
Do You See What I Am Pointing At?
Gesture-Based Egocentric Video Question Answering

Supplementary Material

Backbone r a lr Resolution
InternVL3-8B 64 128 1e-5 448→448
InternVL3-14B 32 64 2e-5 448→448
LLaVA-OneVision-7B 32 64 1e-5 384→384

Table 7. Hyperparameters for HINT per backbone. This ta-
ble summarizes the optimized training configurations. Here, ‘r’
denotes the LoRA rank, ‘a’ the LoRA scaling factor, and ‘lr’ the
learning rate used during finetuning.

A. Implementation Details
A.1. HINT Training Details
Table 7 summarizes the optimized hyperparameters used to
finetune HINT on each backbone. We initialized the hy-
perparameter search around values commonly used in prior
works and performed a grid search over LoRA rank and
scaling factor pairs of {(8, 16), (16, 32), (32, 64), (64, 128)}
and learning rates in {2e-7, 1e-5, 2e-5}. The reported con-
figurations were selected based on the best validation per-
formance for each backbone.

In all experiments, we finetune only the LoRA adapters
and the keypoint adapter while freezing the remaining back-
bone parameters. We use AdamW as the optimizer with a
cosine learning rate schedule and a linear warm-up ratio of
0.03. Input videos are uniformly sampled in time to a fixed
number of 32 frames, resized to the resolution in Tab. 7,
and normalized following each backbone’s default prepro-
cessing.

A.2. Evaluation Protocol
We evaluate all models using multiple-choice accuracy.
Each example consists of a question, candidate options,
and the index of the correct option. Models are instructed
to answer by selecting an option letter (“A”, “B”, etc.).
We handle several common output formats. If the entire
string (after trimming whitespace) is a single option let-
ter, we take it as the prediction. Otherwise, we progres-
sively clean the output by stripping special markup such as
<answer>...</answer>, as well as trailing control
tokens (e.g., <|im end|>) and boilerplate phrases (e.g.,
“Here’s the answer:”). After this cleaning step, we apply a
sequence of regular expressions that search for: (i) a letter
enclosed in parentheses, e.g., “(A)”; (ii) a letter followed
by punctuation, e.g., “A.”, “B)” or “C]”; and (iii) an “An-
swer:” pattern at the end of the string, e.g., “Answer: D”. In
all cases, we restrict matches to letters between “A” and the
last valid option letter for that specific example. If a match

Method Video-MME MVBench EgoSchema EgoBlind

InternVL3-8B 64.2 73.2 67.2 52.8
HINT InternVL3-8B 64.6 73.2 67.1 57.5

Table 8. Performance on existing video understanding bench-
marks. Comparison of HINT against the baseline InternVL3-8B
on Video-MME [15], MVBench [26], EgoSchema [28] (MCQ),
and EgoBlind [11]. The results indicate that finetuning on our
dataset preserves the model’s general video understanding capa-
bilities.

is found and the letter is valid, we treat it as the model’s
prediction and otherwise, we mark the prediction as invalid.
Multiple-choice accuracy is computed as the fraction of ex-
amples for which the extracted option letter exactly matches
the ground-truth option. For all baselines and HINT vari-
ants reported in the paper, we successfully extracted a valid
option letter for every prediction, so the reported accuracies
correspond to exact letter-wise matches without any manual
corrections or post-hoc filtering.

B. Additional Analysis
B.1. HINT Performance on Existing Benchmarks
In Table 8, we report the performance of HINT on
standard video understanding benchmarks to investigate
whether finetuning on our proposed dataset compromises
the model’s pretrained general capabilities. We compare our
method with the backbone model, InternVL3-8B, on Video-
MME [15], MVBench [26], and EgoSchema [28]. All eval-
uations use 32 uniformly sampled frames without any ad-
ditional fine-tuning on the target benchmarks. This result
demonstrates that the gesture-aware representations learned
by HINT transfer positively to related egocentric assistive
QA scenarios, even when explicit pointing gestures are ab-
sent in the target benchmark. As can be easily observed,
HINT achieves comparable performance compared to the
baseline. This demonstrates that our finetuning strategy ef-
fectively injects pointing gesture understanding capability
without leading to catastrophic forgetting in general video
understanding tasks, and also can be transfer positively to
related egocentric assistive QA scenarios even when ex-
plicit pointing gestures are absent in the target benchmark.

B.2. Human Performance
We report the average accuracy of 5 participants. Each par-
ticipant evaluated the full test set. The near-ceiling per-
formance (total average 95.9%) confirms the questions are
clear and easy for humans, yet reveals a substantial gap to



Ref. Temp. Spat. Count Attr. Feed.
Human 98.2 94.3 93.3 92.8 96.5 100.0

Table 9. Human performance on EGOPOINTVQA. We report
the average accuracy of 5 human participants, each evaluating the
full test set (672 questions).

Video Reference Temporal Spatial Attribute

Original 75.0 66.1 64.9 61.0
w/o Hand 41.7 21.4 44.4 36.3

Table 10. Ablation study on the effect of hand gestures. Perfor-
mance comparison on our dataset with and without the pointing
hand visible in the video frames. The significant drop in perfor-
mance across all tasks in the ‘w/o Hand’ setting confirms that the
pointing gesture is essential for identifying the target.

Reference Temporal Spatial Count Attribute Feedback

Random 20.0 20.0 27.0 20.0 20.0 50.0
Blind 16.7 25.5 32.0 6.3 22.5 54.9
Choices-only 20.8 25.5 20.8 10.4 21.6 54.1

Table 11. Dataset bias analysis. We evaluate two text-only base-
lines to detect potential shortcuts: “Blind” receives the question
text without video, and “Choices-only” receives only the answer
options without the question or video. Performance near random
chance confirms that EGOPOINTVQA requires visual grounding.

current MLLMs (best performing model 68.1%).

B.3. Effect of Hand Gestures in Video
To assess the importance of explicit pointing cues, we con-
struct a static-video variant of EGOPOINTVQA in which
the camera wearer’s hand is removed while keeping the rest
of the scene and camera motion unchanged. We then eval-
uate models, including HINT, on this modified data using
the same training and evaluation protocol as in the main
experiments. Table 10 shows that removing hand gestures
causes a large degradation in performance. This confirms
that egocentric pointing cues are critical for resolving deic-
tic references in EGOPOINTVQA.

B.4. Dataset Bias Analysis
To verify that EGOPOINTVQA does not contain unintended
textual shortcuts, we evaluate two degenerate baselines that
receive no visual input (Table 11). The Blind baseline feeds
only the question text (without the video) to the model, test-
ing whether the question wording alone leaks the answer.
The Choices-only baseline provides only the multiple-
choice options (without either the question or video), test-
ing whether the answer can be guessed from the option
distribution. Both baselines perform near random chance
across all six task categories: Blind achieves 16.7–54.9%
and Choices-only achieves 10.4–54.1%, closely matching
the random baseline of 20.0–50.0%. These results confirm
that EGOPOINTVQA genuinely requires visual grounding
of pointing gestures to resolve deictic references, and that
our question-answer generation pipeline does not introduce

Figure 7. Representative failure cases on EGOPOINTVQA. (a)-
(b): baseline MLLM failures due to saliency bias and temporal
confusion, respectively. (c)-(d): remaining HINT failures caused
by unreliable hand keypoints and rapid viewpoint drift.

systematic textual or statistical shortcuts.

B.5. Failure Analysis

In Figure 7, we visualize example failure modes to better
understand the limitations of both existing MLLMs and our
proposed HINT.
Existing MLLM failure modes. We identify two dominant
error patterns in baseline models. (a) Saliency/center bias:
in cluttered scenes, models tend to predict a visually promi-
nent or centrally located object rather than the one actually
being pointed at. For example, the model may focus on a
nearby blue shirt instead of the actual referent. (b) Temporal
confusion: when multiple objects are sequentially pointed
at, baseline models frequently confuse the temporal order,
e.g., predicting the second pointed object when the question
asks about the first. HINT mitigates both failure modes by
providing frame-aligned 3D hand geometry that explicitly
anchors deictic references to the correct spatial and tempo-
ral locations.
Remaining HINT failure modes. Despite the overall im-
provements, HINT fails under certain challenging condi-
tions. (c) Unreliable gesture signal: when the hand is af-
fected by motion blur or partial occlusion, the 3D hand re-
construction from WiLoR becomes noisy. In such cases,
the hand detection confidence may fall below the threshold
ω , resulting in absent hand intent tokens, or the tokens may
encode misleading pose information. (d) Rapid viewpoint
drift: fast head movements can cause the target object to
leave the camera’s field of view entirely, making it harder
for the model to associate the gesture with the correct ref-
erent regardless of the quality of hand tokens. These re-
maining errors are largely attributable to input signal qual-
ity rather than architectural limitations, suggesting that ad-
vances in robust hand pose estimation and temporal object
tracking under egocentric motion would yield further gains.



C. EGOPOINTVQA
In this section, we provide additional analysis of
EGOPOINTVQA, qualitative visualizations, and a detailed
description of the question answer pair generation pipeline.

C.1. Video Collection Details
Participants. We recruit 20 participants from 12 nation-
alities (11 female, 9 male; ages 18–45) to collect the real-
world portion of EGOPOINTVQA. The diverse participant
pool ensures variation in hand shape, skin tone, and pointing
style, which encourages models to generalize across differ-
ent users rather than overfitting to a narrow demographic.
Scenes and activities. Real-world videos are captured
across a broad variety of settings, including offices,
kitchens, living rooms, streets, train platforms, and bal-
conies. Activities during recording span desk work, orga-
nizing, artwork, and cooking, reflecting natural everyday
scenarios in which pointing gestures commonly occur. Of
the 400 collected videos, 360 are recorded in indoor envi-
ronments and 40 in outdoor settings.
Capture protocol. Each participant wears Meta Ray-Ban
smart glasses and is instructed to point with one hand using
an extended index finger for at least 2 seconds at objects of
their choice. We require that more than 3 objects are visible
in the scene to ensure sufficient visual complexity for gen-
erating challenging deictic questions. Each clip ranges from
3–8 seconds at 30 FPS with a resolution of 1536→2048.

Data Split # Vid. # QA Vid. Dur.(s) # Obj.

Train(Real) 100 640 4.61 22.5
Train(Synthetic) 4,000 18,745 11.6 11.6
Test (Real) 300 672 5.05 16.5

Table 12. EGOPOINTVQA statistics. Statistics of the dataset
across synthetic and real-world splits. Real-world clips generally
feature higher object density (scene complexity) than synthetic
clips.

Figure 8. Spatial distribution of target objects in
EGOPOINTVQA. ‘x’ and ‘y’ axes refer to the horizontal
and vertical pixel coordinates, respectively. Individual object
locations are shown as scattered dots.

C.2. Dataset Statistics
Table 12 summarizes the scale and complexity of
EGOPOINTVQA. The dataset is composed of a large-scale
synthetic training set (4,000 videos) to encourage robust
generalization, complemented by real-world data for do-
main adaptation and testing. Notably, the real-world videos
contain a higher density of objects (avg. 22.5 and 16.5 per
video) compared to the synthetic set (avg. 11.6 per video),
presenting a greater challenge in grounding target pointed
objects.

In Fig. 8, we visualize the spatial distribution of target
objects by their center coordinate within the frame. While
there is a natural center bias typical of egocentric videos,
where users tend to center objects they interact with, the
heatmap demonstrates a diverse distribution of the object
location. This broad distribution confirms that models can-
not rely solely on center priors and must utilize the pointing
gestures to resolve references.

C.3. Extended Visualization of EGOPOINTVQA

We provide additional qualitative examples from the real-
world split of EGOPOINTVQA in Figures 19 and 20.
Figure 19 presents samples recorded in indoor environ-
ments, illustrating various household objects and close-
range pointing gestures. In contrast, Figure 20 depicts se-
quences captured in outdoor settings. These visualizations
showcase the range of scenes and contexts included in the
collected data.

C.4. Synthetic Video Generation
We generate synthetic egocentric videos using the AI2-
THOR simulator [23] running in Unity. Our implementa-
tion utilizes AI2-THOR commit 0+8524ea and Unity ver-
sion 2020.3.25f1 The video generation process follows
four steps.
First, we randomly sample a scene, an agent location, and a
head camera orientation. We keep only viewpoints where at
least three objects are simultaneously visible according to
ground-truth instance segmentation masks from the simula-
tor.
From the visible entities, we select a target object of the
pointing gesture. To ensure valid grounding, we require the
object to meet two criteria: more than 10% of its pixels must
be visible, and its depth must be within 2.0 meters from the
agent.
For the target object, we retrieve a pointing animation from
the MIXAMO [21] library that possesses the most similar
initial pose to the required trajectory. We then apply Inverse
Kinematics (IK) to refine the avatar’s arm and hand config-
uration, forcing the index finger to align precisely with the
target object.
After IK adjustment, we verify that the pointing ray orig-
inating at the fingertip intersects the 3D bounding box of



the target. If the pointing deviates or misses the target, we
discard this sample and resample a new viewpoint/pose.

C.5. Automatic Question and Answer Generation
Details

We provide a detailed breakdown of the prompts and logic
used in our three-stage generation pipeline described in the
main paper (§ 3.3). We utilize InternVL3-78B [53] for
scene information extraction and multiple-choice question-
answer pair generation (Stages 1& 2) and GPT-4o [20] for
linguistic refinement and quality control (Stage 3).
Stage 1: Dense scene information extraction. Instead
of generic captions, we require structured scene graphs to
ground the subsequent QA generation. As shown in Fig. 9,
we prompt the annotator MLLM to act as a Dense Scene
Fact Miner.” The model analyzes the video frames and
outputs a JSON list of all salient objects. To ensure high-
quality grounding, we enforce two strict constraints in the
prompt: (1) Hand-Agnostic Descriptions: The model is ex-
plicitly forbidden from describing human interaction (e.g.,
pointed by a hand) to ensure object attributes are described
objectively based on their visual state. (2) Discriminative
Expressions: If multiple instances of the same category ex-
ist, the model must generate unique referring expressions to
distinguish them.
Stage 2: Target-specific multiple-choice question an-
swer generation. We generate the question stem and the
multiple-choice options in two sequential sub-steps to en-
sure logical consistency.
Stage 2-1: Question-answer pair generation. First, we
feed the scene JSON from Stage 1 and a list of target object
IDs into the MLLM. We use a modular prompting approach:
a general instruction template (Fig. 10) is combined with
specific Task Modules depending on the question category.
The General Template enforces that the answer must be de-
rived exclusively from the provided scene JSON to prevent
hallucinations. The Task Modules contain specific logic for
our six tasks: Reference (Fig. 11), Attribute (Fig. 12), Spa-
tial (Fig. 13), Feedback (Fig. 14), Counting (Fig. 15), and
Temporal (Fig. 16).
Stage 2-2: Negative choices generation. To convert
the QA pairs into challenging Multiple-Choice Questions
(MCQs), we prompt the model to generate distractors based
on the specific question type, as detailed in Fig. 17. For bi-
nary questions, the model is restricted to “Yes/No” options.
For open-ended questions, we instruct the model to generate
four “Hard Negatives” using a prioritized strategy: (1) Vis-
ible Sources: Attributes or locations of neighboring objects
in the scene (e.g., if the target is red, select the color of a
nearby blue cup). (2) Plausible Fakes: Attributes that are se-
mantically valid for the category but visually incorrect. (3)
Logical Opposites: For spatial or temporal relations (e.g.,
“Left” vs. “Right”).

Stage 3: Deictic question rephrasing. In the final stage,
we prompt GPT-4o to transform the structured, robotic
questions into natural, spoken egocentric queries (Fig. 18).
The prompt acts as both a linguistic rephraser and a quality
control. The model is instructed to replace target placehold-
ers with deictic pronouns (“this”, “that”), while preserving
the names of reference objects (anchors) that are not being
pointed at (e.g., “Is this closer than the red book?”). Here,
we enforce that the rephrased question must be ambiguous
if read without seeing the pointing gesture.



Figure 9. Prompt used for dense scene information extraction (Stage 1). Instructions given to the MLLM to extract a structured JSON
list of all salient objects.

Figure 10. General template for QA pair generation (Stage 2-1). The base instruction template is used for all question types. It enforces
that the ”correct answer” must be derived exclusively from the scene JSON provided in Stage 1 to prevent hallucinations.



Figure 11. Task-specific prompt for Reference QA generation. This task directs the model to generate questions that require identifying
the specific description or category of the pointed-at object (e.g., “What is this?”).

Figure 12. Task-specific prompt for Attribute QA generation. This module focuses on fine-grained visual details, instructing the model
to query properties such as color, shape, material, or state (e.g., “Is this sliced?”).



Figure 13. Task-specific prompt for Spatial QA generation. This task generates questions regarding the relative position or depth of the
target object compared to other landmarks in the scene (e.g., “Is this to the left of the sink?”).

Figure 14. Task-specific prompt for Feedback QA generation. This task tests reasoning about user intent and affordance, generating
questions about whether a specific object is suitable for a stated goal (e.g., “I am thirsty. Can I drink this?”).



Figure 15. Task-specific prompt for Counting QA generation. This task tests visual search capabilities by asking the model to enumerate
instances of the pointed-at object category visible in the scene.

Figure 16. Task-specific prompt for Temporal QA generation. This task challenges the model’s ability to recall the chronological
sequence of pointing gestures (e.g., “What is the second object I pointed at?”).



Figure 17. Prompt used for negative choices generation (Stage 2-2). Instructions for generating negative choices. The model is prompted
to select attributes from neighboring objects or plausible but incorrect properties to create challenging multiple-choice options.

Figure 18. Prompt used for deictic question rephrasing (Stage 3). The final prompt in the pipeline, where GPT-4o acts as a linguistic
expert to convert structured queries into natural, spoken questions. It replaces explicit object names with deictic pronouns (“this”, “that”)
to ensure the question requires visual grounding to be answered.



Figure 19. Examples from real-world indoor scenes. Samples from the real-world split of the dataset, captured in indoor environments.
Each row displays the sample video frames alongside the corresponding question-answer pair generated by our pipeline. The correct
answer is bolded and underlined within the options.



Figure 20. Examples from real-world outdoor scenes. Samples from the real-world split of the dataset, captured in outdoor environments.
Each row displays the sample video frames alongside the corresponding question-answer pair generated by our pipeline. The correct answer
is bolded and underlined within the options.



Figure 21. Examples from synthetic training data. Samples from the large-scale synthetic training set generated via AI2-THOR.
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