .

Question Categor ies & Templates :
Object Prox im i t y ( What i s c l oses t or f a r t h e s t ?) :
− What ob jec t i s c l oses t to me?
− Which ob jec t i s the f a r t h e s t from me?
− What i s the nearest ob jec t to my [ body pa r t ]?

Re la t i ve P o s i t i o n i n g ( Where are ob jec ts loca ted ?)
− What ob jec t i s to my l e f t / r i g h t / f r o n t / behind?
− Which ob jec t i s above / below me?
− S p a t i a l Re la t ions (How are ob jec ts arranged ?)
− Which ob jec t i s between me and [ another ob jec t ]?

Examples :
Q: What ob jec t i s c l oses t to my l e f t hand?
A: Coffee cup

Q: Which ob jec t i s the f a r t h e s t from me?
A: Bookshel f

Q: What ob jec t i s on my r i g h t s ide?
A: Tissue

Figure 17: Egocentric single-view QA generation prompt: Spatial.
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Egocentric Single-View QA Generation Prompt: Numerical

I n s t r u c t i o n s :
Each quest ion must focus on numer ical reasoning by count ing or
q u a n t i f y i n g s p e c i f i c elements d i r e c t l y r e l a t e d to me.
This may inc lude the number o f people , ob jec ts , or o ther countable
i tems present i n my surroundings .
The answer must be a numer ical value t h a t accu ra te l y represents the
count o f the i n d i c a t e d elements .
Do not generate quest ions about ove r l y gener ic ob jec ts ( e . g . , i tems ,
ob jec ts ) .
A l l numer ical answers must be w i t h i n the range of 0 to 5 .

Question Categor ies & Templates :
Counting People (How many people are around me?)
− How many people are i n the image exc lud ing me?
− How many i n d i v i d u a l s are fac ing the same d i r e c t i o n as I am?

Counting Objects (How many th ings are near or w i th me?)
− How many [ ob jec ts ] am I ho ld ing ?
− How many [ i tems ] are on the tab l e beside me?

Q u a n t i t a t i v e Comparisons (How do the numbers compare to what I have ?)
− How many more books are on my desk than on the s h e l f ?
− By how much does the number o f i tems i n my hands exceed the number
on the tab l e ?

Examples :
Q: How many people are i n the image exc lud ing me?
A: 3

Q: How many more bowls are on my tab le compared to the tab l e behind
me?
A: 2

Q: How many apples am I ho ld ing ?
A: 3

Figure 18: Egocentric single-view QA generation prompt: Numerical.
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Exocentric Single-View QA Generation Prompt

{Exo Image}

You are given wi th the v i s u a l i npu t from a f i xed − p o s i t i o n camera
cap tu r ing a scene .
Based on t h i s v i s u a l input , generate th ree quest ion −answer pa i r s .
Ensure t h a t the generated quest ion −answer pa i r s are d i r e c t l y based on

the v i s u a l i npu t .

{Category-wise Prompt}

Requirements :
Each answer should be a s i n g l e word or a shor t phrase .
Ensure t h a t a l l th ree quest ion −answer pa i r s meet these c r i t e r i a and
are re l evan t to the v i s u a l i npu t .
S t r i c t l y adhere to the format o f the provided examples .

Figure 19: Exocentric single-view QA generation prompt.

Exocentric Single-View QA Generation Prompt: Action & Pose

I n s t r u c t i o n s :
Each quest ion must focus on the act ions , body posture , or gestures
w i t h i n the scene .
The answer must be a verb or verb phrase ( e . g . , w r i t i n g , s t r e t ch i ng ,
c ross ing arms ) .
Do not generate QA pa i r s w i th ove r l y gener ic answers l i k e ‘ standing ’
or ‘ reaching ’ .

Question Categor ies & Templates :
Act ions ( What i s the person doing ?)
− What i s the [ d e s c r i p t i v e ] person doing?
− What i s the [ d e s c r i p t i v e ] person doing wi th t h e i r [ body pa r t ]?

Body Posture (How i s the person pos i t i oned ?)
− How i s the [ d e s c r i p t i v e ] person pos i t i oned ?
− What i s the posture o f the [ d e s c r i p t i v e ] person?

Gestures ( What movements i s the person making ?)
− What k ind o f gesture i s the [ d e s c r i p t i v e ] person making?
− How i s the [ d e s c r i p t i v e ] person moving t h e i r arms / legs / head?

Examples :
Q: What i s the man s i t t i n g i n the cha i r doing?
A: Watching a phone

Q: What i s the posture o f the person wearing a green s h i r t ?
A : Rais ing one arm

Q: What i s the woman i n the black j a c k e t doing wi th t h e i r r i g h t hand?
A: Holding a book

Figure 20: Exocentric single-view QA generation prompt: Action & Pose.
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Exocentric Single-View QA Generation Prompt: Object & Attribute

I n s t r u c t i o n s :
Each quest ion must focus on i d e n t i f y i n g a s p e c i f i c ob jec t i n the
scene ( e . g . , ‘mug cup ’ , ‘ laptop ’ ) or desc r ib ing an a t t r i b u t e o f an
ob jec t ( e . g . , ‘ navy blue ’ , ‘ s t r i p e d pat te rn ’ ) .
Questions should re ference people or ob jec ts by d e s c r i p t o r s ( e . g . , ‘
the woman i n the whi te top ’ , ‘ the man wi th the s t r i p e d s h i r t ’ ) .
The answer must be a noun or noun phrase , avo id ing ove r l y gener ic
responses such as ‘ something ’ or ‘ ob jec t ’ .

Question Categor ies & Templates :
Object I d e n t i f i c a t i o n ( What i s present ?)
− What i s the man wi th the s t r i p e d s h i r t ho ld ing ?
− What ob jec t i s placed on the tab l e ?
− Which i tem i s the woman wearing blue top p i ck i ng up?

Object A t t r i b u t e s ( What does i t look l i k e ?)
− What co l o r i s the s h i r t worn by the man wearing a cap?
− What pa t t e rn i s on the j a c k e t worn by the woman ca r r y i ng a handbag?
− What type of shoes i s the man standing near the window wearing?

Examples :
Q: What co lo r i s the top worn by the woman ho ld ing the towel?
A: White

Q: Which ob jec t i s the man i n the black s h i r t ho ld ing i n h i s r i g h t
hand?
A: Smartphone

Q: What pa t t e rn does the sweater worn by the person ho ld ing a cup
have?
A: Checkered pa t t e rn

Figure 21: Exocentric single-view QA generation prompt: Object & Attribute.
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Exocentric Single-View QA Generation Prompt: Spatial

I n s t r u c t i o n s :
Each quest ion must e x p l i c i t l y re ference an ob jec t ’ s or a person ’ s
s p a t i a l r e l a t i o n s h i p w i t h i n the scene .
The answer must be a s p e c i f i c ob jec t or l o c a t i o n d e s c r i p t o r ( e . g . ,
sc issors , f r y i n g pan , under the tab l e ) .
Do not generate QA pa i r s w i th ove r l y gener ic answers .

Question Categor ies & Templates :
Object Prox im i t y ( What i s c l oses t or f a r t h e s t ?)
− Which ob jec t i s c l oses t to the person wearing [ s p e c i f i c i tem ]?
− Which ob jec t i s the f a r t h e s t from [ re ference po in t ]?
− What i s the nearest ob jec t to [ s p e c i f i c l o c a t i o n or ob jec t ]?

Re la t i ve P o s i t i o n i n g ( Where are ob jec ts loca ted ?)
− What ob jec t i s to the l e f t / r i g h t / f r o n t / behind o f the man wi th [
s p e c i f i c i tem ]?
− What ob jec t i s to the l e f t / r i g h t / f r o n t / behind [ re ference ob jec t ]?
− Which ob jec t i s pos i t i oned above / below [ re ference ob jec t ]?

S p a t i a l Re la t ions (How are ob jec ts arranged ?)
− Which ob jec t i s pos i t i oned between [ ob jec t A ] and [ ob jec t B]?
− What i tem i s placed underneath / i n s i d e [ ob jec t ]?
− Which ob jec t i s loca ted between the two people s i t t i n g on the \ \
bench?

Examples :
Q: What i s the ob jec t on the f a r r i g h t o f the desk?
A: Sc issors

Q: Which cookware i s c l oses t to the woman wearing a s t r i p e d s h i r t ?
A : Fry ing pan

Q: What ob jec t i s placed d i r e c t l y i n f r o n t o f the man wearing a cap?
A: Backpack

Q: What ob jec t i s placed underneath the tab l e ?
A: Storage box

Figure 22: Exocentric single-view QA generation prompt: Spatial.
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Exocentric Single-View QA Generation Prompt: Numerical

I n s t r u c t i o n s :
Each quest ion must focus on numer ical reasoning by count ing or
q u a n t i f y i n g s p e c i f i c elements w i t h i n the scene .
This may inc lude the number o f people , ob jec ts , or o ther countable
i tems present i n the image .
The answer must be a numer ical value t h a t accu ra te l y represents the
count o f the i n d i c a t e d elements .
Do not generate quest ions about ove r l y gener ic ob jec ts ( e . g . , i tems ,
ob jec ts ) .
A l l numer ical answers must be w i t h i n the range of 0 to 5 .

Question Categor ies & Templates :
Counting People (How many are there ?)
− How many people are i n the scene?
− How many i n d i v i d u a l s are fac ing the camera?

Counting Objects (How many th ings are v i s i b l e ?)
− How many ob jec ts i s [ person d e s c r i p t o r ] ho ld ing ?
− How many i tems are on the tab l e ?

Q u a n t i t a t i v e Comparisons (How do the numbers compare ?)
− How many more books are on the tab l e than on the s h e l f ?
− By how much does the number o f i tems i n the man ’ s hands exceed the
number on the tab le ?

Examples :
Q: How many people are i n the scene?
A: 3

Q: How many ob jec ts i s the woman i n the s t r i p e d s h i r t ho ld ing ?
A: 2

Q: How many oranges are placed on the tab l e ?
A: 5

Figure 23: Exocentric single-view QA generation prompt: Numerical.
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View-Specific Response Expansion Prompt: Ego View

{Ego Image}

You are given a v i s u a l i npu t from a camera worn by the user ( r e f e r r e d
to as ‘ I ’ ) along wi th a corresponding quest ion .

Based on the v i s u a l input , generate the best poss ib le answer .

{Category-wise Prompt}

Requirements :
Each answer op t ion should be a s i n g l e word or a shor t phrase .
Fol low the provided format s t r i c t l y .

Q: {Question}

Figure 24: View-specific response expansion prompt: Ego view.

View-Specific Response Expansion Prompt: Exo View

{Exo Image}

You are given a v i s u a l i npu t from a f i xed − p o s i t i o n camera cap tu r ing a
scene along wi th a corresponding quest ion .

Based on the v i s u a l input , generate the best poss ib le answer .

{Category-wise Prompt}

Requirements :
Each answer should be a s i n g l e word or a shor t phrase .
Fol low the provided format s t r i c t l y .

Q: {Question}

Figure 25: View-specific response expansion prompt: Exo view.
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View-Specific Response Expansion Prompt: Both Views

{Ego Image}
{Exo Image}

You are provided wi th two v i s u a l i npu ts i n sequence , each captured
from a d i f f e r e n t perspec t i ve :
1 . The view from the camera worn by the user ( ‘ I ’ ) .
2 . The view captured by an ex te rna l camera observ ing the user ( ‘ I ’ ) .
These two images capture the same event a t the same t ime .
Based on the v i s u a l inputs , generate the best poss ib le answer .

{Category-wise Prompt}

Requirements :
Each answer should be a s i n g l e word or a shor t phrase .
Fol low the provided format s t r i c t l y .

Q: {Question}

Figure 26: View-specific response expansion prompt: Both views.

View-Specific Response Expansion Prompt: Text Only

Based on the quest ion , generate the best poss ib le answer .

{Category-wise Prompt}

Requirements :
Each answer should be a s i n g l e word or a shor t phrase .
Fol low the provided format s t r i c t l y .

Q: {Question}

Figure 27: View-specific response expansion prompt: text only.

View-Specific Response Expansion Prompt: Action & Pose

I n s t r u c t i o n s :
The answer must be a verb or verb phrase ( e . g . , w r i t i n g , s t r e t ch i ng ,
c ross ing arms ) .
Do not generate ove r l y gener ic answers l i k e ‘ standing ’ or ‘ reaching ’ .

Output format :
Q: How i s my body pos i t i oned ?
A: S i t t i n g cross −legged

Q: What i s the man s i t t i n g i n the cha i r doing?
A: Watching a phone

Figure 28: View-specific response expansion prompt: Action & Pose.
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View-Specific Response Expansion Prompt: Object & Attribute

I n s t r u c t i o n s :
The answer must be a noun or noun phrase , avo id ing ove r l y gener ic
responses such as ‘ something ’ or ‘ ob jec t ’ .

Output format :
Q: What co lo r i s the s h i r t I am wearing?
A: Navy blue

Q: What co lo r i s the top worn by the woman ho ld ing the towel?
A: White

Figure 29: View-specific response expansion prompt: Object & Attribute.

View-Specific Response Expansion Prompt: Spatial

I n s t r u c t i o n s :
The answer must be a s p e c i f i c ob jec t or l o c a t i o n d e s c r i p t o r ( e . g . ,
co f fee cup , bookshel f , under the tab le ) .
Do not generate ove r l y gener ic answers .

Output format :
Q: What ob jec t i s c l oses t to my l e f t hand?
A: Coffee cup

Q: What i s the ob jec t on the f a r r i g h t o f the desk?
A: Sc issors

Figure 30: View-specific response expansion prompt: Spatial.

View-Specific Response Expansion Prompt: Numerical

I n s t r u c t i o n s :
The answer must be a numer ical value t h a t accu ra te l y represents the
count o f the i n d i c a t e d elements .
A l l numer ical answers must be w i t h i n the range of 0 to 5 .

Output format :
Q: How many people are i n the image exc lud ing me?
A: 3

Q: How many people are i n the scene?
A: 3

Figure 31: View-specific response expansion prompt: Numerical.
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Response-Based Question Filtering Prompt 1

Here i s the quest ion : ’ {Question} ’ .

The provided answer i s {answer_both} , and the given l a b e l i s {answer_init} .
Do they convey the same meaning based on the quest ion? Respond wi th a

s i n g l e word or phrase .

Figure 32: Response-based question filtering prompt (1).

Response-Based Question Filtering Prompt 2

Here i s the quest ion : ’ {Question} ’ .

The provided answer i s ‘ {answer_text} ’ , and the given l a b e l i s
‘ {answer_init} ’ .

Do they convey the same meaning based on the quest ion? Respond wi th a
s i n g l e word or phrase .

Figure 33: Response-based question filtering prompt (2).

Option Generation Prompt: Ego

{Ego Image}
You are given a v i s u a l i npu t from a camera worn by the user ( r e f e r r e d

to as ‘ I ’ ) .
Based on the f o l l o w i n g quest ion and answer , generate fou r mu l t i p l e −
choice opt ions .
Question : {Question}
Answer : {answer_ego}

Ensure t h a t each i n c o r r e c t op t ion i s c l o s e l y r e l a t e d to the v i s u a l
content , making i t cha l l eng ing to e a s i l y i d e n t i f y the c o r r e c t answer .
Fol low the format below exac t l y :

Options :
[ Option1 ]
[ Option2 ]
[ Option3 ]
[ Option4 ]

Figure 34: Option generation prompt: Ego.
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Option Generation Prompt: Exo

{Exo Image}
You are given a v i s u a l i npu t from a f i xed − p o s i t i o n camera cap tu r ing a

scene .
Based on the f o l l o w i n g quest ion and answer , generate fou r mu l t i p l e −
choice opt ions .
Question : {Question}
Answer : {answer_exo}

Ensure t h a t each i n c o r r e c t op t ion i s c l o s e l y r e l a t e d to the v i s u a l
content , making i t cha l l eng ing to e a s i l y i d e n t i f y the c o r r e c t answer .
Fol low the format below exac t l y :

Options :
[ Option1 ]
[ Option2 ]
[ Option3 ]
[ Option4 ]

Figure 35: Option generation prompt: Exo.
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System Prompt & Question (Instruction) Prompt

System Prompt

You are a h e l p f u l a s s i s t a n t .
You are provided wi th two v i s u a l i npu ts i n sequence , each captured
from a d i f f e r e n t perspec t i ve :
1 . The view from the camera worn by the user ( ‘ I ’ ) .
2 . The view captured by an ex te rna l camera observ ing the user ( ‘ I ’ ) .

The f i r s t image shows what the user ( ‘ I ’ ) sees from t h e i r perspec t i ve
.
The user ’ s f u l l body cannot be v i s i b l e ; you may only see par t s o f
t h e i r body , l i k e t h e i r hand , foo t , or arm , or i n some cases , none of
the user ’ s body at a l l .

The second image shows both the user and the environment from a t h i r d
−person perspec t i ve w i th a broad view .
The user ’ s f u l l body i s v i s i b l e , but due to the f i x e d v iewpoint , some

par ts may not be v i s i b l e .

These two images capture the same event a t the same t ime .
Your task i s to analyze both images along wi th the quest ion and
prov ide the most accurate response based on the v i s u a l i n f o rma t i on
from both perspec t i ves .

Question (Instruction) Prompt

{Ego Image}
{Exo Image}
{Question}

Only one op t ion i s c o r r e c t .
Present the answer i n the form X) .

Figure 36: System Prompt and Question(Instruction) Prompt.
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M3CoT Prompts - Ego2Exo Perspective

Scene graph generation phase (Ego2Exo)

Task :
For the provided image and i t s assoc ia ted quest ion , generate a scene
graph i n JSON format t h a t inc ludes the f o l l o w i n g :
1 . Objects t h a t are re l evan t to answering the quest ion .
2 . Object a t t r i b u t e s t h a t are re l evan t to answering the quest ion .
3 . Object r e l a t i o n s h i p s t h a t are re l evan t to answering the quest ion .

Just generate the scene graph i n JSON format . Do not say ex t ra words .

{Ego Image}
{Question Prompt}

Scene graph refinement phase (Ego2Exo)

Task :
For the provided image from a d i f f e r e n t view and the scene graph
generated from the prev ious view , r e f i n e the scene graph i n JSON
format as f o l l o w s :
1 . Review and Update E x i s t i n g Objects and Re la t ionsh ips :
Examine the ob jec ts and r e l a t i o n s h i p s i n the i n i t i a l scene graph .
Update t h e i r a t t r i b u t e s or p o s i t i o n s based on observat ions from both
views . Remove only elements t h a t are c l e a r l y erroneous ( e . g . ,
annota t ion e r r o r s or dup l i ca tes ) .

2 . Inco rpora te New In fo rma t i on :
I d e n t i f y and add any new ob jec ts or r e l a t i o n s h i p s t h a t appear i n the
new view .

3 . A l i gn and Reconci le Across Views :
For over lapp ing ob jec ts and r e l a t i o n s h i p s , a l i g n them using s p a t i a l
p r o x i m i t y and semantic s i m i l a r i t y . I f a t t r i b u t e d isc repanc ies ar ise ,
s e l e c t values t h a t best r e f l e c t the combined observat ions .

Ensure t h a t the updated scene graph i s l o g i c a l l y and p h y s i c a l l y
cons is ten t , avo id ing c o n t r a d i c t i o n s or imposs ib le c o n f i g u r a t i o n s .
Just generate the r e f i n e d scene graph i n JSON format . Do not say
ex t ra words .

{Exo Image}
{Question Prompt}
{Assistant’s response(Ego-only SG)}

Initial question response phase (Ego2Exo)

Use the images and the r e f i n e d scene graph as contex t and answer the
f o l l o w i n g quest ion .

{Ego Image}
{Exo Image}
{Question Prompt}
{Assistant’s response(Refined SG)}

Figure 37: M3CoT prompt (1).
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M3CoT Prompts - Exo2Ego Perspective

Scene graph generation phase (Exo2Ego)

Task :
For the provided image and i t s assoc ia ted quest ion , generate a scene
graph i n JSON format t h a t inc ludes the f o l l o w i n g :
1 . Objects t h a t are re l evan t to answering the quest ion .
2 . Object a t t r i b u t e s t h a t are re l evan t to answering the quest ion .
3 . Object r e l a t i o n s h i p s t h a t are re l evan t to answering the quest ion .

Just generate the scene graph i n JSON format . Do not say ex t ra words .

{Ego Image}
{Question Prompt}

Scene graph refinement phase (Exo2Ego)

Task :
For the provided image from a d i f f e r e n t view and the scene graph
generated from the prev ious view , r e f i n e the scene graph i n JSON
format as f o l l o w s :
1 . Review and Update E x i s t i n g Objects and Re la t ionsh ips :
Examine the ob jec ts and r e l a t i o n s h i p s i n the i n i t i a l scene graph .
Update t h e i r a t t r i b u t e s or p o s i t i o n s based on observat ions from both
views . Remove only elements t h a t are c l e a r l y erroneous ( e . g . ,
annota t ion e r r o r s or dup l i ca tes ) .

2 . Inco rpora te New In fo rma t i on :
I d e n t i f y and add any new ob jec ts or r e l a t i o n s h i p s t h a t appear i n the
new view .

3 . A l i gn and Reconci le Across Views :
For over lapp ing ob jec ts and r e l a t i o n s h i p s , a l i g n them using s p a t i a l
p r o x i m i t y and semantic s i m i l a r i t y . I f a t t r i b u t e d isc repanc ies ar ise ,
s e l e c t values t h a t best r e f l e c t the combined observat ions .

Ensure t h a t the updated scene graph i s l o g i c a l l y and p h y s i c a l l y
cons is ten t , avo id ing c o n t r a d i c t i o n s or imposs ib le c o n f i g u r a t i o n s .
Just generate the r e f i n e d scene graph i n JSON format . Do not say
ex t ra words .

{Exo Image}
{Question Prompt}
{Assistant’s response(Exo-only SG)}

Initial question response phase (Exo2Ego)

Use the images and the r e f i n e d scene graph as contex t and answer the
f o l l o w i n g quest ion .

{Ego Image}
{Exo Image}
{Question Prompt}
{Assistant’s response(Refined SG)}

Figure 38: M3CoT prompt (2).
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M3CoT Prompts - Ego&Exo Perspective

Scene graph generation phase (Ego&Exo)

Task :
Using the provided two images and t h e i r assoc iated quest ion , generate
a u n i f i e d scene graph i n JSON format t h a t inc ludes the f o l l o w i n g :

1 . Objects t h a t are re l evan t to answering the quest ion .
2 . Object a t t r i b u t e s t h a t are re l evan t to answering the quest ion .
3 . Object r e l a t i o n s h i p s t h a t are re l evan t to answering the quest ion .
4 . Ensure t h a t ob jec ts and r e l a t i o n s h i p s from both perspec t i ves are
a p p r o p r i a t e l y a l igned , i n t e g r a t e d and r e f i n e d to prov ide a complete
scene rep resen ta t i on .

Just generate the u n i f i e d scene graph i n JSON format . Do not say
ex t ra words .

{Ego Image}
{Exo Image}
{Question Prompt}

Initial question response phase (Ego&Exo)

Use the images and the u n i f i e d scene graph as contex t and answer the
f o l l o w i n g quest ion .

{Ego Image}
{Exo Image}
{Question Prompt}
{Assistant’s Response(Ego&Exo SG)}

Figure 39: M3CoT prompt (3).
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M3COT Prompts - SG Refinement between Agents

Scene graph cross-refinement phase (Ego&Exo /Ego2Exo /Exo2Ego)

Task :
Below are d i f f e r e n t scene graphs generated using d i f f e r e n t reasoning
methods :

One scene graph : {Ego2Exo SG} / {Exo2Ego SG} / {Exo&Ego SG}
One scene graph : {Exo2Ego SG} / {Exo&Ego SG} / {Ego2Exo SG}

Using the scene graphs generated from d i f f e r e n t methods as a d d i t i o n a l
context , generate a r e f i n e d scene graph i n JSON format f o r the

provided images and t h e i r assoc ia ted quest ion as f o l l o w s :

1 . Review the ob jec ts and r e l a t i o n s h i p s from the scene graphs and
make any necessary adjustments to b e t t e r a l i g n wi th both views .
2 . Ensure t h a t over lapp ing ob jec ts or r e l a t i o n s h i p s between the two
views are a p p r o p r i a t e l y a l igned and re f ined , enhancing the accuracy
o f the scene graph .

Just generate the r e f i n e d scene graph i n JSON format . Do not say
ex t ra words .

{Ego Image}
{Exo Image}
{Question Prompt}

Question response phase (Ego&Exo /Ego2Exo /Exo2Ego)

Use the images and the u n i f i e d scene graph as contex t and answer the
f o l l o w i n g quest ion :

{Ego Image}
{Exo Image}
{Question Prompt}
{Assistant’s response(Unified SG)}

Figure 40: M3CoT prompt (4).
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Other CoT Prompts - DDCoT

For the provided images and t h e i r assoc ia ted quest ion , t h i n k step −by−
step about the p r e l i m i n a r y knowledge requ i red to answer the quest ion .
Deconstruct the problem as complete ly as poss ib le i n t o necessary sub−
quest ions .

Then , w i th the aim of he lp ing humans answer the o r i g i n a l quest ion ,
at tempt to answer those sub−quest ions .

The expected answering format i s as f o l l o w s :

Sub−quest ions :
1 . <sub−quest ion 1>
2. <sub−quest ion 2>
. . .

Sub−answers :
1 . <sub−answer 1>
2. <sub−answer 2>
. . .

{Question Prompt}

Context : {Assistant’s response}

Give your answer o f the quest ion according to the sub−quest ions and
sub−answers .

{Question Prompt}

Figure 41: DDCoT Prompt.

Other CoT Prompts - CoCoT

Please t e l l me the s i m i l a r i t i e s and d i f f e r e n c e s of these two images ,
and answer to the quest ion .

{Question Prompt}

Figure 42: CoCoT Prompt.
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Other CoT Prompts - CCoT

For the provided images and t h e i r assoc ia ted quest ion , generate a
scene graph i n JSON format t h a t inc ludes the f o l l o w i n g :

1 . Objects t h a t are re l evan t to answering the quest ion .
2 . Object a t t r i b u t e s t h a t are re l evan t to answering the quest ion .
3 . Object r e l a t i o n s h i p s t h a t are re l evan t to answering the quest ion .

Just generate the scene graph i n JSON format . Do not say ex t ra words .

{Question Prompt}

Scene Graph : {Assistant’s response}

Use the images and scene graph as contex t and answer the f o l l o w i n g
quest ion .

{Question Prompt}

Figure 43: CCoT Prompt.
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NeurIPS Paper Checklist595

1. Claims596

Question: Do the main claims made in the abstract and introduction accurately reflect the597

paper’s contributions and scope?598

Answer: [Yes]599

Justification: The abstract and introduction explicitly state that LVLMs struggle to integrate600

egocentric and exocentric views, introduce the E3VQA benchmark with 4K high-quality601

QA pairs, and propose the M3CoT prompting method which yields significant performance602

gains, fully matching the theoretical framework and empirical results presented later in the603

paper.604

Guidelines:605

• The answer NA means that the abstract and introduction do not include the claims606

made in the paper.607

• The abstract and/or introduction should clearly state the claims made, including the608

contributions made in the paper and important assumptions and limitations. A No or609

NA answer to this question will not be perceived well by the reviewers.610

• The claims made should match theoretical and experimental results, and reflect how611

much the results can be expected to generalize to other settings.612

• It is fine to include aspirational goals as motivation as long as it is clear that these goals613

are not attained by the paper.614

2. Limitations615

Question: Does the paper discuss the limitations of the work performed by the authors?616

Answer: [Yes]617

Justification: The paper includes a “Limitations” section in Appendix that discusses the618

reliance of the E3VQA benchmark on the EgoExo4D dataset—highlighting potential biases619

in recording environments and action diversity—and outlines future work to mitigate this620

dependency and broaden dataset coverage.621

Guidelines:622

• The answer NA means that the paper has no limitation while the answer No means that623

the paper has limitations, but those are not discussed in the paper.624

• The authors are encouraged to create a separate "Limitations" section in their paper.625

• The paper should point out any strong assumptions and how robust the results are to626

violations of these assumptions (e.g., independence assumptions, noiseless settings,627

model well-specification, asymptotic approximations only holding locally). The authors628

should reflect on how these assumptions might be violated in practice and what the629

implications would be.630

• The authors should reflect on the scope of the claims made, e.g., if the approach was631

only tested on a few datasets or with a few runs. In general, empirical results often632

depend on implicit assumptions, which should be articulated.633

• The authors should reflect on the factors that influence the performance of the approach.634

For example, a facial recognition algorithm may perform poorly when image resolution635

is low or images are taken in low lighting. Or a speech-to-text system might not be636

used reliably to provide closed captions for online lectures because it fails to handle637

technical jargon.638

• The authors should discuss the computational efficiency of the proposed algorithms639

and how they scale with dataset size.640

• If applicable, the authors should discuss possible limitations of their approach to641

address problems of privacy and fairness.642

• While the authors might fear that complete honesty about limitations might be used by643

reviewers as grounds for rejection, a worse outcome might be that reviewers discover644

limitations that aren’t acknowledged in the paper. The authors should use their best645

judgment and recognize that individual actions in favor of transparency play an impor-646

tant role in developing norms that preserve the integrity of the community. Reviewers647

will be specifically instructed to not penalize honesty concerning limitations.648
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3. Theory assumptions and proofs649

Question: For each theoretical result, does the paper provide the full set of assumptions and650

a complete (and correct) proof?651

Answer: [NA]652

Justification: The paper is proposing the E3VQA benchmark and its dataset creation pipeline,653

as well as introducing the M3CoT prompting method—and does not involve any formal654

theoretical results or proofs, so this question is not applicable.655

Guidelines:656

• The answer NA means that the paper does not include theoretical results.657

• All the theorems, formulas, and proofs in the paper should be numbered and cross-658

referenced.659

• All assumptions should be clearly stated or referenced in the statement of any theorems.660

• The proofs can either appear in the main paper or the supplemental material, but if661

they appear in the supplemental material, the authors are encouraged to provide a short662

proof sketch to provide intuition.663

• Inversely, any informal proof provided in the core of the paper should be complemented664

by formal proofs provided in appendix or supplemental material.665

• Theorems and Lemmas that the proof relies upon should be properly referenced.666

4. Experimental result reproducibility667

Question: Does the paper fully disclose all the information needed to reproduce the main ex-668

perimental results of the paper to the extent that it affects the main claims and/or conclusions669

of the paper (regardless of whether the code and data are provided or not)?670

Answer: [Yes]671

Justification: The paper provides full disclosure of the main experimental results with error672

bars, clearly identifies each LVLM variant evaluated, and includes all system and user prompt673

templates along with detailed specifications in the Appendix, enabling faithful reproduction674

of the experiments.675

Guidelines:676

• The answer NA means that the paper does not include experiments.677

• If the paper includes experiments, a No answer to this question will not be perceived678

well by the reviewers: Making the paper reproducible is important, regardless of679

whether the code and data are provided or not.680

• If the contribution is a dataset and/or model, the authors should describe the steps taken681

to make their results reproducible or verifiable.682

• Depending on the contribution, reproducibility can be accomplished in various ways.683

For example, if the contribution is a novel architecture, describing the architecture fully684

might suffice, or if the contribution is a specific model and empirical evaluation, it may685

be necessary to either make it possible for others to replicate the model with the same686

dataset, or provide access to the model. In general. releasing code and data is often687

one good way to accomplish this, but reproducibility can also be provided via detailed688

instructions for how to replicate the results, access to a hosted model (e.g., in the case689

of a large language model), releasing of a model checkpoint, or other means that are690

appropriate to the research performed.691

• While NeurIPS does not require releasing code, the conference does require all submis-692

sions to provide some reasonable avenue for reproducibility, which may depend on the693

nature of the contribution. For example694

(a) If the contribution is primarily a new algorithm, the paper should make it clear how695

to reproduce that algorithm.696

(b) If the contribution is primarily a new model architecture, the paper should describe697

the architecture clearly and fully.698

(c) If the contribution is a new model (e.g., a large language model), then there should699

either be a way to access this model for reproducing the results or a way to reproduce700

the model (e.g., with an open-source dataset or instructions for how to construct701

the dataset).702
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(d) We recognize that reproducibility may be tricky in some cases, in which case703

authors are welcome to describe the particular way they provide for reproducibility.704

In the case of closed-source models, it may be that access to the model is limited in705

some way (e.g., to registered users), but it should be possible for other researchers706

to have some path to reproducing or verifying the results.707

5. Open access to data and code708

Question: Does the paper provide open access to the data and code, with sufficient instruc-709

tions to faithfully reproduce the main experimental results, as described in supplemental710

material?711

Answer: [Yes]712

Justification: All data including E3VQA and code are publicly accessible, and all related713

materials—including the prompt templates—can be found in Appendix.714

Guidelines:715

• The answer NA means that paper does not include experiments requiring code.716

• Please see the NeurIPS code and data submission guidelines (https://nips.cc/717

public/guides/CodeSubmissionPolicy) for more details.718

• While we encourage the release of code and data, we understand that this might not be719

possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not720

including code, unless this is central to the contribution (e.g., for a new open-source721

benchmark).722

• The instructions should contain the exact command and environment needed to run to723

reproduce the results. See the NeurIPS code and data submission guidelines (https:724

//nips.cc/public/guides/CodeSubmissionPolicy) for more details.725

• The authors should provide instructions on data access and preparation, including how726

to access the raw data, preprocessed data, intermediate data, and generated data, etc.727

• The authors should provide scripts to reproduce all experimental results for the new728

proposed method and baselines. If only a subset of experiments are reproducible, they729

should state which ones are omitted from the script and why.730

• At submission time, to preserve anonymity, the authors should release anonymized731

versions (if applicable).732

• Providing as much information as possible in supplemental material (appended to the733

paper) is recommended, but including URLs to data and code is permitted.734

6. Experimental setting/details735

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-736

parameters, how they were chosen, type of optimizer, etc.) necessary to understand the737

results?738

Answer: [Yes]739

Justification: We evaluate off-the-shelf LVLMs using their default settings (no additional740

training) and provide full details of our dataset construction and test setup: all system and741

user prompt templates are documented in the Appendix.742

Guidelines:743

• The answer NA means that the paper does not include experiments.744

• The experimental setting should be presented in the core of the paper to a level of detail745

that is necessary to appreciate the results and make sense of them.746

• The full details can be provided either with the code, in appendix, or as supplemental747

material.748

7. Experiment statistical significance749

Question: Does the paper report error bars suitably and correctly defined or other appropriate750

information about the statistical significance of the experiments?751

Answer: [Yes]752

Justification: We include error bars (±) alongside all main accuracy results—capturing753

variability across test samples or repeated runs—in Table 1 and Table 2, enabling readers to754

assess statistical significance of the reported improvements755
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Guidelines:756

• The answer NA means that the paper does not include experiments.757

• The authors should answer "Yes" if the results are accompanied by error bars, confi-758

dence intervals, or statistical significance tests, at least for the experiments that support759

the main claims of the paper.760

• The factors of variability that the error bars are capturing should be clearly stated (for761

example, train/test split, initialization, random drawing of some parameter, or overall762

run with given experimental conditions).763

• The method for calculating the error bars should be explained (closed form formula,764

call to a library function, bootstrap, etc.)765

• The assumptions made should be given (e.g., Normally distributed errors).766

• It should be clear whether the error bar is the standard deviation or the standard error767

of the mean.768

• It is OK to report 1-sigma error bars, but one should state it. The authors should769

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis770

of Normality of errors is not verified.771

• For asymmetric distributions, the authors should be careful not to show in tables or772

figures symmetric error bars that would yield results that are out of range (e.g. negative773

error rates).774

• If error bars are reported in tables or plots, The authors should explain in the text how775

they were calculated and reference the corresponding figures or tables in the text.776

8. Experiments compute resources777

Question: For each experiment, does the paper provide sufficient information on the computer778

resources (type of compute workers, memory, time of execution) needed to reproduce the779

experiments?780

Answer: [Yes]781

Justification: We provide detailed specifications of our compute environment in Appendix,782

ensuring all reported results can be faithfully reproduced783

Guidelines:784

• The answer NA means that the paper does not include experiments.785

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,786

or cloud provider, including relevant memory and storage.787

• The paper should provide the amount of compute required for each of the individual788

experimental runs as well as estimate the total compute.789

• The paper should disclose whether the full research project required more compute790

than the experiments reported in the paper (e.g., preliminary or failed experiments that791

didn’t make it into the paper).792

9. Code of ethics793

Question: Does the research conducted in the paper conform, in every respect, with the794

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?795

Answer: [Yes]796

Justification: We fully adhere to the NeurIPS Code of Ethics in all aspects—including data797

collection and usage, privacy safeguards, and licensing—and provide discussion of these798

ethical considerations in Appendix.799

Guidelines:800

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.801

• If the authors answer No, they should explain the special circumstances that require a802

deviation from the Code of Ethics.803

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-804

eration due to laws or regulations in their jurisdiction).805

10. Broader impacts806
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Question: Does the paper discuss both potential positive societal impacts and negative807

societal impacts of the work performed?808

Answer: [Yes]809

Justification: We outline both potential benefits and risks associated with our E3VQA810

benchmark and M3CoT method in the Ethics Statement in Appendix, covering improved811

scene understanding applications alongside considerations of data privacy, bias, and potential812

misuse.813

Guidelines:814

• The answer NA means that there is no societal impact of the work performed.815

• If the authors answer NA or No, they should explain why their work has no societal816

impact or why the paper does not address societal impact.817

• Examples of negative societal impacts include potential malicious or unintended uses818

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations819

(e.g., deployment of technologies that could make decisions that unfairly impact specific820

groups), privacy considerations, and security considerations.821

• The conference expects that many papers will be foundational research and not tied822

to particular applications, let alone deployments. However, if there is a direct path to823

any negative applications, the authors should point it out. For example, it is legitimate824

to point out that an improvement in the quality of generative models could be used to825

generate deepfakes for disinformation. On the other hand, it is not needed to point out826

that a generic algorithm for optimizing neural networks could enable people to train827

models that generate Deepfakes faster.828

• The authors should consider possible harms that could arise when the technology is829

being used as intended and functioning correctly, harms that could arise when the830

technology is being used as intended but gives incorrect results, and harms following831

from (intentional or unintentional) misuse of the technology.832

• If there are negative societal impacts, the authors could also discuss possible mitigation833

strategies (e.g., gated release of models, providing defenses in addition to attacks,834

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from835

feedback over time, improving the efficiency and accessibility of ML).836

11. Safeguards837

Question: Does the paper describe safeguards that have been put in place for responsible838

release of data or models that have a high risk for misuse (e.g., pretrained language models,839

image generators, or scraped datasets)?840

Answer: [NA]841

Justification: The proposed E3VQA dataset is based on the existing dataset EgoExo4D842

dataset, and our paper does not introduce any new pretrained language models or image843

generators. Therefore, our research is free from the risk of misuse.844

Guidelines:845

• The answer NA means that the paper poses no such risks.846

• Released models that have a high risk for misuse or dual-use should be released with847

necessary safeguards to allow for controlled use of the model, for example by requiring848

that users adhere to usage guidelines or restrictions to access the model or implementing849

safety filters.850

• Datasets that have been scraped from the Internet could pose safety risks. The authors851

should describe how they avoided releasing unsafe images.852

• We recognize that providing effective safeguards is challenging, and many papers do853

not require this, but we encourage authors to take this into account and make a best854

faith effort.855

12. Licenses for existing assets856

Question: Are the creators or original owners of assets (e.g., code, data, models), used in857

the paper, properly credited and are the license and terms of use explicitly mentioned and858

properly respected?859
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Answer: [Yes]860

Justification: Reference 11 cites EgoExo4D, and Section 3 explicitly states that the dataset861

is based on it.862

Guidelines:863

• The answer NA means that the paper does not use existing assets.864

• The authors should cite the original paper that produced the code package or dataset.865

• The authors should state which version of the asset is used and, if possible, include a866

URL.867

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.868

• For scraped data from a particular source (e.g., website), the copyright and terms of869

service of that source should be provided.870

• If assets are released, the license, copyright information, and terms of use in the871

package should be provided. For popular datasets, paperswithcode.com/datasets872

has curated licenses for some datasets. Their licensing guide can help determine the873

license of a dataset.874

• For existing datasets that are re-packaged, both the original license and the license of875

the derived asset (if it has changed) should be provided.876

• If this information is not available online, the authors are encouraged to reach out to877

the asset’s creators.878

13. New assets879

Question: Are new assets introduced in the paper well documented and is the documentation880

provided alongside the assets?881

Answer: [Yes]882

Justification: Section 3 provides details on the generation pipeline of the proposed E3VQA883

dataset.884

Guidelines:885

• The answer NA means that the paper does not release new assets.886

• Researchers should communicate the details of the dataset/code/model as part of their887

submissions via structured templates. This includes details about training, license,888

limitations, etc.889

• The paper should discuss whether and how consent was obtained from people whose890

asset is used.891

• At submission time, remember to anonymize your assets (if applicable). You can either892

create an anonymized URL or include an anonymized zip file.893

14. Crowdsourcing and research with human subjects894

Question: For crowdsourcing experiments and research with human subjects, does the paper895

include the full text of instructions given to participants and screenshots, if applicable, as896

well as details about compensation (if any)?897

Answer: [NA]898

Justification: E3VQA datasets are created from existing EgoExo4D dataset, so crowdsourc-899

ing was not used.900

Guidelines:901

• The answer NA means that the paper does not involve crowdsourcing nor research with902

human subjects.903

• Including this information in the supplemental material is fine, but if the main contribu-904

tion of the paper involves human subjects, then as much detail as possible should be905

included in the main paper.906

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,907

or other labor should be paid at least the minimum wage in the country of the data908

collector.909

15. Institutional review board (IRB) approvals or equivalent for research with human910

subjects911
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Question: Does the paper describe potential risks incurred by study participants, whether912

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)913

approvals (or an equivalent approval/review based on the requirements of your country or914

institution) were obtained?915

Answer: [NA]916

Justification: The paper does not involve crowdsourcing nor research with human subjects.917

Guidelines:918

• The answer NA means that the paper does not involve crowdsourcing nor research with919

human subjects.920

• Depending on the country in which research is conducted, IRB approval (or equivalent)921

may be required for any human subjects research. If you obtained IRB approval, you922

should clearly state this in the paper.923

• We recognize that the procedures for this may vary significantly between institutions924

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the925

guidelines for their institution.926

• For initial submissions, do not include any information that would break anonymity (if927

applicable), such as the institution conducting the review.928

16. Declaration of LLM usage929

Question: Does the paper describe the usage of LLMs if it is an important, original, or930

non-standard component of the core methods in this research? Note that if the LLM is used931

only for writing, editing, or formatting purposes and does not impact the core methodology,932

scientific rigorousness, or originality of the research, declaration is not required.933

Answer: [Yes]934

Justification: The paper uses LLMs for dataset generation and multi-image VQA, as de-935

scribed in Sections 3 and 5.936

Guidelines:937

• The answer NA means that the core method development in this research does not938

involve LLMs as any important, original, or non-standard components.939

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)940

for what should or should not be described.941
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