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Figure 1: Motivation and approach overview. (a) Temporal dynamics inherent in motion distinguish
videos from static images. (b) Existing MLLMs show limitations in fine-grained motion detection,
whereas our approach excels in accurately understanding object and camera motion. (c¢) Our approach

shows

superior performance on MotionBench and FAVOR-Bench compared to SOTA.

ABSTRACT

Despite advancements in Multimodal Large Language Models (MLLMs), their
proficiency in fine-grained video motion understanding remains critically lim-
ited. They often lack inter-frame differencing and tend to average or ignore
subtle visual cues. Furthermore, while visual prompting has shown potential in
static images, its application to videos’ temporal complexities, particularly for
fine-grained motion understanding, remains largely unexplored. We investigate
whether inherent capability can be unlocked to boost MLLMs’ motion perception
and enable distinct visual signatures tailored to decouple object and camera mo-
tion cues. In this study, we introduce MotionSight, a novel zero-shot method
pioneering object-centric visual spotlight and motion blur as visual prompts to
effectively improve fine-grained motion understanding without training. To convert
this into valuable data assets, we curated MotionVid — QA, the first large-scale
dataset for fine-grained video motion understanding, with hierarchical annotations
including SFT and preference data, ©(40K) video clips and ©(87K) QAs. Ex-
periments show MotionSight achieves state-of-the-art open-source performance
and competitiveness with commercial models. Using MotionVid — QA, we fine-
tuned MotionChat on Qwen2.5VL-7B, which attains 48.3% overall accuracy on
FAVOR-Bench that is comparable to Qwen2.5VL-72B’s 48.1%. In summary, we
present a novel zero-shot method and a large-scale, high-quality dataset specifically
for fine-grained motion understanding. All the code and annotations are available
athttps://nju—-pcalab.github.10/projects/MotionSightl

I INTRODUCTION
Benefiting from high-quality video-text datasets (Chen et all,[2024D; [Liu et al., 20244}

2024a

;[Wang et al, 2023} [Yang et all[2024) and large model parameters (Zhu et al., [2025b; Hurst

et al.l

2024; Bai et al., [2025} [Zhu et al., 2025a; [DeepMind, 2025)), Multimodal Large Language
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Models (MLLMs) have exhibited impressive performance on a wide range of video understanding
tasks. Unlike static images, videos possess a temporal dimension characterized by continuous frame-
to-frame changes over time. These changes, originating from object or camera motion, create dynamic
and expressive motion patterns, distinguishing videos from images, as illustrated in Figure [I[a).

However, even with rapid progress and development in video understanding, the task of fine-grained
video motion understanding still lacks necessary attention and exploration. While MLLMs acquire
broad semantic knowledge from large-scale data pre-training (Bai et al., [2025; |Chen et al.,2024d}
Zhang et al.| 2024b; Wang et al., 2025a; |Zhang et al., |2025), their direct application to motion
understanding is often suboptimal. This stems from their tendency to process spatial regions with
uniform importance and a lack of inherent mechanisms to explicitly discern the subtle inter-frame
variations critical for nuanced motion analysis. These predispositions mean their potential for fine-
grained understanding remains largely untapped (Tu et al.,[2025) as shown in Figure[T](b). Given
this, how can we boost the latent capabilities of MLLMs derived from large-scale data to achieve
fine-grained understanding of local motion cues and enhance the modeling of subtle inter-frame
dynamics? Furthermore, how can we transform the augmented implicit understanding from the
models into structured data assets that can be used for training other models and for in-depth analysis?

Motivated by these questions, we conducted extensive experiments and explorations on how to
boost MLLMSs’ inherent fine-grained motion understanding capability through zero-shot approaches,
without relying on additional training data. Previous studies in image understanding (Yao et al.| 2022
Shtedritski et al., [2023; |Yang et al., 2023bga; Yu et al.,[2024) have demonstrated strong interest in
visual prompting methods, but their extension to address the intricate temporal complexities of video,
especially for nuanced fine-grained motion understanding, still requires further investigation. To
demonstrate the inadequacy of naively adapting prompting methods from static images to encapsulate
the intrinsic temporal dynamics of events in video, we conducted transfer evaluations on recent
motion-specific benchmarks, and found that even background blur, the best-performing image-based
visual prompt (Yang et al.,|2023b)), paradoxically exhibited the poorest performance in fine-grained
motion understanding. This approach tends to decrease the model’s ability in fine-grained motion
understanding due to the loss of contextual information, as shown in Figure

To address this, we propose MotionSight, a novel video visual prompting method that decouples
object and camera motion tailored for fine-grained motion understanding. For object motion,
we apply a spotlight-like visual prompt on bounding boxes correlated with the queried motion to
enhance motion perception (aiming at focusing the model’s attention on the core motion, as illustrated
in Figure [7). This is inspired by the fact that pre-training data inevitably includes scenarios like
stage performances and TV shows, where important moving subjects are often highlighted while
the background is dimmed. For camera motion, which necessitates the MLLM’s perception of
subtle scene changes—a capability where MLLMs often exhibit limitations (Hong et al. 2025;
Tu et al., [2025)—we designed a method to synthetically introduce motion blur into video frames.
Interestingly, our experiments reveal that this addition of motion blur significantly benefits camera
motion determination. Through our carefully designed configuration, MotionSight enables MLLMs
to achieve enhanced results for fine-grained motion understanding without additional training data.

To further convert this capability into explicit, actionable data assets, we collected and anno-
tated ©(40K) video clips, ©(87K) question-answer pairs. Through a rigorous filtering mecha-
nism that enhanced the quality of annotated data, we developed an SFT dataset and a preference
dataset for training strategies. This process distilled the fine-grained motion understanding ca-
pability of MLLMs and aligned it with human preference, and constructed MotionVid — QA,
the first large-scale open-source dataset for fine-grained video motion understanding to
date, encompassing diverse scenes and high-quality video footage. Benefiting from this
dataset, our trained MotionChat significantly outperformed the original Qwen2.5VL-7B model,
thus validating the effectiveness of MotionVid — QA. Extensive experiments demonstrated
that MotionSight and MotionVid — QA effectively contribute to enhancing fine-grained motion
understanding.

2 RELATED WORK

MLLMs for video understanding. As MLLM:s continue to advance, a growing body of research
focuses on applying them to video understanding (Bai et al.|[2025 [Hong et al.,2024;|Yao et al.| [2024;
Xu et al.,[2024; [Liu et al.,[2024d; Zhang et al., [2024a; | Wang et al., [2024a; [Zhang et al., [2024b}; |Li
et al.,2024b; [Wang et al., |[2024c} [2025a; Zhang et al., 2025; Wang et al., 2024b; (Chen et al., [2024d).
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Figure 2: Overview of the interaction process. Left: Our MotionSight pipeline captions high-
quality data, transforming it into data assets. Right: This data undergoes rigorous filtering to align
with human preferences, resulting in our high-quality dataset MotionVid — QA.

Video understanding models often use keyframes as
samples, which are then encoded for LLMs. Several
approaches develop specialized connectors, while
models encode videos frame-by-frame through a vi-
sion encoder before feeding them to the LLM. Al-
though these methods excel at event-level video rep-
resentation, they tend to struggle with fine-grained
motion understanding due to limited perception of
inter-frame dynamic differences. Directly migrating
existing image-level visual prompts to video under-

standing (Yao et al.} 2022} [Shtedritski et al, 2023}

Yang et al.| 2023bfja; [Yu et al., 2024) performs poorly
due to their failure to account for motion information.

To overcome this limitation, we propose to decouple
object motion and camera motion, leveraging novel
visual prompting methods to improve the model’s
understanding of fine-grained motion.

Fine-grained motion understanding datasets.
Early action recognition datasets (Soomro et al.
20124 [Kuehne et all, 2011} [Caba Heilbron et al.
had limited fine-grained motion understanding
due to simplistic categorical labels. Recent works
use MLLM:s for auto-annotation
[Wang et al| 2023} [Yang et al.l 2024; Nan et al| 2024),
but granularity remains limited. Structured video cap-
tions (Ju et all, 2024} [Fan et al, [2024a} [Wu et al),
respond to the need for fine-grained semantics.
However, deficiencies persist in motion semantics de-
lineation due to the lack of a well-designed approach
for obtaining fine-grained semantic representations.

Benchmarks like MotionBench (Hong et al., 2025)
and FAVOR-Bench (Tu et al., [2025)) have datasets
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Figure 3: Comparison of our method with
other existing methods. Directly applying
image visual prompts can lead to misinter-
pretation. By employing decoupled object-
guided motion focusing and inter-frame infor-
mation enhancement, our method addresses
the challenge faced by previous methods.
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with insufficient sample sizes, limiting scene diversity and semantic richness. To overcome these
limitations, we propose MotionVid — QA, the first large-scale dataset for fine-grained motion under-
standing, featuring extensive scene coverage and high video quality.

3 MOTIONSIGHT

This section introduces MotionSight (Figure ) with enhanced fine-grained motion perception. Our
method decouples object and camera motion and discusses techniques to enhance MLLM input
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Figure 4: The detailed pipeline of MotionSight. Our method includes query-based motion
decoupling, gating based on object motion and camera motion. Subsequently, it selectively passes
through modules based on the decoupled type. Then, we carefully designed a template prompt for
MLLMs to understand our enhanced input and make final decisions.

videos. We sample the input video V = {Z;}2 | (Z; € R*>***W) 10V, = {Z,,}1. j=1, with L and T’
denoting original video length and sampled frames length, respectively. Our approach is as follows:

Rovj = MLLM(®,;(Vs))), Ream = MLLM(® 4., (Vs, V). (1)

Here, Rop; and Reqm are object and camera motion understanding, respectively. @,; and @ gy, are
the corresponding visual prompting functions.

3.1 OBIECT REFERRING

Initially, the MLLM processes sampled frames V,; and the query Q to infer a set of semantically
relevant object categories C = {c, ca, ..., ¢, }. This inferred set C guides our subsequent visual
perception modules for object localization and trajectory estimation. Formally, the process of
obtaining tracked object trajectories O is defined by the composition:

0= Mtrack (Mdetect (Ist ) C; edet) {ISJ j= —t+17 etrack) (2)

where M jereer (Liu et all [2024b) identifies bounding boxes for categories C in key frame Z;,.
Mrack (Ravi et al.L[2024) then propagates these detections across subsequent frames {IS], }f:t 11
yielding trajectories (J. While direct action inference can hallucinate, robust object identification,
even with initial errors, is refinable by lower-confidence detections (Chen et al., 2024c).

3.2 ACTION FOCUSING

Given tracked objects O = {(by, ;)7L }1, (b, i: i-th object’s bounding box at frame s;; T}:
trajectory length), we use a dynamic temporal aggregator A to derive refined spatial regions B =
{b;}I_,, which merge and stabilize bounding boxes against jittering. .A adaptively adjusts its temporal
aggregation window based on intra-trajectory positional variance V. Let X = U™, (b, Ty i) denote
the union of bounding boxes in each frame:

B=A(X, V(X)) = {b:}],. )

Here, V(-) quantifies bounding box positional variance along a trajectory. Specifically, with low
positional variance, A favors a union of bounding boxes over longer temporal spans; with high
variance, it focuses on localized regions in shorter temporal windows. To quantify positional
variance, we measure Manhattan distance between pairs of bounding box centers as |[center(bs, ;) —

center(bs,, ) |1-

The object motion enhancement function ®,; then applies visual prompting techniques to the original
frames using these dynamically aggregated object regions:

(I)obj (Vs> = ]:VP(VSa B)» (4)

where Fy p represents our visual spotlight approach that darkens the background outside {b; }7_;
while preserving the detected objects in their original positions, enhancing focus on the relevant
moving elements. In this way, our visual prompt considers object focus and smooth transition.
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Table 1: The comparison of existing motion-specific datasets with ours. Our dataset significantly
surpasses existing methodologies in both scale and annotation granularity. Furthermore, the quality of
our dataset generally exceeds that of currently prevalent motion-specific datasets used for comparison.

Dataset #Videos #Text Annotation Types Subject Usage Scenario
UCF101 (Soomro et al.|2012b] 13K N/A Class Labels Human Action recognition Human-centric
ActivityNet 20K N/A Class Labels Human Action recognition Human-centric
Kinetics-700 650K N/A Class Labels Human Action recognition Human-centric
Charades 2016 9K 27K Captions Human, Indoor objects Video understanding Indoor
Charades-Ego w 8K 68K Captions Human, Indoor objects Video understanding Indoor
MotionBench-train EM 2025 SK 5K Captions Diverse objects, Camera Motion understanding Open domain
FavorBench-train (Tu et al. : 17K 17K Captions Diverse objects, Camera Motion understanding Indoor
MotionVid — QA (ours) 40K 87K Mixed QAs Diverse objects, Decoupled camera Fine-grained motion understanding Open domain
- SFT 35K 80K QAs - Enhance motion understanding -

-DPO 5K TK Chosen/Reject QAs - Align with human preferences
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Figure 5: MotionVid — QA: High-quality filtering. Construction of a high-quality video dataset
via filtration. Extensive data distribution. Diverse sources yield varied scenes, subjects, and
camera perspectives. Human preference comparison. Our preference data annotation significantly
surpasses baseline, particularly for camera motion (Zoom in for best view).

3.3 MOTION BLUR

To overcome the inherent limitations of existing MLLMs in perceiving inter-frame changes, partic-
ularly subtle camera motions, we introduce a dedicated Motion Blur Transformation 7,5 as our
camera motion core enhancement function ®.,,,. This function, ®.,,,,(V, V) = V', operates on
sampled timestamps {s; }7__, using the entire video sequence V = {Z;}I_, to generate a sequence
of motion-enhanced frames V' = {Z/ }{_,, thereby amplifying temporal motion cues. For a given
frame Z,,, the enhanced frame Z, is derived through a temporally weighted aggregation of its N
preceding frames from the original video. This process can be formally expressed as:

N-1
Ceam(V, Vo) = {Tus(Ve, N}y, where Tup() = > wil(y) - Zo,—x. 5)

k=0
Here, N is the temporal window size (zero-padding applied for s; — k < 1). The temporal kernel we
use has a temporally increasing trend, with ), wy(y) = 1. This temporal aggregation within ® .,

accentuates motion trajectories by inducing motion blur effects across V', enhancing the MLLM’s
capacity to perceive and interpret subtle camera movements.

4 MOTIONVID

In this section, our work yields two key data resources: instruction/preference subsets from public
data tailored for two-stage model refinement (SFT/DPO) towards high-quality motion understanding.

Dataset collection and processing. MotionVid — QA is curated from a variety of sources to ensure
multiple types of motion understanding tasks are covered, and rich scenarios ensure the diversity
of the dataset, including ActivityNet (Caba Heilbron et al.| 2015), Kinetics-700
[2019), Charades [2016), Charades-Ego (Sigurdsson et al, 2018), Tarsier2-Recap-
585K [2025), OpenVid-1M 2024), and MotionBench-train 2025).

To ensure the quality of the videos, data processing steps we outline in Figure [2]are applied.

SFT and DPO. SFT aims to produce a specialized model 75FT capable of effectively capturing
spatiotemporal dynamics and semantic motion patterns inherent in video data, thereby enhancing
its performance on specific video understanding applications. DPO aims to simplify Reinforcement
Learning from Human Feedback (RLHF) by utilizing the log-likelihood of the learning policy. Instead
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Chosen/Reject QAs (Ours)

Object Motion:

Question: Describe the trajectory or path taken by a key moving object.

[Chosen] The video begins with a serene scene of a dirt path leading through a grove of trees with vibrant yellow leaves.
White flowers line the sides of the path, and a dark, stormy sky looms overhead. Throughout the sequence, yellow leaves

gently fall from the trees, drifting slowly in the air. The leaves move in various directions, influenced by a subtle breeze,

creating a dynamic yet peaceful atmosphere. The background remains consistent, with the dark clouds and occasional
beams of light piercing through, adding a dramatic effect to the scene. The falling leaves continue to be the primary
motion, enhancing the tranquil yet somber mood as they flutter and settle on the ground and among the flowers.
[Reject] The scene depicts a pathway flanked by lush greenery and white flowers on both sides, with a row of trees
bearing yellow leaves on the left. The sky is overcast with dark, ominous clouds, and a visible tornado is forming in the
distance, creating a sense of impending storm. Yellow leaves are being blown by the wind, scattering through the air and
landing on the path and surrounding vegetation.

Camera Motion:

Question: What is the domit camera hni ployed in this video segment?

[Chosen] The camera steadily moves forward along the pufhwuy maintaining a consistent focus on the scene ahead. The
yellow leaves continue to be blown by the wind, creating a dynamic and immersive visual effect. The dark clouds and the
tornado in the background remain prominent, adding to the dramatic atmosphere of the scene.

[Reject] The video begins with a serene scene of a dirt path leading through a grove of trees with vibrant yellow leaves.
Throughout the sequence, yellow leaves gently fall from the trees, drifting slowly in the air. The camera remains static,
capturing the gentle movement of the leaves and the stillness of the surrounding environment.

Class Labels
N/A
There is no obvious object motion !ll

Captions
This filmstrip depicts a serene yet dynamic
natural scene. A dirt path, flanked by white
flowers, winds its way towards a grove of
trees with vibrant yellow foliage. The sky
above is a dramatic canvas of dark, swirling
clouds, suggesting an impending storm. As the
frames progress, yellow leaves begin to fall
from the trees, caught in a breeze, adding a
sense of movement and the passage of time
to the otherwise still landscape. The overall
mood is one of autumnal beauty and the raw
power of nature.

Lost camera motion;
Lack of human signal ;
Lack of QA pairs !

Figure 6: A comparative visualization of MotionVid — QA against existing data. In contrast
to antecedent methodologies reliant upon class labels or captions, our approach facilitates the
provision of substantially richer and more diverse informational content. Notably, even in scenarios
characterized by the absence of salient principal objects, our methodology consistently yields high-
quality annotations pertaining to object and camera dynamics.

of learning an explicit reward model, it implicitly expresses the reward function through pair-wise
chosen 7€) ect)}M 1 to optimize the policy model. Let 7y is the language

preference data D = {(x;,y s
model policy which always 'initialized to 7 T, and 7 is also initialized from 75T, The objective

function is defined as:
o (ychosen ‘LL‘) o (yreject|x)
LDPO(&) = _]E(z7yCh05€’"fvyrefECt)N'D |:10g g (6 log W og m (6)

The DPO loss aims to maximize the reward difference between preferred and non-preferred samples,
using human preference comparisons as signals (see Figure[5).

_ﬁl

MotionVid — QA: a large-scale dataset for fine-grained motion understanding. For the pre-
filtered dataset we selected ©(40K) clips annotated them with MotionSight. Using VQAScore (
let al.| 2024) and human thresholds for categorization, high-quality clips became preference dataset
candidates, low-quality ones were eliminated, and the rest formed our instruction dataset. In the SFT
phase, to enhance motion understanding capabilities via SFT, we used MotionSight annotations
as text data. For the preference dataset, aiming to align fine-grained motion understanding with
human preferences via DPO. With a balance between efficiency and quality, we re-annotated this
portion of the data using Tarsier2 (Yuan et al}, 2025) as the baseline. High-quality preferences
data was then developed by incorporating human preference signals from multiple, guided, and
well-educated individuals.

Our curated dataset (Table[T] Figure[6) significantly advances fine-grained video motion understanding.
Its key contributions are: (1) Pioneering scale and scope. The first large-scale, open-source
dataset for this task, offering diverse scenes and high-quality footage. (2) Diversity and quality.
Rigorous filtering enhances clarity (mitigating annotation hallucinations), text-video consistency and
pronounced dynamics (cf. Figure[5). (3) Hierarchical data composition. Comprising SFT and
preference subsets, it enables multi-faceted learning: general motion understanding (SFT) and refined,
human-aligned fine-grained comprehension. Overall, this large-scale, high-quality, hierarchically
structured resource will significantly support future model training and evaluation.

5 EXPERIMENTS

5.1 DATASETS AND COMPARISONS

Datasets. We evaluated our method MotionSight on the benchmark of MotionBench (Hong et al.,
[2025)) and FAVOR-Bench 2025)) using their publicly available dev set and close-ended
evaluation (encompassing six types of question-answer pairs), respectively. They are both fine-grained
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Table 2: Quantitative results on MotionBench. We compared our MotionSight with both pro-
prietary MLLMs and open-source MLLMs on MotionBench, all of which have been trained on
large-scale video data. The best results of open-source methods are marked in bold.

Model #Frames | Overall AVG.| MR LM CM MO AO RC
Proprietary MLLMs
Gemini 2.0 Flash (DeepMind. 1fps 561 526 | 609 57.1 509 741 376 350
Gemini 1.5 Pro (Team et al.| | 1fps 51 48 | 51 52 54 67 40 22
GLM-4V-Plus-0 Z I 2fps 62.8 60.3 | 641 67.0 674 735 4677 428
Open-source MLLMs
Oryx-34B (Lju etal.| 20 64 49 47 | 48 52 44 65 42 32
LLaVA-NeXT-Vi eo- 2024a 32 48 44 53 45 36 66 39 23
Qwen2.5VL-7B ( w 1fps 53.0 48.8 | 583 553 340 715 395 340
Qwen2.5VL-72B ||_.m§ D02 1fps 583 543 | 640 603 486 732 468 330
InternVL3-8B (Zhu et al.][2025a] 16 581 537 | 651 63.0 478 741 397 323
InternVL3-78B ] 16 61.5 57.6 | 672 639 558 781 449 358
TE Fusion .[2025] 16 58 54 64 59 51 69 41 39
Qwen2.5VL-7B + MotionSight 1fps 55.6 522 | 597 58.1 483 73.6 40.1 335
InternVL3-78B + MotionSight 16 63.0 593 | 68.5 654 587 78.6 47.6 37.0

motion-level benchmarks encompassing a wide range of video types. We report accuracy for each
problem type, with Overall representing accuracy across all problems. We also calculate AVG. as the
average accuracy across question categories, giving equal weight to each problem type regardless of
sample distribution. It’s worth noting that our MotionSight is an untrained zero-shot enhancement
scheme, while MotionChat is trained on the MotionVid — QA dataset.

Quantitative evaluation. Table 2] Table 3: Quantitative results on FAVOR-Bench. We se-
a.nd. Table [3] presents the quan- Jected representative MLLMs as baselines for comparison.
titative results on MotionBench We computed the OM (object motion) metric by averaging

and FAVOR-Bench, respectively. all metrics excluding the CM (camera motion) metric in
Our MotionSight consistently FAVOR-Bench.

enhances the performance of base
MLLMs. When using Qwen2.5VL as
the ba.CkbOIlC, our method a.chieves a GPT-40 Hurst etal.;2024 1fps 42.1 43.1 445 360
3.4% improvement on MotionBench  Gemini-1 1fps 499 507 526 416
and a 3.0% improvement on FAVOR- Claude-3.7- Sonnet (Anthropic] 1fps 43.7 440 450 39.1
Bench in category average (AVG.),

Model #Frames | Overall AVG. OM CM
Proprietary MLLMs

. A LLaVA-NeXT-Video-34B (Liu et al. 8 304 326 332 296
while camera motion improves by  videoLLaMA3-7B \m 1fps 415 415 434 315
: : Qwen2.5VL-7B (Bai et al.|[2025) 1fps 423 416 437 309

14.3% on M'otlonBench. Effective 110737 ¢ 16 528 526 562 343
performance improvements were also Qwen2.5VL-7B + MotionSight 1fps 451 441 453 38.1
observed in metrics tlghtly Coupled InternVL3-78B + MotionSight 16 538 535 56.8 37.1

with object motion, including MR,

LM, MO and AO. Furthermore, InternVL3-78B augmented with MotionSight demonstrates a
significant performance enhancement, achieving state-of-the-art results among open-source models
like TE Fusion and exhibits strong competitiveness against leading proprietary
models like GLM-4V-Plus-0111 2025).

Qualitative Evaluation. As shown in Figures[7]and 0] the visual spotlight of MotionSight en-
hances the model’s ability to focus more on motion information, while the motion blur method
significantly enables the model to perceive changes in camera motion in videos. Our approach to
decoupling object motion and camera motion leads to a significant improvement in accuracy. Figure[6]
presents our dataset, which we believe will make substantial contributions to the research community.
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Figure 7: The difference between using visual spotlight and the original MLLM. We used
Grad-CAM and selected the same layer for gradient computation. After incorporating the visual
spotlight, the model pays more attention to the core region. Prompt: “What are the people doing?”.
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MotionChat. We conducted a Table 4: Quantitative results for MotionChat based on
fine-tuning experiment on our self- Qwen2.5VL-7B across different training stages. We ana-
built MotionVid — QA dataset to 1lyzed the impact of different training strategies by selectively
demonstrate its core effectiveness. including or excluding our SFT and preference datasets on

Based on Qwen2.5VL-7B, we EAVOR-Bench. Green areas indicate best performance. “v’”
first performed a full-parameter jpgicates the presence of a training stage, while “X” indicates
SFT training, followed by DPO  jis ahgsence. “+ShareGPT4Video” denotes that we fine-tuned
training on the SFT model, with  Qyen2 5VL-7B solely on the ShareGPT4Video dataset, demon-

the vision module frozen dur- giating the superior quality of our data.
ing DPO training. As shown

in Table after the two-stage SFT DPO ‘Overall AVG.‘ AS HAC SAD MAD CM NSM

fine-tuning on MotionVid — QA v v 483 469 | 496 549 459 551 321 438
. s v X 458 445 | 473 516 437 523 300 422
our MotionChat significantly out- X 423 416 | 416 467 435 463 309 406

performed the original model. Fur- g Gorvics | 438 423 | 456 458 449 492 289 391
thermore, it achieved an overall ac-
curacy of 48.3% on FAVOR-Bench, which is comparable to the motion understanding ability of
Qwen2.5VL-72B.

General Video Understanding. To verify the broader impact of our approach, we tested
VideoMME. The results, shown in Table [5] and Figure [8] indicate that MotionSight improves
performance on several general-purpose tasks, particularly those related to object motion, and does
not exhibit significant global information loss. Our method outperforms the baseline on most met-
rics and achieves performance comparable to the LLaVA-OneVision-72B model. We attribute this
enhancement to the visual spotlight, which helps the model focus on task-relevant regions, thereby
yielding consistent performance gains. To further investigate the generalizability and extended value
of our approach, we conducted additional experiments with MotionSight on MVBench (Li et al.|
2024a), TOMATO (Shangguan et al., [2024), STI-Bench (L1 et al.| [2025)) and TempCompass (Liu
et al., 2024c), as shown in Table[7} Notably, results also show that our decoupling strategy brings
additional gains in spatial perception and understanding.

5.2 ABLATION STUDY

Object motion understanding. We evaluate visual prompting strategies to improve object motion
understanding. As detailed in Table[6} our proposed visual spotlight yields the highest average object
motion score (OM AVG.). Background blur, however, negatively impacted performance, contrasting
its effectiveness in static image prompting (Yang et al.,[2023b). We attribute this failure to blurred
object boundaries, increasing the demand for robustness and misleading MLLMs. Other visual
prompts, including object crop, object motion blur (applied solely to the object mask) and pose
estimation (applied to the entire video), also provided marginal or negative impacts. These findings
underscore the efficacy of visual spotlight in directing model attention to pertinent object movements.

Table 5: Evaluation on VideoMME. We present the core general-purpose tasks.

Model Overall | Temporal Action Object Temporal Spatial Action Information
Perception Recognition Recognition R ing R ing R ing Synopsis
Qwen2.5VL-7B | 73.7% 83.3% 77.1% 74.4% 76.9% 74.1% 68.1% 86.6%
+Ours 76.0% 88.9% 80.2% 76.2% 84.6% 77.8% 70.2% 87.8%
55 [0 Baseline [ Qwen2.5VL-7B
8 I +MotionSight 3 [ +MotionSight 6.6 87.8
g 50 585
g g
S 45 - 79.6
3 5
&40 A 75.6
L
o Camera Motion Object Motion Object Motion Other Motion
(a) Average performance improvement on fine-grained (b) Average performance improvement on
motion benchmarks (MotionBench and FAVOR-Bench). general video benchmark (VideoMME).

Figure 8: We compiled the metrics related to object motion, camera motion, and other motion from
the benchmark and averaged the experimental model and task metrics. Other motion refers to tasks
with low correlation to object motion, for which we also used the visual spotlight to focus on core
regions. Our method shows significant advantages after decoupling motion.
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Table 6: Experiments of several visual prompt methods specialized for motion decoupling on
MotionBench. Green areas indicate best performance and red areas show lowest scores.

M | Object Motion | Camera Motion
ethod
‘ OMAVG. MR LM MO AO RC ‘ CM AVG.
Qwen2.5VL-7B (Bai et al.|2025) 51.7 583 553 715 395 340 34.0
+ Visual Spotlight 53.0 59.7 58.1 73.6 40.1 335 -
+ Object Crop 52.5 59.0 559 713 40.1 365 -
+ Background Blur (Yang et al.|[2023b) 49.3 56.2 539 654 399 313 -
+ Object Motion Blur 50.2 60.2 525 68.8 404 293 -
+ Pose Estimation 50.6 564 546 70.1 40.1 320 -
+ Global Motion Blur 50.8 572 57.0 69.1 393 315 48.3
+ API Prompting (Yu et al.|[2024) 51.4 579 555 73.6 393 305 —

The video sequence begins with a stationary frame, featuring a man standing next to a black car with its trunk open. The man is holding a black
scooter and a charging cable, which is later placed inside the car trunk. The camera then transitions to a close-up shot of the man as he holds

the charging cable and talks, implying that the video is demonstrating how to charge an electric scooter using the provided cable. The camera
briefly remains steady, focusing on the man as he explains the process. At one point, the man bends down, likely to retrieve or place the cable in
the car trunk.

There is no noticeable camera motion, suggesting that the camera remains stationary, providing a clear view of the events unfolding in front of -

it. The man stands in front of the car, and the camera positions itself to capture his actions clearly.

Wy

Object Motion: The person stands next to an open car trunk, holding a scooter. They gesture with their hand while talking. The person then
places the scooter on the ground and begins to organize items inside the trunk, moving a black bag around. They pick up a black object with
cables attached and show it to the camera, continuing to talk and gesture. The person places the object back info the trunk and adjusts the bag
again. Finally, they close the trunk and step back, still holding the object and talking.

Camera Motion: The video begins with a static shot of the person standing next to an open car trunk, holding a scooter. The camera remains
steady as the person gestures and talks. As the person places the scooter on the ground and starts organizing items in the trunk, the camera
slightly zooms in to focus more closely on their actions. The person picks up a black object with cables and shows it to the camera, prompting a
slight zoom in to highlight the object. The camera then follows the person’s movements as they place the object back into the trunk and adjust
the bag, maintaining a steady handheld motion. Finally, as the person closes the trunk and steps back, the camera zooms out slightly to capture.
the entire scene, including the surrounding street and passing tram.

Figure 9: Qualitative example of MotionSight. The upper panel represents the baseline, while
the lower panel shows the result enhanced by our method, which possesses fine-grained inter-frame
difference perception, enabling precise capture of subtle motions.

Camera motion understanding. For camera motion, our primary evaluation focused on applying
motion blur to the entire video frame, also referred to as global motion blur. Table |§| shows that our
motion blur synthesis approach facilitates the model’s perception of subtle inter-frame differences,
thereby yielding a substantial improvement, significantly outperforming the baseline. The results
also demonstrate the effectiveness of our decoupled object and camera motion method. Please refer
to Section [B|in the appendix for more ablation studies.

Table 7: Performance of MotionSight on more video understanding benchmarks.

Method | MVBench TOMATO STI-Bench TempCompass
Qwen2.5-VL-7B 60.5 26.8 31.6 68.5
+ MotionSight 64.4 27.3 36.5 71.3

5.3 MORE APPLICATIONS

Applications to the video generation. The MotionVid — QA can not only be used for MLLM
fine-tuning but also support video generation, enhancing motion quality in generated videos. We
constructed video-text pairs from the large-scale, high-quality data in the SFT subset, and conducted
fine-tuning on Wan2.1-T2V-1.3B, followed by evaluation on VBench. As shown in Table [§] and
Figure [T0] after our efficient fine-tuning, the model achieves significant improvements in motion-
related generation, which can be attributed to the high quality and rich fine-grained motion content of
our dataset.

Self-improving VLM pipeline. We tested the further application of MotionSight on top
of MotionChat and found that it can further improve the model’s performance, as shown in Table 9]
Therefore, MotionSight has the potential to serve as a self-improving optimization approach. This
introduces a novel paradigm for unique self-enhancing motion understanding capabilities: we can



Published as a conference paper at ICLR 2026

Prompt: A boat sailing leisurely along the Seine River

Prompt: A person is stretching leg. with the Eiffel Tower in background.

Original
Wan2.1- 1.3B |
+MotionVid %
FT :
Figure 10: Qualitative example of our fine-tuned Wan2.1-T2V-1.3B.
Table 8: Fine-tuning results on MotionVid — QA for video generation.
\ Human Action Motion Smoothness Dynamic Degree = Temporal Style

Wan2.1-T2V-1.3B 64.2 97.9 47.7 20.4
+ MotionVid — QA 71.0 98.3 54.3 21.5

Table 9: Results after applying MotionSight on top of the fine-tuned MotionChat model.

Method | Overall AVG. AS HAC SAD MAD CM NSM

MotionChat 48.3 469 49.6 549 459 551 321 438
MotionChat + MotionSight 49.7 483 50.7 553 460 560 382 438

leverage "MotionChat+ MotionSight” as a more powerful teacher to generate next-generation
datasets, thereby continuously pushing the ceiling of VLMs in fine-grained motion understanding.

6 DISCUSSIONS ON NOVELTY AND VALUE

We are the first in the motion understanding field to propose a methodology that decouples object
motion from camera motion. The challenge of fine-grained motion understanding lies in the difficulty
MLLMs have in perceiving subtle inter-frame changes:

» Existing video understanding models perceive motion holistically and struggle to separate
object motion from camera motion. In contrast, our specially designed decoupling strategy
makes it easier for the model to perceive subtle camera motion and object motion separately.

» Simply applying static image prompting methods commonly used in previous work to
videos can lead to misunderstandings (Figure[3). Our designed algorithm possesses dynamic
stability, which helps enhance the MLLM’s ability to perceive fine-grained motion.

 Existing datasets are /imited to indoor or human-centric scenarios with simple labels (Ta-
ble [I). In contrast, we constructed the first large-scale open-source fine-grained video
motion understanding dataset, MotionVid — QA, which includes open-domain motion and
fine-grained labels such as decoupled motion and preference question pairs.

Moreover, MotionChat offers strong practical efficiency (as shown in Table[21)): it outperforms the
72B baseline while being approximately 5-6x faster and far more memory-efficient.

7 CONCLUSIONS

In this work, we address the challenge of fine-grained video motion understanding, a task that has
been relatively underexplored despite the advancements in MLLMs. We introduce MotionSight,
a novel zero-shot approach that decouples object motion from camera motion. By employing
visual spotlight and motion blur, it enhances the ability of MLLMs to perceive subtle motion
cues. Furthermore, we curate MotionVid — QA, the first large-scale open-source dataset designed
for fine-grained video motion understanding. Our experiments demonstrate the effectiveness
of MotionSight and MotionVid — QA to facilitate future research in this domain.
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A IMPLEMENTATION DETAILS

A.1 EXPERIMENTAL SETTINGS

We performed all experiments of MotionSight on 8 NVIDIA 4090 GPUs with 48GB of memory
each. For GroundingDINO, the box threshold and text threshold for post-processing grounded object
detection are both set to 0.25. For SAM 2, the mask dictionary model uses an IOU threshold of 0.8
for updating masks. In motion blur part we use decay factor v = 0.65 and temporal window N = 7.
For action focusing we use darken factor 5 = 0.9. To address potential detection loss due to frequent
object entry and exit (e.g., FAVOR-Bench|Tu et al.|(2025)), we perform re-detection using M getect
at fixed intervals At, ensuring comprehensive object capture. The weighted mean (temporal kernel)
in Sec[3.3]is implemented as follows:

wy-1-k() =" ][ (=47 (7
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For the fine-tuning experiments, we utilized 32 A100 GPUs with 80GB of memory each. The SFT
process was conducted on the Qwen2.5-VL-7B-Instruct model, employing a global batch size of 128.
During SFT, the vision tower, LLM, and merger components were all trainable. During DPO training,
we exclusively trained the LLM part.

A.2 PROMPT TEMPLATE

We present our prompt details. For the Object Referring stage, we use the prompt shown in the upper
image to enable the MLLM to locate the most critical objects based on the video and question content.
We utilize the concept of action groups , allowing the MLLM to identify relevant objects—and even
their components—in a fine-grained manner.

The code below defines a key part of our final configuration template. Based on enhanced inputs such
as Action focus or motion blur, we route the input into the MLLM using a routing mechanism. In
this template, description_for_video_type refers to descriptions tailored for different video

types.

video_descriptions = {

'original': 'Original video:\n',

'spotlight': 'Spotlight video:\n',

'motion_blur': 'Original video with motion blur to more

— clearly determine the type of motion (such as whether the
camera 1is moving, as one frame combines information from
multiple frames. If static objects in the background
appear noticeably blurry, there is a good chance that the
camera is moving!) :\n'

e

}

Action group analyze.

<video><time_info>

I have a question: "<question>". I need you to analyze the above question step by step. In this step,
you don’t need to directly answer the question.

Please provide your response in the following JSON format without any comment:

"action_objects": ["objectl", "object2", ...1],

}

For the “action_objects” field, provide a list of strings, each describing a specific entity that is involved
in the main action or motion. Each entity should be a single object or a group of objects. For example,
if the question is about a person eating, include both the person and the rice bowl. If the question is
about object motion, make sure to include both the moving objects (actors/performers) and the objects
they interact with or affect. You can also provide fine-grained components of larger objects when
relevant. Each string represents a different object. All items must be physical entities that can be
visually identified, not abstract concepts. Only keep the moving objects that are highly relevant to the
question and reduce the background objects. You must provide at least one action_object.

\ J

Config Template.

<video><time_info>

The video contains {len_frames} frames sampled at {sec} seconds.

{description_for_video_type_1}
Frame{frame_num}: {IMAGE_TOKEN}

Frame{frame_num}: {IMAGE_TOKEN}
{description_for_video_type_2}

15



Published as a conference paper at ICLR 2026

Frame{frame_num}: {IMAGE_TOKEN}
Frame{frame_num}: {IMAGE_TOKEN}
Here is the question: "<question>".

Reply based on the above information. Answer only the answer letter without showing your process.

B MORE EXPERIMENTS

B.1 APPLICATIONS TO GENERAL VIDEO UNDERSTANDING

We conducted additional evaluations with Qwen2.5VL-7B being the backbone on the TempCompass
benchmark to prove the general effectiveness of MotionSight and impact of global information.

Table 10: Evaluation results on the main TempCompass benchmark.

Model | Avg | Action Attribute Change Direction Order Speed
Qwen2.5VL-7B | 68.50 | 94.40 76.20 50.42 71.62  50.65
+Ours 71.32 | 94.72 79.03 52.55 7447 58.40

Table 11: Performance on the captioning subset of TempCompass.

Model | Avg | Action Attribute Change Direction Order Speed
Qwen2.5VL-7B | 54.6 92.7 68.5 32.8 51.2 29.9
+Ours 64.0 93.2 771 38.1 67.0 47.4

Table 12: Breakdown on TempCompass’s fine-grained captioning sub-dimensions. AS: Absolute
Speed; CM: Camera Motion; CGA: Coarse-grained Action; CLC: Color & Light Change; CC:
Combined Change; FGA: Fine-grained Action; OC: Other Change; RS: Relative Speed; SSC: Size &
Shape Change.

Model | AS CM CGA CLC CC FGA Other OC RS SSC

Qwen2.5VL-7B | 439 150 95.1 769 700 90.1 512 66.7 227 63.1
+MotionSight | 62.9 31.7 95.6 875 75.0 90.6 67.0 75.0 395 722

For TempCompass (as shown in Table [[2] Table [I0] Table [TT), we compared our method with
Qwen2.5VL-7B under the same settings, using “gpt-40-mini-2024-07-18" as the LLM evaluator
for TempCompass. The results show that our method significantly outperforms the baseline on
TempCompass, demonstrating strong advantages even in more general temporal understanding tasks.
Notably, we observed that our method achieves far superior performance on subtasks with higher
output freedom, such as captioning. This reflects a deeper enhancement in motion understanding:
objective questions are essentially simple discriminative tasks, often requiring only the judgment of
isolated motion facts. In contrast, captioning demands more profound and fine-grained descriptions,
which aligns well with the core design of MotionSight for refined motion understanding. In
summary, our approach has greater universality and potential.

B.2 MORE VALIDATION OF DATASET QUALITY AND GENERALIZATION CAPABILITY

To further verify the generalization capability of MotionVid-QA on stronger models, we also fine-
tuned the Qwen3-VL-8B-Instruct model. Notably, the original Qwen3-VL-8B model (overall score
of 53.0) has already surpassed the InternVL3-78B model (52.8 in Table[3). As shown in Figure
and Table[T3] the results demonstrate that even on already strong models, our method can still
significantly improve performance, which validates the excellent generalizability and complexity
of our dataset.
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Figure 11: The training results on Qwen2.5-VL-7B and Qwen3-VL-8B using our dataset show that

our data can also enhance even stronger models, demonstrating its high quality, high complexity, and
strong generalization capability.

Table 13: Results of Fine-tuning Qwen3-VL-8B-Instruct with MotionVid-QA on FAVOR-Bench

Method | Overall AVG. | AS HAC SAD MAD CM NSM

Qwen3-VL-8B 53.0 52.8 | 529 585 5277 564 417 547
+MotionVid FT 55.8 563 | 554 643 53.0 615 425 609

After fine-tuning with MotionVid-QA, the overall accuracy increased by 2.8%, and the average
accuracy increased by 3.5%. Our fine-tuned 8B model (55.8%) also significantly outperforms the
InternVL3-78B model (52.8%). The substantial gains on complex tasks such as HAC (+5.8%)
and NSM (+6.2%) further validate that the filtered dataset retains challenging fine-grained motion
semantics, which remain applicable even to powerful baseline models.

B.3 MORE ABLATION STUDIES ON ROBUSTNESS

To clarify that our method demonstrates strong robustness to hyperparameters, we conducted ablation
studies on essential parameters: the degree of background darkening in the bounding-box-based
spotlight (from slight dimming to completely black background), temporal window size, and the
decay factor discussed in Section[3.3]

To evaluate the robustness of background darkening in the visual spotlight, we performed denser
sampling within the selected parameter range from 0.1 to 1.0. The results are shown in Table[T3] We
perform separate analyses for the temporal window size and the decay factor to assess their individual
robustness on model performance, as shown in Table[I6]and Table [I7]

Overall, the ablation results show that our method significantly outperforms the baseline under differ-
ent parameter settings. Thus, our method MotionSight has strong robustness. We supplemented
more visualizations of MotionSight, as shown in the Figure[T4]

Table 15: Ablation study on the degree of background darkening.

Darken | Baseline | 0.1 05 08 085 09 095 1
OMAVG.| 51.7 |52.5 525 519 521 53.0 521 520
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Figure 12: Ablation study on model scalability.

Table 16: Ablation study on temporal window size (N in Equation , with fixed decay factor: 0.65.

Temporal Window | Baseline | 5 7 9 11
CM ‘ 34.0 ‘48.1 48.3 46.0 41.0

Table 17: Ablation study on the decay factor (y in Equation , with fixed temporal window: 7.

Decay Factor | Baseline | 0.4 0.65 0.85
CM ‘ 34.0 ‘ 46.2 483 452

Table 18: Performance under different frame sampling parameters.

Method | Baseline | 1fps 8 frames 4 frames
MotionSight | 530 | 556 554 54.1

Table 19: Performance under different max_pixels parameters.

Method | Baseline | 360p 720p native
MotionSight | 530 | 556 558 559

B.4 ABLATION STUDIES ON MORE PARAMETERS

To further investigate the robustness of our method, we conducted experiments with a wider range
of parameters. The results show that Our method exhibits strong robustness to the parameter
choices of the selected MLLM.

Robustness to frame sampling parameters. Sampling at 1 fps, 8 frames, or 4 frames all yield
stable improvements over the baseline, as shown in Table[I8]

Robustness to max_pixels resolution parameters. For different max_pixels settings in the MLLM
(where “native” indicates no scaling), our method consistently and stably outperforms the baseline,
as shown in Table[T9

Architectural robustness. The two architectures used in our experiments (Qwen2.5-VL and

InternVL3) represent the two mainstream typical MLLM architectures, which in itself demonstrates
the robustness of our approach to different selected models.
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In the video, there are two individuals standing on the porch of a house. One person is walking towards the left side of the frame, while the
other remains stationary near the doorway. The porch is adorned with several potted plants and decorative items, including a large blue pot
and some ornate white furniture. The scene appears to be set during the daytime, as indicated by the bright lighting and shadows cast by the
objects and people. There are no significant actions being performed by the objects themselves; they are static elements in the environment.

The video begins with a person in a black outfit walking fowards the house entrance from the left side of the frame. As they approach, an
individual standing at the doorway raises their hand in a gesture. The first person continues to walk forward, and upon reaching the steps,
they pause briefly before entering the house. Throughout the sequence, the individuals remain mostly stationary except for the movement of
the person walking and the subtle gestures of the individual at the doorway. The surrounding environment, including the plants and chairs,
remains unchanged.

In the video, a person is seen exiting a rustic building, holding a coiled rope and a bundle of sticks or firewood. The individual appears to be
dressed in traditional attire, suggesting a rural or agricultural setting. As they step out, they seem to be engaged in some form of work or
activity related to farming or outdoor labor, given the tools they are carrying. The environment around them includes stone walls and wooden
structures, reinforcing the impression of a countryside or village location. The person's movements suggest they might be heading towards a
task that requires these items, such as tending to livestock or preparing for a fire.

The video begins with a person exiting a doorway, holding a rope in their right hand and a small object in their left hand. As they step out,
they walks forward, swinging slightly as they move. Their left arm extends outward, pointing or gesturing towards something off-screen.
Throughout the sequence, the person maintains a steady pace, confinuing to gesture with their left arm while holding the rope in their right
hand. The background remains consistent, featuring the wooden and brick structure of the house, with no significant changes in the scene or
additional interactions.

Figure 13: Quantitative results between baseline and our fine-tuned models trained using both SFT
and DPO. For each case, the upper one is the Qwen2.5VL-7B baseline, and the lower one is our
model after fine-tuning.

Table 20: Performance across MLLM models of different parameter scales.

InternVL3 | Overall AVG.
1B 47.6 43.9
+Ours 50.8 (+3.2) 47.5 (+3.6)
8B 57.2 52.7
+Ours 59.6 (+2.4) 55.6 (+2.9)
78B 61.5 57.6
+Ours 63.0 (+1.5) 59.3 (+1.7)

B.5 SCALABILITY OF MotionSight

We conducted experiments based on InternVL3, ranging from 1B to 78B parameters, demonstrating
that our method exhibits good scalability across popular model sizes. The results on MotionBench
are shown in Figure [20]and Table[20] The lighter portion within each bar represents the performance
improvement of our method over the baseline model.

B.6 QUALITATIVE RESULTS OF MotionChat ON THE DATASET

As shown in Figure[T3] MotionChat exhibits enhanced fine-grained motion perception, more accu-
rately interpreting complex motion narratives compared to the baseline model. Our fine-tuned model,
trained on our dataset, demonstrates superior fine-grained motion perception capabilities and
outperforms the baseline.
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Object Motion: The video begins with a woman holding a young child by the hands, lifting them slightly of f the ground. The child is laughing and
appears to be enjoying the moment. In the background, another child is seen interacting with a small brown horse, gently petting or brushing it.
The woman continues to lift and lower the child, creating a playful swinging motion. The child's laughter and excitement are evident as they are
lifted higher and then brought back down. The woman's movements are gentle and rhythmic, ensuring the child's safety while adding to the
playful atmosphere.

Camera Motion: The camera remains relatively steady throughout, focusing on the interaction between the woman and the children. The woman
is seen holding a young child by the hands, lifting them slightly off the ground in a playful swinging motion. The camera follows the motion
slightly, maintaining a handheld feel that adds to the dynamic and lively atmosphere. The camera subtly pans to keep the main subjects in focus
while allowing the background activity to remain visible. The scene captures a joyful moment with dynamic interactions between the individuals
and the horse, with the camera's slight movements enhancing the sense of liveliness and spontaneity.

Figure 14: Another qualitative example of MotionSight.

C VISUAL SPOTLIGHT’S MOTIVATION

Visual spotlight is designed to help the model better focus on the most crucial regions of temporal
changes when processing video frames. In scenarios like TV shows and movies, important moving
subjects are often highlighted while the background is dimmed. Additionally, some performance
shows often use techniques such as stage spotlights. MLLMs inevitably encounter such data during
training (e.g., datasets like Panda-70M, which contain a large amount of TV program content). Also,
using the visual spotlight method can indirectly help MLLMs concentrate their visual attention on
core motion regions, intuitively and effectively improving the model’s ability to capture motion
information.

Question: What's the horse's walking direction?

Original

1
! +Visual
' Spotlight

Figure 15: Another Grad-CAM visualization of our visual spotlight method after vision module.
Despite using a smaller darken factor, the model can still provide more attention to moving objects.

Figure [7]and Figure T3] shows the Grad-CAM visualization results after applying our visual spotlight
method to Qwen2.5VL-7B. The first figure uses a higher darken factor, while the second figure uses a
slightly lower one. As can be seen, our method allows the model to focus more on the motion-related
visual parts relevant to the question across different darken factors, thereby improving its fine-grained
motion understanding capabilities.

Furthermore, we have implemented a comparative experiment where bounding box coordinates
are directly provided as prompts, as shown in Table[T4] The results show that although providing
bounding box coordinates is also an intuitive prompting method, it does not lead to noticeable
performance improvement. This is because it is challenging for the MLLMs to precisely apply
the coordinate information to the video, and coordinates require significantly longer text context,
demanding higher parsing capabilities from the model. This phenomenon further validates the
reasonableness and effectiveness of our method in terms of engineering implementation and model
adaptation.

D DISCUSSIONS ON COMPUTATIONAL OVERHEAD

Performance is a common engineering challenge for many current training-free enhancement mod-

ules and workflows, such as in InstanceCap 2024a) (cver2s), VideoTree
2025b)) (cveros), and VideoAgent (Fan et al.,2024b)) zccvos).
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Table 21: Taking 1080p input as an example, performance testing across different frame numbers.
Each setting is tested 5 times and the average is reported.

Method FAVOR- 8 frames, 16 frames, 32 frames,
Bench 1080p 1080p 1080p
‘ | Time Mem Time Mem Time Mem
Qwen2.5-VL-7B 42.3 8.15s 27.8GB 15.5s 28.2GB 31.0s 29.0GB
Qwen2.5-VL-72B 48.1 39.2s 320.8GB 93.1s 3229GB 207.7s 330.4GB
MotionChat-7B (Ours) 48.3 7.14s 27.8GB 13.5s 28.2GB 32.1s 29.0GB

To address this, we propose an alternative solution that achieves superior performance on fine-grained
motion understanding tasks with a computational cost equivalent to the native Qwen2.5VL-7B
model. This solution involves fine-tuning the model on our meticulously curated dataset. Detailed
computational time and memory overhead are shown in the Table[21] demonstrating that our approach
not only outperforms the 72B results in effectiveness but is also approximately 5-6x faster. Meanwhile,
we have optimized the MotionSight pipeline, reducing the average increase in inference latency to
less than 75%.

In summary, for users who seek the highest performance, we’ve optimized the MotionSight pipeline,
which is a specific and valuable workflow improvement; for users who prioritize efficiency, we
offer MotionChat—an end-to-end model fine-tuned on a new dataset, with a computational cost
comparable to the base model.

E DATASET FILTER AND CURATION FOR MotionVid — QA

In this section, we focus on the methodological aspects and specific steps involved in filtering and
curating the instruction and preference subsets for SFT and DPO, providing supplementary details to
the dataset construction process of MotionVid — QA described in Section[d] Figure [I6]showcases the
examples we filtered.

E.1 INITIAL DATA COLLECTION AND PRE-PROCESSING

MotionVid — QA was aggregated from multiple
sources (Section E[), resulting in an initial set of
video clips, denoted as C'r. These clips under-
went an initial data processing pipeline, P;nitial-
The pipeline Pj,;tiq; filters the raw clips Cr
such that only clips satisfying specific quality
metrics are retained. Specifically, a clip c € Cr
is included in the pre-filtered set C'p if its optical
flow score s¢(c) is above a threshold 7; AND
its clarity score s.(c) is above a threshold 7.
The set of pre-filtered clips is thus defined as:

Noticeable Motion

Figure 16: More examples of MotionVid — QA.
Cp={ceCr|s:(c) > Aselc) > 7o} We filtered out low-quality videos and kept the

(8) high-quality ones. Our MotionVid — QA includes
varied scenes, subjects, and camera perspectives.
E.2 DETAILED FILTERING AND SUBSET CREATION FOR SFT AND DPO

The methodology for creating SFT and DPO subsets from the pre-filtered set C'p is introduced in
Section[dof the main paper.

Initial selection and annotation. A subset of clips was chosen from Cp for annotation with
MotionSight. Let C'4 denote the set of successfully annotated clips.
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Annotation quality-based categorization. Each clip ¢ € C'4 was evaluated using VQAScore
let al.| (2024). To ensure the rationality of the chosen VQAScore thresholds for categorization (detailed
below and in Table 22)), we manually checked multiple samples at the boundaries of these thresholds.
Based on this evaluation, the clips were categorized into three distinct groups and the text-video
visualization results satisfying different threshold conditions are shown in Figure

* High-Quality Clips (C'y): These clips were designated as high-quality and served as
candidates for the DPO dataset. To ensure scenario diversity and account for varying
annotation precision across different original data sources, clips were selected if their
VQAScore (2024) exceeded a specific threshold 7; 5, defined for its original data
source j and motion aspect k (e.g., k € { object’, ’camera’}). These VQAScore thresholds
7j 1 are detailed in Table@ The set C'y is formally defined as:

Cy = {c € C4 | ExceedsVQAScoreThreshold(c)} 9

where ExceedsVQAScoreThreshold(c) holds if the VQAScore of clip ¢ (from source j, for
aspect k) is greater than the specific threshold 7; ;, for that source-aspect pair, as given in
Table

* Low-Quality Clips (C): Clips that failed to meet the minimum quality criteria were elimi-
nated. This includes clips whose VQAScore was below a human-set minimum threshold
Tor, = 0.3. The set C, is defined as:

Cr, ={ce Cy | VQAScore(c) < 0.3} (10)

* Instruction Dataset Clips (Cs): The remaining clips formed the SFT instruction dataset.
This set is defined as:
CS:CA\(CHUCL) (11

SFT dataset construction and question types. The SFT dataset is constructed using the Instruction
Dataset Clips (Cs). For each clip in C's, we generate a question-answer pair to fine-tune the model’s
ability to understand and describe motion. To cover diverse aspects of motion understanding, we
categorize our questions into three types: Object-centric, Camera-centric, and Mixed-focus. During
the SFT data generation, one question is randomly selected from the pool of questions corresponding
to the primary motion aspect (object, camera, or mixed) identified in the clip’s annotation. These SFT
dialogues (question-answer pairs) are crucial as they also form the foundation for constructing the
preference data for DPO.

OBJECT-CENTRIC QUESTIONS: These questions focus on the movement, actions, and interactions
of objects within the video. Examples include:

Object-centric Questions.

“What objects are moving in this video?”

“Can you describe the motion of objects in this video?”

“What is happening to the objects in this scene?”

“How are the objects moving in this video?”

“Describe the movements of the main subjects in this clip.”

“What actions are being performed by the objects in this video?”

“How would you characterize the object motion in this scene?”

“What kind of movement do you observe from the objects in this video?”
“Describe the trajectory of the moving objects in this clip.”

“How do the objects interact with each other in this video?”

CAMERA-CENTRIC QUESTIONS: These questions probe the camera’s movement, techniques, and
perspective. Examples include:

Camera-centric Questions.

“How is the camera moving in this video?”
“Describe the camera motion in this video.”
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High TV Consistency

The video opens with a close-up of a person on a yellow inflatable tube navigating through rapids, with the camera slightly zooming
in to capture the individual's movements. As more people on similar tubes join, the camera pans to the right, revealing the group
forming and floating together. The camera then zooms out to show the group maneuvering through the water, occasionally tilting
to follow their movements as they steer and stabilize. The scene transitions to a wider shot, with the camera panning left and
right to capture the group moving through both turbulent and calmer sections of the river. The camera occasionally zooms in on
individuals as they navigate the rapids, then zooms out to show the group's dynamic movement. The camera follows the group
downstream, using a handheld motion to capture the splashing water and rocky surroundings. It pans to show individuals standing
on rocks, possibly preparing to jump or assist others, before returning to focus on the group floating together. The video
concludes with a steady shot of the group continuing downstream, interacting with the river's flow and each other, with the
camera main‘raining a wide view to encompass the entire scene.

The video begins with a person holding a white, multi-sided die in their hand, posi‘rioned in front of a child sitting on a wooden
deck. The in the person's hand throughout the sequence. The child, dressed in a purple shirt, is seated and
appears to be engaged in conversation or interaction with the person holding the die. The background remains consistent, showing
the wooden deck and part of a house. There are no significant changes in the positioning or actions of the objects or individuals
throughout the frames, indicating a static scene focused on the interaction between the person and the child.

The video features a person standing in a stadium with empty pink seats and a green field in the background. Throughout the
video, the individual remains stationary, facing forward. The background consistently shows banners and advertisements, with no
significant changes or movements occurring in the environment. The person's posture and position do not alter across the frames,
maintaining a steady and static scene.

Figure 17: The results corresponding to our three different thresholds are presented separately. Top:
High consistency between text and video. The camera movement and changes in viewpoint are
strictly described in chronological order, resulting in extremely high quality. Middle: Fairly good
consistency between text and video. The actions of the main characters are described with reasonable
accuracy, but some imprecise areas exist. Bottom: Relatively poor consistency between text and
video, providing limited or erroneous information.

“What camera techniques are used in this video?”

“Is the camera stationary or moving in this clip?”

“How does the camera angle change throughout this video?”

“What kind of camera movements can you identify in this footage?”
“How would you characterize the camera work in this video?”

“Does the camera follow any specific subject in this video?”

“What perspective does the camera provide in this scene?”

“How does the camera movement contribute to the viewing experience?”

MIXED-FOCUS QUESTIONS: These questions require a comprehensive understanding of the inter-
play between object motion and camera work. Examples include:

Mixed-focus Questions.

“Describe the primary object’s specific action, including its fine-grained motion. How does the camera’s
movement (e.g., tracking, zoom, pan) follow or frame this object’s action, and what are the object’s key
visual attributes highlighted by this interplay?”

“Considering the primary object’s movement and its interaction with other elements, what is its implied
goal? How does the camera’s perspective (e.g., close-up, wide shot, point-of-view) and any dynamic
changes in its movement contribute to or obscure this implied intention?”

“Analyze a significant change in the primary object’s motion or behavior. How does the camera’s
operation (e.g., a sudden zoom, a switch to slow motion, a change in focus) coincide with and emphasize
this specific change in the object’s action?”

“Discuss the overall pattern of the primary object’s movement throughout a key segment of the video.
Correlate this with the dominant camera movement strategy used in that segment. How does this
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§ Video Motion Comparison - a X

JSONL File: testjsonl OpenJSONL Start/Resume « Previous 0/0 evaluated

Video Frames

Option A (Left Arrow) Option B (Right Arrow)
|

Use LEFT ARROW to select Option A or RIGHT ARROW to select Option B. Press F11 to toggle fullscreen. ESC to exit.

Figure 18: Interactive annotation interface for DPO focused on fine-grained video motion under-
standing. This Python-based front-end allows annotators to choose between two textual descriptions
(“Option A” and “Option B”) for the same video clip, selecting the one that more accurately captures
the nuanced motion in the video. The interface supports loading data in JSONL format and records
annotator preferences, thereby providing data for the model’s preference learning.

Table 22: VQAScore Thresholds (7;,1) for High-Quality Clip Selection (C'), per Source and Motion
Aspect. A clip ¢ from source j and aspect k is included in C if its VQAScore(c) > 7; .

Data Source (j) Object Motion (7 ghject) Camera Motion (7; camera)

Kinetics-700 0.75 0.70
ActivityNet 0.75 0.72
Charades 0.72 0.70
Charades-Ego 0.72 0.70
SSv2 0.68 0.68
OpenVid-1M 0.70 0.70

combined object-camera choreography affect the scene’s narrative or the information conveyed about
the object’s activity?”

Preference dataset construction. The preference dataset, consists of preference pairs of the form

(24, y§hose yr ). These pairs were generated from the high-quality clips in Cr. The process

involved re-annotating these clips using Tarsier2 |Yuan et al.|(2025) and then incorporating human
preference signals, as illustrated in Figure [5]of the main paper and more details in Section[F]

This rigorous, multi-stage curation methodology ensures the high quality of the MotionVid — QA sub-
sets, which are crucial for robust model training and evaluation in fine-grained motion understanding.

F GUIDELINES FOR HUMAN PREFERENCE ANNOTATION

For DPO, annotators chose between two textual descriptions for a video clip, selecting the one
that better captured its fine-grained motion. To ensure fairness, the order in which these two
descriptions were presented was randomized. The following guidelines ensured consistent, high-
quality annotations: To facilitate this process, we developed an interactive, python-based front-end for
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Table 23: Key criteria for human preference annotation in selecting textual descriptions of fine-grained
motion. Annotators chose the description that better satisfied these aspects.

Criterion Guideline for Selection Key Questions

1. Accuracy Prefer more accurate identifica- - Core action correctly identified?
tion & description of primary - Agents/objects in motion correct?
motion(s). - Avoids misinterpreting actions?

2. Granularity Prefer more fine-grained & de- - Complex movements broken down?
tailed account of motion, captur- - Specific body/object details?
ing nuances. - Overly general or specific?

3. Temporal Dynamics Prefer better capture of tempo- - Sub-actions order correct?
ral aspects (sequence, duration, - Pace/intensity conveyed?
speed, rthythm). - Speed/tempo changes reflected?

4. Camera Movement  Prefer description that accurately - Camera movement (pan, tilt, zoom,
identifies & describes significant  dolly, static) correctly identified?
camera movements (e.g., pan, - Effect of camera movement on scene
tilt, zoom, tracking). understanding clear?

- Distinguished from object motion?

5. Factual Correctness Prefer response  factually - Only visible elements/actions?
grounded in visual evidence, no - Contradicts visual information?
hallucinations. - Infers unobservable intent?

user-friendly annotation, as shown in Figure The relevant code can be found in the supplementary
materials.

Annotators selected the preferred response based on a holistic evaluation of the criteria in Table
prioritizing superior understanding and articulation of fine-grained motion.

Annotators were advised to review clips multiple times and compare descriptions against these criteria.
When responses excelled in different areas, they selected the one most helpful for understanding
fine-grained motion.

Furthermore, we randomly selected 100 samples for independent re-annotation by different annotators.
The calculated Cohen’s x coefficient is 0.731. This demonstrates high consistency in qualitative
annotation tasks, and our approach achieves a clearly usable level.

G FAILURE CASE

In scenarios where clear visual effects cannot be obtained, such as low-light conditions or extreme
weather (e.g., heavy fog or torrential rain), the performance of all vision-perception-based MLLMs
will degrade, including current SOTA models and our method.

H LIMITATIONS

Given that the accuracy of MotionSight is partially dependent on object detection methods, it
requires fine-tuning the detection model for domain-specific instances, and its benefits diminish in
scenes without objects. Furthermore, we plan to expand our MotionVid — QA and improve its quality
to train more powerful fine-grained motion understanding models to enhance its impact.

I LLMS USAGE

LLMs were used as a general-purpose assist tool to refine the writing of this paper. This usage was
strictly limited to improving the clarity, grammar, and overall readability of the text. Specifically,
LLMs were employed to rephrase sentences, suggest alternative wording, and correct grammatical
errors.
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