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Abstract

Multimodal Large Language Models (MLLMs) have shown impressive video
content understanding capabilities but struggle with fine-grained motion compre-
hension. To comprehensively assess the motion understanding ability of existing
MLLMs, we introduce FAVOR-Bench, which comprises 1,776 videos from both
ego-centric and third-person perspectives and enables assessment through both
close-ended and open-ended tasks. For close-ended evaluation, we carefully design
8,184 multiple-choice question-answer pairs spanning six distinct sub-tasks. For
open-ended evaluation, we employ the GPT-assisted evaluation and develop a
novel cost-efficient LLM-free assessment method, where the latter can enhance
benchmarking interpretability and accessibility. Comprehensive experiments with
21 state-of-the-art MLLMs reveal significant limitations in their ability to com-
prehend and describe detailed temporal dynamics in video motions. To alleviate
this limitation, we further build FAVOR-Train, a dataset of 17,152 videos with
fine-grained motion annotations. Finetuning Qwen2.5-VL on FAVOR-Train yields
consistent improvements on motion-related tasks across TVBench, MotionBench
and our FAVOR-Bench. Our assessment results demonstrate that the proposed
FAVOR-Bench and FAVOR-Train provide valuable tools for the community to
develop more powerful video understanding models.

1 Introduction

Multimodal Large Language Models (MLLMs) have demonstrated remarkable video understanding
capabilities [6, 56, 52]. The emergence of high-quality video-text datasets [32, 4, 46] has further
promoted their development and powered various downstream applications like motion recognition,
caption generation and video generation [53, 18, 26, 61, 2, 41, 57]. To effectively evaluate the
capabilities of these models, kinds of benchmarks with different focuses have been developed, such as
comprehensive capabilities [11, 24], long-video understanding [60, 12], and video reasoning [47, 49].

Despite these advances in video understanding benchmarks, the evaluation of fine-grained video
motion understanding remains under-explored, particularly across diverse viewing perspectives and
evaluation tasks. This capability is critical for fields that require precise understanding and control
(such as embodied imitation learning [42, 10] and text-image to video generation (TI2V) [15, 33]).
As shown in Figure 1, while MLLMs can identify overall behaviors in videos, they struggle with
problems related to fine-grained motions. For open-ended description tasks, even when explicitly
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Task 1: Which of the following comprehensively summarizes the overall movement state 
transition of the man in the black jacket? <Coarse-Grained Task>
Options:
(1) Remained seated without moving;
(2) Only slight up and down head movement throughout;
(3) Suddenly jumped and then fell to the ground;           
(4) Gradually accelerated running from a standing position; 
(5) Transitioned from a stationary head-down posture to upright movement.

GPT-4o Qwen2-VL-72B

Task 2: When the man lowers his head, what is the state of his hands?    <Fine-Grained Task>
Options:
(1) Crossing arms in front of the chest; (2) Right hand in the pants pocket; 
(3) Left hand holding the coat zipper;          (4) Left Hand hanging down;
(5) Hands raised above the head.

GPT-4o

The video frames depict a tense,
exploratory scene with a man naviga

-ting through a narrow, dimly lit passage. 
The individual moves cautiously, shining a
flashlight on the surroundings while
crouching low. The environment suggests a
hidden or secretive search mission,
perhaps involving treasure or hidden
artifacts. The camera angles are mostly
tight, focusing on the man's actions and the 
immediate environment, enhancing the
feeling of suspense and confined space.

The scene captures a tense moment 
where a character, holding a wand, is 
casting a spell. The camera remains steady, 
focusing on the character's intense 
expression and the glowing wand tip as they 
channel energy. A burst of orange light erupts
from the wand, indicating the release of a 
powerful spell. The surrounding environment,
with its rugged stone walls and scattered
debris, suggests a recent struggle or battle.
The character's posture and concentration
convey urgency and determination. 

Qwen2-VL-72B

Transitioned from a stationary 
head-down posture to upright 
movement 

Transitioned from a stationary 
head-down posture to upright 
movement 

Right hand in the pants pocket Left hand holding the coat zipper 

Task 3: Please describe the temporal dynamics in this video, focusing on the camera motions, 
actions, activities, and interactions rather than the static content.       < Description Task >

GT: The camera remains still. A man wearing a black coat is crouching down, with his left hand
extended forward and a flashlight in his right hand. He is looking ahead. Then, his left hand
hangs down and presses on the ground, while his right hand rests on his knee with his elbow
bent, and he lowers his head at the same time. After that, he raises his head, squints his eyes, 
and stands up. Finally, he bends over and moves to the right. 

ssssss ssssssStatic Description Motion Description

GT Answer

Ssssss Incorrect Motion Description

Figure 1: Illustration of motion understanding capabilities of proprietary and open-source MLLMs.
Both models correctly answer the coarse-grained summarization question (Task 1), but fail to resolve
the fine-grained action detail question (Task 2). For the open-ended description task (Task 3), despite
being required to focus on temporal dynamics, the responses emphasize static content, and the motion
descriptions are either coarse-grained or contain errors.

instructed to focus on temporal dynamics, models predominantly emphasize static content and
often lack fine-grained analysis of the motions and activities. Traditional datasets like ActivityNet-
QA [54] and motion-related subsets in recent benchmarks [24, 60] primarily focus on the event-level
granularity. The concurrent MotionBench [14] evaluates motion-level perception through multiple-
choice questions but is limited to third-person perspective videos and lacks open-ended assessment.

To mitigate these concerns, we introduce FAVOR-Bench, a comprehensive benchmark for fine-grained
video motion understanding. FAVOR-Bench spans both ego-centric and third-person perspectives
with 1,776 videos from diverse fields. Furthermore, our evaluation framework encompasses close-
ended and open-ended tasks to assess motion understanding capabilities thoroughly. For close-ended
evaluation, we carefully curate 8,184 challenging multiple-choice QA pairs across six distinct
tasks using a semi-automated pipeline. Specifically, we employ the powerful DeepSeek-R1 [13]
to generate initial QA pairs based on structured motion annotation metadata, followed by blind
filtering and single-frame filtering to remove questions that can be solved through common sense
or isolated frames. Subsequently, all QA pairs undergo manual verification to ensure quality. For
open-ended evaluation, we construct fine-grained motion-level captions for each video to assess
models’ generative capabilities. We follow existing benchmarks with open-ended evaluation [60, 39]
to incorporate the widely-used GPT-assisted evaluation. While relatively reliable, it comes with
substantial costs when evaluating numerous models or on large-scale datasets. Therefore, we propose
a novel LLM-free framework as a complementary evaluation approach with better interpretability
and reproducibility, making the assessment of open-ended motion understanding more accessible.

Comprehensive results on FAVOR-Bench reveal significant limitations in current video understanding
models’ fine-grained motion comprehension capabilities. In close-ended evaluation, Gemini-1.5-Pro
achieves the highest overall accuracy (49.77%), while Qwen2.5-VL-72B leads among open-source
models (47.96%). Most models perform better on ego-centric videos than third-person videos, suggest-
ing that capturing complex camera motions and interactions among multiple subjects in third-person
perspectives remains challenging. For open-ended evaluation, Tarsier2-Recap-7B demonstrates the
strongest generative performance in GPT-assisted (4.60/4.38) and LLM-free (56.58%) evaluations.
However, the performance is still below the practical deployment expectations for real-world appli-
cations. Notably, our proposed LLM-free framework shows a strong correlation with GPT-assisted
evaluations, validating its effectiveness as a more accessible evaluation alternative. To promote the
development of fine-grained motion comprehension, we further build FAVOR-Train, comprising
17,152 videos with fine-grained manual annotations spanning both third-person and ego-centric
perspectives. By performing supervised fine-tuning (SFT) on Qwen2.5-VL [52] with FAVOR-Train,
we achieve consistent improvements across all metrics: +1.07% in close-ended accuracy, +0.27/+0.12
points in GPT-assisted evaluation, and +7.87% in LLM-free evaluation. We further evaluate the
fine-tuned model on TVBench [9] and MotionBench [14], also enhancing the performance on
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motion-related tasks. These evaluations demonstrate that FAVOR-Train can effectively strengthen
fine-grained motion comprehension capabilities, showcasing its value for developing more powerful
video understanding models.

Our contribution can be concluded from three aspects:

• We present FAVOR-Bench, the first fine-grained video motion understanding benchmark
that spans both ego-centric and third-person perspectives with comprehensive evaluation
including both close-ended QA tasks and open-ended descriptive tasks.

• We propose a novel LLM-free evaluation framework that complements GPT-assisted assess-
ment, providing a more accessible, interpretable, and cost-effective approach for evaluating
open-ended motion descriptions.

• We construct FAVOR-Train, a training dataset covering third-person and ego-centric videos
with fine-grained motion annotations, which can improve MLLMs’ motion understanding
capabilities and promote the development of more powerful models.

2 Related Work

2.1 MLLMs for Video Understanding

Recent advancements in Multimodal Large Language Models (MLLMs) have enhanced video un-
derstanding capabilities through module designs and scalable training paradigms. Models include
VideoLLaMA3 [8, 56] pioneer vision-centric designs with dynamic tokenization to capture fine-
grained spatial details and temporal dynamics. The Tarsier series [43, 55] combines CLIP encoders
with LLMs and temporal alignment techniques, enabling precise video description and causal reason-
ing. Qwen2-VL [45] and InternVL 2.5 [6] unify multimodal processing through dynamic resolution
mechanisms and propose advanced positional embeddings, which support high-resolution inputs
and better multimodal integration. Additionally, performance across various video tasks of MLLMs
also benefits from larger-scale training data and parameters [52, 7]. These rapid advancements
underscore the necessity for more challenging benchmarks to evaluate specific aspects of MLLMs’
video understanding capabilities.

2.2 Video Understanding Benchmarks

With the development of video understanding models, various benchmarks have been constructed
to evaluate their capabilities. Traditional benchmarks primarily evaluate basic video understanding
capabilities [50, 3]. Subsequent works reveal the single frame bias [16, 22] and emphasize evaluating
temporal dynamics from diverse aspects [35, 28]. Recently, benchmarks focusing on different aspects
have been constructed, as depicted in Table 1. Comprehensive benchmarks like MVBench [24] and
Video-MME [11] evaluate general video understanding capabilities. Besides, specialized benchmarks
focused on specific challenging scenarios, such as long-form videos [60, 30], counter-intuitive
reasoning [49], and ego-centric video understanding [30].

For evaluation methods, multiple-choice questions remain the most common approach [24, 9, 30,
60, 14], while open-ended evaluation is increasingly adopted. Early benchmarks employ similarity-
based metrics for short generative tasks [48, 54] while descriptive tasks with long responses [29,
60, 5] commonly utilize GPT-assisted evaluation. However, recent studies raise concerns about the
interpretability and evaluation costs on large-scale datasets [9, 44], highlighting the need for more
accessible evaluation frameworks.

For motion understanding in videos, ActivityNet-QA [3] introduces VideoQA with manually an-
notated datasets. NExT-QA [48] further evaluates causal and temporal reasoning abilities. Several
comprehensive benchmarks include action and motion understanding subsets [60, 24, 9]. However,
these works primarily evaluate at the event level, lacking consideration for more fine-grained motions.
The concurrent MotionBench [14] attempts to bridge this gap through multiple-choice evaluation
of motion-level perception but is limited to third-person perspectives and close-ended evaluation.
Compared to existing works, our FAVOR-Bench provides a more comprehensive evaluation for
fine-grained motion understanding from both video perspectives and evaluation tasks. Furthermore,
we propose an LLM-free framework complementary to GPT-assisted evaluation that benefits the
accessibility of open-ended motion understanding evaluation.
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Figure 2: Data statistics of FAVOR-Bench. Left: Task type distribution across close-ended and
open-ended evaluation in FAVOR-Bench. Middle: Distribution of annotated motion sequence length
per video. Right: The word cloud statistics of motion vocabularies in FAVOR-Bench.

Table 1: Comparison of FAVOR-Bench with existing video understanding benchmarks. #Videos and
#Close-Ended QA refer to the number of videos and close-ended question-answer pairs respectively.
FAVOR-Bench covers wide video types (Third-Person, Ego-Centric, Simulation) while focusing on
fine-grained motion understanding. Moreover, FAVOR-Bench provides comprehensive evaluation, in-
cluding close-ended QA and open-ended tasks (both GPT-assisted and a novel LLM-Free evaluation).

Benchmarks #Videos
Video Type

Fine-Grained Motion #Close-Ended QA
Open-Ended Evaluation

Third-Person Ego-Centric Simulation GPT-Assisted LLM-Free
MVBench [24] 4,000 ✓ ✗ ✓ ✗ 4,000 ✗ ✗
TVBench [9] 2,525 ✓ ✗ ✓ ✗ 2,525 ✗ ✗
AutoEval-Video [5] 327 ✓ ✓ ✓ ✗ – ✓ ✗
EgoSchema [30] 5,031 ✗ ✓ ✗ ✗ 5,031 ✗ ✗
EgoTaskQA [20] 2,315 ✗ ✓ ✗ ✓ 40,322 ✗ ✗
MLVU [60] 1,730 ✓ ✗ ✓ ✗ 3,102 ✓ ✗
MovieChat-1K [38] 130 ✓ ✗ ✗ ✗ 1,950 ✗ ✗
MotionBench [14] 5,385 ✓ ✗ ✓ ✓ 8,052 ✗ ✗

FAVOR-Bench 1,776 ✓ ✓ ✓ ✓ 8,184 ✓ ✓

3 FAVOR-Bench: Fine-Grained Video Motion Understanding Benchmark

This section presents FAVOR-Bench, a comprehensive benchmark for fine-grained video motion un-
derstanding. We start with a brief overview of FAVOR-Bench. Then, we provide detailed descriptions
of the dataset curation and evaluation tasks.

3.1 Overview

FAVOR-Bench consists of 1,776 carefully curated videos spanning diverse domains and perspectives.
The video durations add up to 10.2 hours, with an average of 20.6 seconds. Using a semi-automatic
pipeline, we construct 8,184 challenging QA pairs based on fine-grained structured annotations,
challenging models through six motion-centric tasks. In addition, FAVOR-Bench includes open-
ended evaluation, comprising the widely adopted GPT evaluation and our novel LLM-free evaluation
framework. Through these tasks, we comprehensively assess models’ fine-grained motion under-
standing and description capabilities. Figure 2 shows data statistics of FAVOR-Bench, including task
distribution, annotated motion sequence length, and motion vocabulary distribution.

3.2 Dataset Curation

This section elaborates on FAVOR-Bench’s dataset curation process, including data collection,
filtering, and manual annotation.

Data Collection and Filtering. The raw videos we collected consist of four types: daily-life records,
TV series, animations and ego-centric videos. To ensure fine-grained motion understanding and
annotation quality, we choose videos with rich motions and manageable durations. For daily-life
record, 868 videos are sampled from Charades [37] with the highest quality scores (provided by
Charades). For TV series and animations, video clips with high motion quality are acquired with a
comprehensive pipeline including scene-aware cropping, optical flow-based filtering, and manual
curation. 574 clips from TV-series and 138 clips from animations are selected. For Egocentric videos,
we select EgoTaskQA [20] as the data source and randomly sample 196 videos. More details of video
curation and filtering are provided in Section C of the Supplementary Materials.
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Open-Ended Evaluation

Close-Ended Evaluation
Action Sequence (AS)

Question: In the video, what is the correct sequence of actions performed by the man in plaid clothes?
(1) Rise and cheer → Body swaying → Move the sandbag away → Move forward to hug the sandbag, walk around and speak;
(2) Move the sandbag away → Body swaying → Move forward to hug the sandbag, walk around and speak → Rise and cheer;
(3) Move forward to hug the sandbag, walk around and speak → Rise and cheer → Body swaying → Move the sandbag away;
(4) Body swaying → Move the sandbag away → Rise and cheer → Move forward to hug the sandbag, walk around and speak;
(5) Body swaying → Rise and cheer → Move forward to hug the sandbag, walk around and speak → Move the sandbag away.

Holistic Action Classification (HAC)
Question: Based on the overall dynamics of the video, what 
activity is the woman wearing a tank top primarily engaged in?
(1) Repeatedly adjusting protective gear;
(2) Continuously engaging in boxing training;
(3) Intermittently kicking and hitting the sandbag;
(4) Quickly moving feet to circle the area;
(5) Interacting with her reflection in the mirror.

Non-Subject Motion (NSM)
Question: Which non-subject element's dynamic change is 
correlated with the main characters' activities?
(1) The ceiling fan suddenly speeds up;
(2) The door in the background closes automatically;
(3) The figure in the mirror continues to move;
(4) A vehicle brakes abruptly outside the window;
(5) The poster on the wall falls off.

Single Action Detail (SAD)
Question: In the video, what action did the man in the plaid 
clothes and gray pants perform on the sandbag?
(1) Body swaying;
(2) Stand up and cheer;
(3) Move the sandbag away;
(4) Practice boxing;
(5) Shake the sandbag up and down.

Multiple Action Details (MAD)
Question: In the video, what interactions did the man wearing a checkered shirt have with the sandbag at different moments?
(1) Move forward to hug the sandbag;
(2) Practice boxing, move the sandbag away, and shake the sandbag up and down;
(3) Shake the sandbag up and down, practice boxing, and push the sandbag with hands;
(4) Move forward to hug the sandbag, push the sandbag with hands, and move the sandbag away;
(5) Move forward to hug the sandbag, move the sandbag away, and take off the boxing gloves.

Camera Motion (CM)
Question: When the camera moves to the right, on which 
subject's action does the camera's focus mainly concentrate?" 
(1) The woman keeps practicing boxing movements;
(2) The man moves and hugs the sandbag;
(3) The movement track of the person in the mirror;
(4) The swaying state of the sandbag when moved aside;
(5) The man gets up from the chair and cheers.

GPT-Assisted Evaluation LLM-Free Evaluation Framework

Compare & Evaluate

Language Toolkit
Extract

Correctness: 6
Reason: ...

Detailedness: 5
Reason: ...

Precision: 
63.5

Recall: 
53.4

Order: 
89.5

Motion-Related Elements in Model Response:
Camera Motion: Camera shakes.
Subjects: {Subject 1: Woman ...}
Motion List: {Subject 1: [kicks the bag with her leg, ...],

Subject 2: [stands up, ...]}
Temporal Motion List:
kicks the bag with her leg (Subject 1), ...

Match 
& 

Compare

Manual Annotated Caption:
Forward dolly shows a woman practicing
boxing. A man sits on a chair swaying his
body, with a figure moving in the mirror.
The man stands up and cheers. The camera
follows the man as he walks forward,
holds the punching bag, and talks while
moving. Left pan reveals the woman still
practicing boxing. Right pan shows the
man moving the punching bag away.

Prompt: Please analyze and describe the temporal dynamics in this video, focusing on the camera motions, actions, activities,
and interactions rather than the static content.

Model Response: The camera shakes as a woman in green pants hits a punching bag with her hands, then turns to the right and
kicks the bag with her leg. A man in a checkered shirt stands up and walks to the bag and holds it steady for her. The woman
in green pants then kicks the bag again, while the man in the checkered shirt speaks and gestures.

Manual Structured Annotation:
Camera Motion: Forward dolly, Tracking shot, Left pan, Right pan.
Subjects: {Subject 1: Woman [Tank top, gray shorts],

Subject 2: Man [Checkered shirt, black hair]}
Motion List:
{Subject 1: [Practices boxing], Subject 2: [Sways body, Stands up, ...]}
Temporal Motion List:
Practices boxing (Subject 1), Sways body (Subject 2), Stands up (Subject 2), ...

Figure 3: Overview of evaluation tasks. FAVOR-Bench comprises close-ended and open-ended
evaluations. The close-ended evaluation includes six tasks focusing on different aspects. The open-
ended evaluation comprises a GPT-assisted evaluation and a novel LLM-free framework. The former
directly compares model responses with manual captions, while the latter parses structured motion
elements from responses and compares them with the structured annotations.

Manual Annotation. We hired eight highly educated personnel for a two-week full-time labeling
process with a manual inspection-revision mechanism. For each video, structured annotations include:
1) Subjects (such as man, dog, first-person subject, etc.) involved in motion or action, with up to three
attributes (like wearing, color, etc.) 2) Per-subject motion lists with timestamps specified in seconds.
3) Camera motions with timestamps specified in seconds. 4) Comprehensive video captions, which
includes all the annotated subjects, motions, and camera motions mentioned above.

3.3 Close-Ended Evaluation

3.3.1 Task Definition

Close-ended tasks are widely adopted as a quantitative evaluation of specific capabilities. FAVOR-
Bench examines six critical dimensions of fine-grained motion understanding through carefully
designed tasks, formatted as multiple-choice questions (illustrated in the upper part of Figure 3). The
detailed explanations of each task are as follows:
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Action Sequence (AS). The action sequence task focuses on understanding the temporal dynamics in
the video. In this task, one or more subjects in the video may perform a series of complex actions, and
the models are required to compare which action occurs first or answer the complete action sequence
of a specific subject in the video.

Holistic Action Classification (HAC). The holistic action classification task requires models to
answer the core action of the subjects in the video. This task is similar to traditional video action
classification and recognition tasks, focusing on the ability to summarize global action.

Single Action Detail (SAD). This task examines the moment-specific detail recognition ability. The
model will be asked about the subjects’ states at a specific moment and the interaction between the
subject and an object.

Multiple Action Details (MAD). This task focuses on evaluating the ability to compare and analyze
details across multiple moments. The model will be required to answer the changes in the actions and
states of the subject over time, or the interactions between the subject and multiple objects.

Camera Motion (CM). The camera motion task examines the understanding of viewpoint dynamics,
focus shifts, and their coordination with subject actions in the video. This capability is equally
essential for fine-grained action understanding, as camera motion may affect the visibility of the
subjects or cause a subject switch.

Non-Subject Motion (NSM). This task focuses on evaluating the environmental context awareness
of models, such as the movements and behaviors of non-subject elements (including background
objects and passersby) in the video. Non-subject motions can serve as peripheral cues to refine the
understanding of primary motion, especially in real-world scenarios.

3.3.2 QA Generation

Based on the curated video dataset and structured motion annotations, we adopt a three-stage semi-
automatic pipeline to construct QA pairs: 1) Automatic Question-Answer Generation, 2) Blind
Filtering and Single-Frame Filtering, and 3) Manual Verification. After the above steps, FAVOR-
Bench constructs an average of 4.6 multiple-choice questions for each video.

Automatic Question-Answer Generation. For each of the six tasks, we design distinct prompt
templates to generate QA pairs from the annotation metadata using DeepSeek-R1 [13]. Our guidelines
for automatic QA generation include two critical requirements: 1) maximizing question diversity
to cover more video content, and 2) crafting challenging distractors without compromising the
uniqueness of the correct answers. The specific prompt templates can be found in Section C of the
Supplementary Materials. Through this process, we obtain 20,402 multiple-choice QA pairs in total.

Blind Filtering and Single-Frame Filtering. To ensure the benchmark’s quality and challenge, we
design a two-stage filtering framework comprising blind and single-frame filtering to help remove
low-quality QA pairs. Specifically, our analysis reveals that a subset of generated questions can
be resolved solely through common sense and language priors, without any visual information.
Furthermore, the single-frame bias [16, 22], which refers to scenarios where a single frame suffices
to answer the video-understanding question, can also impact evaluation. For blind filtering, we
choose Qwen2-72B [51] as the representative LLM to answer the questions without visual inputs and
remove correctly addressed questions. Subsequently, for single-frame filtering, the remaining QA
pairs are fed into GPT-4o [19] together with five frames uniformly sampled from the corresponding
video. The correctly answered questions are further filtered out. While this filtering framework
might inadvertently exclude instances where the answers are correct by random chance, it effectively
enhances the quality of the constructed close-ended tasks. After this process, 12,096 QA pairs remain.

Manual Verification. In this stage, annotators verify all QA pairs from three perspectives: question-
video relevance, answer correctness, and answer uniqueness. Ambiguous or incorrect QA pairs
are discarded. We further calibrate option distributions to mitigate position and frequency biases.
FAVOR-Bench ultimately comprises 8,184 multiple-choice questions.

3.4 Open-Ended Evaluation

Beyond close-ended tasks that provide constrained options, FAVOR-Bench further challenges the
models’ comprehensive fine-grained motion understanding and description capabilities through
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generative tasks. Our open-ended evaluation includes two types of metrics: GPT-assisted evaluation
and a novel LLM-free evaluation (illustrated in the lower part of Figure 3).

3.4.1 GPT-Assisted Evaluation

Following existing benchmarks with generative tasks [39, 60, 5], we employ GPT-4o [19] to assist
in the open-ended evaluation. Specifically, we prompt the models being evaluated to describe the
temporal dynamics in the video, including subject actions, camera motions, etc. Then, we input
the generated responses and the manually crafted descriptions into GPT-4o for comparison and
scoring from both correctness and detailedness perspectives. To reduce randomness and enhance
the evaluation’s robustness, we set the scoring range (from 1 to 10) in the prompt template and
define the specific criteria for each score level. The prompt template is provided in Section C of the
Supplementary Materials.

3.4.2 LLM-Free Evaluation

While using the powerful GPT models for evaluation has become a common practice, their high cost
and limited interpretability pose challenges for reproducible benchmarking. These limitations have
motivated our development of an LLM-free evaluation framework for open-ended, fine-grained video
motion understanding.

We first develop a structured information extraction tool based on the NLTK library to obtain motion-
related elements from the model’s response, including camera motion, subject list, individual subject
motion lists, and a comprehensive temporal motion list (including actions of all subjects). Specifically,
our tool implements a hierarchical parsing approach with predefined lexicons and pattern-matching
rules. It first tokenizes responses into sentences, then extracts camera motion using compiled patterns,
before identifying subjects and their associated actions through part-of-speech tagging and context-
aware heuristics. This structured representation bridges model responses with quantitative evaluation
metrics while maintaining human interpretability.

With the extracted elements, we calculate the score of the model’s response through hierarchical
sequence comparison. Specifically, we adopt pre-trained models such as Sentence-BERT [34] to
calculate the semantic similarity of the extracted and manually annotated subject attributes and
complete action sequences, and combine these two types of similarities for subject matching. Next,
we conduct sequence comparisons in three aspects to obtain the comprehensive score: the camera
motion sequence, each subject’s action sequence, and the comprehensive temporal action sequence.
Taking the action sequence of one subject as an example, the predicted subject S is matched to the
manually annotated subject G. Their action sequences are represented as ras1, ..., a

s
ns and rag1, ..., a

g
ms

respectively. We construct an action similarity matrix M P Rnˆm where each element Mij represents
the semantic similarity between predicted action asi and ground truth action agj :

Mij “ simpas
i , a

g
j q (1)

Based on this matrix and optimal matching, we calculate the similarity-weighted precision and recall:

P “
|matched predicted actions|

|predicted actions|
¨ sim ¨ Lf , R “

|matched annotated actions|

|annotated actions|
¨ sim ¨ Lf , (2)

where sim is the average similarity score of matched pairs. Lf is a length factor used to penalize the
unfair comparisons that may occur due to a large discrepancy in sequence lengths (such as numerous
repeated descriptions). For each pair of subjects, we further evaluate the order correctness using
Kendall’s Tau coefficient τ to measure the rank correlation between matched action indices. The
calculated score for each subject pair is a weighted combination of multiple dimensions: Score “

wpP `wrR`woO, where ws, wr and wo are the weights of different indicators. The camera motion
and the comprehensive temporal action sequence can be scored similarly. The final score of each
model is obtained by averaging over all samples.

4 Experiments

4.1 Experimental Settings

We perform a comprehensive evaluation of 21 MLLMs through our FAVOR-Bench, which includes
open-source and proprietary models. For models that are part of a series, we evaluate their most
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Table 2: Comprehensive results of 21 MLLMs on FAVOR-Bench, including performance on overall
benchmark, third-person videos, and ego-centric videos. Random selecting and human performance
are also compared. For each category, we report closed-ended multiple choice (MCQA) and open-
ended evaluation, including GPT-assisted scores (GPT-C / D) and LLM-free scores. GPT-C / D mean
correctness and detailedness scores generated by GPT-4o. The highest and suboptimal results are
bolded and underlined, respectively. Due to API response limitations, the video input of proprietary
MLLMs is restricted to 16 frames if the video is longer than 16 seconds (demoted as “1 fps˚”).
Tarsier2-Recap-7B is a model specially designed for captioning and its close-ended performance is
not compared.

Methods Date Input Overall Third-Person Ego-Centric

MCQA GPT-C / D LLM-Free MCQA GPT-C / D LLM-Free MCQA GPT-C / D LLM-Free
Full mark – – 100 10 / 10 100 100 10 / 10 100 100 10 / 10 100
Random – – 20 – – 20 – – 20 – –
Human – – 90.92 7.29 / 6.24 74.25 90.91 7.33 / 6.21 74.12 91.28 7.00 / 6.45 75.26
Proprietary MLLMs
Gemini-1.5-Pro [40] 2024-04 1 fps˚ 49.77 4.52 / 4.68 52.91 48.93 4.56 / 4.71 53.62 56.58 4.18 / 4.44 45.37
GPT-4o [19] 2024-08 1 fps˚ 41.18 4.33 / 4.01 49.50 40.23 4.35 / 4.06 50.07 48.88 4.17 / 3.60 44.86
Claude-3.7-Sonnet [1] 2025-02 1 fps˚ 43.35 4.32 / 4.63 43.03 42.93 4.44 / 4.77 43.92 46.76 3.34 / 3.48 35.75
Open-source MLLMs
Video-LLaVA-7B [27] 2023-11 8 frms 23.45 2.18 / 2.31 41.36 23.27 2.22 / 2.37 41.69 24.89 1.84 / 1.86 38.71
LLaVA-NeXT-Video-7B [58] 2024-05 8 frms 22.45 2.57 / 2.02 29.48 22.17 2.64 / 2.08 29.57 24.67 1.99 / 1.57 28.84
LLaVA-NeXT-Video-34B [58] 2024-05 8 frms 29.51 2.83 / 2.67 39.41 29.57 2.85 / 2.70 39.39 29.02 2.64 / 2.42 39.58
Tarsier-7B [43] 2024-07 8 frms 14.04 3.47 / 2.80 46.25 13.41 3.53 / 2.87 46.87 19.20 2.99 / 2.31 41.22
Tarsier-34B [43] 2024-07 8 frms 26.94 3.79 / 2.97 47.13 26.37 3.81 / 3.01 47.17 31.58 3.56 / 2.63 46.76
Aria [23] 2024-10 8 frms 28.60 2.85 / 2.61 42.78 28.13 2.88 / 2.61 43.33 32.48 2.59 / 2.56 38.26
InternVL2.5-2B [6] 2024-12 8 frms 22.72 2.80 / 2.99 43.23 22.72 2.88 / 3.15 43.33 22.66 2.14 / 1.71 41.42
InternVL2.5-8B [6] 2024-12 8 frms 34.41 3.11 / 3.38 44.18 33.93 3.08 / 3.40 44.60 38.28 3.36 / 3.26 40.70
InternVL2.5-78B [6] 2024-12 8 frms 38.42 2.98 / 3.41 44.01 37.49 3.05 / 3.52 44.36 45.98 2.40 / 2.47 40.68
Tarsier2-Recap-7B [55] 2024-12 16 frms – 4.60 / 4.38 56.58 – 4.66 / 4.48 56.88 – 4.10 / 3.62 54.19
LLaVA-Video-7B-Qwen2 [59] 2024-10 64 frms 38.39 3.57 / 3.40 45.41 37.53 3.58 / 3.42 45.96 45.42 3.43 / 3.23 40.95
LLaVA-Video-72B-Qwen2 [59] 2024-10 64 frms 45.81 3.42 / 3.42 46.06 44.73 3.47 / 3.46 46.89 54.58 3.01 / 3.05 39.53
VideoChat-Flash-Qwen2-7B [25] 2025-01 1 fps 43.52 3.25 / 2.55 40.82 43.19 3.38 / 2.68 41.42 46.21 2.21 / 1.54 35.98
VideoLLaMA3-2B [56] 2025-01 1 fps 32.76 3.14 / 2.98 39.29 32.26 3.17 / 3.03 39.86 36.83 2.90 / 2.62 34.86
VideoLLaMA3-7B [56] 2025-01 1 fps 41.23 3.64 / 3.24 48.63 40.60 3.68 / 3.28 49.32 46.32 3.31 / 2.87 43.08
Qwen2.5-VL-3B [52] 2025-01 1 fps 36.83 2.77 / 2.91 47.32 35.94 2.82 / 2.98 47.56 44.08 2.37 / 2.34 45.30
Qwen2.5-VL-7B [52] 2025-01 1 fps 40.49 3.28 / 3.41 48.46 39.81 3.30 / 3.44 48.64 46.09 3.15 / 3.18 46.98
Qwen2.5-VL-72B [52] 2025-01 1 fps 47.96 3.37 / 3.44 49.72 46.67 3.35 / 3.45 50.05 58.48 3.51 / 3.29 47.06
Qwen2.5-VL-7B+FAVOR-Train – 1 fps 41.56 3.55 / 3.53 56.33 40.74 3.54 / 3.47 55.70 48.21 3.62 / 3.98 61.38

recently released versions like VideoLLaMA3 [56], InternVL2.5 [6] and Qwen2.5-VL [52]. All
models are evaluated using either their official implementations or accessible APIs, and all assess-
ments are conducted in a zero-shot manner. We employ either a uniform sampling strategy or a
frame rate sampling strategy to form the vision input following the official examples of each model.
For close-ended evaluation, we prompt models to choose from the provided options rather than
merely output the chosen indices. For open-ended evaluation, models are prompted to focus more on
temporal dynamics rather than static content. Experiments are conducted with 8ˆA800 GPUs.

4.2 Results Analysis on FAVOR-Bench

We report results of 21 MLLMs on FAVOR-Bench in Table 2, evaluating their performance on both
third-person and ego-centric videos through close-ended multiple-choice questions (MCQA) and
open-ended tasks. The results reveal critical limitations in fine-grained video motion understanding.
Task-specific results and analysis are provided in Section A of the Supplementary Materials.

Close-Ended Performance Analysis. As can be concluded from Table 2, proprietary MLLMs
generally outperform open-source alternatives, though advanced open-source models are narrowing
this gap. Gemini-1.5-Pro achieves the highest MCQA score (49.77%), yet remains substantially
below practical deployment expectations for real-world applications. For open-source models, we
observe evident scaling effects. For example, Qwen2.5-VL-72B scores 47.96%, exceeding its smaller
variants by 7-11%. At the widely adopted 7B scale, VideoChat-Flash-Qwen2-7B [25] (43.52%)
demonstrates strong capabilities . Most models perform better on ego-centric videos than third-person
videos, suggesting that the complex camera motions and interactions among multiple subjects in
third-person videos are more challenging for MLLMs.

Open-Ended Performance Analysis. The open-ended evaluation results in Table 2 show that
describing fine-grained motions in videos poses challenges for existing MLLMs. Tarsier2-Recap-7B
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Table 3: Comparison on TVBench and MotionBench with our proposed FAVOR-Train. AVG means
the average score of all the 10 tasks of TVBench. ALL denotes the accuracy on all 4,018 questions
of MotionBench-Dev. Qwen2.5-VL gains considerable performance improvement from fine-tuning
with FAVOR-Train.

Methods TVBench MotionBench-Dev
AVG AC OC AS OS ST AL AA UA ES MD ALL MR LM CM MO AO RC

Random 33.3 25.0 25.0 50.0 33.3 50.0 25.0 50.0 25.0 25.0 25.0 25.0 25.0 25.0 25.0 25.0 25.0 25.0

Qwen2.5-VL-7B [52] 45.2 36.8 36.5 64.8 37.3 62.7 38.8 74.1 41.5 26.0 33.6 46.2 45.2 45.4 42.3 66.7 36.0 33.0
+ FAVOR-Train 46.1 43.1 37.2 68.0 37.8 62.7 34.4 77.5 37.8 29.0 34.1 47.9 49.2 45.4 43.1 66.2 37.8 32.3

achieves the highest performance in both GPT-assisted (4.60/4.38) and LLM-free (56.58) evaluations.
Among general-purpose models, Gemini-1.5-Pro leads with 4.52/4.68 GPT scores and 52.91 LLM-
free score. In comparison to MCQA, most models perform better on third-person videos in open-ended
evaluations, suggesting that while MLLMs can understand ego-centric motions, they are not adept at
describing them.

Reliability of LLM-Free Framework. Our proposed LLM-free metric exhibits strong correlations
with GPT-assisted evaluations, achieving a Pearson correlation of 0.86 (p < 0.001) and a Spearman
correlation of 0.77 (p < 0.001) with GPT-C/D scores. These correlations validate the LLM-free
framework as a reliable and more accessible alternative to costly GPT-based evaluation for open-
ended fine-grained motion description. More discussions about the LLM-free framework are provided
in Section B of the Supplementary Materials.

Human Performance Baseline. We hired ten highly educated personnel to evaluate FAVOR-Bench,
covering both MCQA and open-ended generative tasks. The human performance results are also
presented in Table 2. Even the best-performing Gemini-1.5-Pro shows a substantial performance gap
from human performance. This significant disparity quantifies the substantial room for improvement
in current MLLMs’ fine-grained video motion understanding abilities.

4.3 FAVOR-Train Set

To facilitate better video motion understanding and description, we further propose a training set,
FAVOR-Train, including 17,152 videos covering third-person and ego-centric perspectives and the cor-
responding manual captions. All the 14,038 third-person videos are sourced from the Koala36M [46]
dataset, which provides a rich variety of motions and interactions in vast scenarios. For the ego-
centric portion with 3,114 videos, we curated data from four distinct datasets: EgoTaskQA [20],
Charades-Ego [36], EgoExo4D [12], and EgoExoLearn [17]. To ensure a diverse range of activities
and contexts within our dataset, specially designed sampling strategies are employed. There is
no intersection between the videos in FAVOR-Train and FAVOR-Bench. Details of the sampling
strategies can be found in Section D of the Supplementary Materials.

To validate the effectiveness of FAVOR-Train, we fine-tune the Qwen2.5-VL model using FAVOR-
Train data and evaluate its performance on both FAVOR-Bench and existing benchmarks with
motion-related tasks. As shown in Table 2, FAVOR-Train brings consistent improvements across all
evaluation metrics. For the closed-ended MCQA tasks, the model achieves a 1.07% accuracy gain
overall. The enhancement in open-ended evaluation is more significant, particularly for the LLM-Free
score, which increases by 7.87% (from 48.46% to 56.33%). The GPT-assisted evaluation scores also
improve across all categories, with gains of 0.27 and 0.12 points in correctness and detailedness,
surpassing Qwen2.5-VL-72B. Table 3 demonstrates that FAVOR-Train also enhances performance
on existing benchmarks. On TVBench [9], the average accuracy improves from 45.2% to 46.1%,
with notable gains in action-related tasks like Action Count (AC: +6.3%) and Action Sequence
(AS: +3.2%). On MotionBench-Dev [14], the overall accuracy increases by 1.7%, with the largest
improvement in the Motion Recognition (MR) task (+4.0%).

5 Ethical Considerations and Societal Impact

Copyrights. FAVOR-Bench is provided as a research resource for non-commercial applications only.
For open-sourced video datasets [37, 20, 36, 17, 12, 46], we carefully comply with their respective
licenses. For self-collected video clips, users must acknowledge a non-commercial research agreement
that prohibits the redistribution of any videos.
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Broader Societal Impact. While FAVOR-Bench advances fine-grained video motion understanding
with positive applications in accessibility technologies and human-computer interaction, we acknowl-
edge potential limitations and risks. Our dataset may have cultural and regional under-representation
and not fully represent global diversity in human actions. Besides, enhanced motion understanding
could be misused for unauthorized behavior analysis. Therefore, we emphasize the research-only
nature of our benchmark and encourage the community to prioritize beneficial applications that
respect human dignity and privacy when building upon our work.

6 Conclusion

We present FAVOR-Bench, the first comprehensive benchmark for evaluating fine-grained video
motion understanding in MLLMs across both ego-centric and third-person perspectives and both
close-ended and open-ended tasks. For close-ended assessment, 8,184 multiple-choice QA pairs
across six distinct tasks are carefully curated. The open-ended evaluation comprises GPT-assisted
and our novel LLM-free evaluation. The comprehensive results of 21 state-of-the-art MLLMs reveal
significant limitations in understanding detailed temporal dynamics. To narrow this gap, we construct
FAVOR-Train with 17,152 videos spanning both video perspectives with fine-grained annotations,
which effectively improves the motion understanding capabilities both on our proposed FAVOR-
Bench and motion-related tasks of existing benchmarks. Through FAVOR-Bench and FAVOR-Train,
we provide valuable tools for developing more powerful video understanding models.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: The main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: Limitations are discussed in Section C the Supplementary Materials.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [NA]
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Justification: The paper does not include theoretical results.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: In the experiment section, we give detailed information about the experimental
setup, evaluated models and evaluation metrics.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]
Justification: We provide access to the data and evaluation code for reproduction.
Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
Answer: [Yes]
Justification: Experimental settings are indicated in the experiment section.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [No]
Justification: Error bars are not reported.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
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• It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Experiments compute resources are indicated in the experiment section.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: Our research conforms to the NeurIPS Code of Ethics.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: Broader impacts are discussed in the abstract and introduction. We aim to
provide valuable tools for the community to develop more powerful video understanding
models.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [Yes]

Justification: For the videos we have collected ourselves, we have carried out manual
verification during the data filtering process to minimize the release of unsafe content.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We have cited all papers. The license and copyright information related to data
from existing datasets and benchmarks are discussed in Section C of the Supplementary
Materials.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.
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• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [Yes]
Justification: Details of the dataset and code, including the license and limitations, are
discussed in the Supplementary Materials.
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

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

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [Yes]
Justification: The labeling process is discussed in Section 3. The annotation guidelines are
provided in Section C of the Supplementary Materials.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: This paper only involves video annotation, and there are no potential risks.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.
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• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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