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Thinking in Dynamics: How Multimodal Large Language Models
Perceive, Track, and Reason Dynamics in Physical 4D World

Supplementary Material

This is the supplementary material for the paper: “Think-
ing in Dynamics: How Multimodal Large Language Models
Perceive, Track, and Reason Dynamics in the Physical 4D
World.” Tt provides additional implementation details, vi-
sualizations, and prompt templates to complement the main
paper. The contents are organized as follows:

e In Section A, we detail the implementation of our
framework, including the data filter strategy for dy-
namic video curation and the construction of the Spatio-
Temporal Textual Cognitive Map (ST-TCM) for object-
centric reasoning.

 In Section B, we present qualitative visualizations from
Dyn-Bench, including examples across hierarchical
levels, representative failure cases, and comparisons
highlighting the effects of ST-TCM and Mask-Guided
Input.

* In Section C, we describe six prompt templates used in
the QA generation stage for creating Visual Question
Answering (VQA) and grounding data across dynamic
perception and reasoning tasks.

A. More Implementation Details
A.l. Data Filter Strategy

The goal of our video data filtering process is to identify
videos that exhibit rich spatio-temporal dynamics, includ-
ing object and camera motion, inter-object interactions, hu-
man activities, and sequential manipulations, while exclud-
ing static, artificial, or heavily edited content such as land-
scapes, cartoons, or composited clips.

To ensure that the curated dataset effectively supports
spatio-temporal reasoning and dynamic object grounding,
we define three key selection criteria:

S1. High-quality video content. Videos should maintain
sufficient visual fidelity in terms of resolution, frame
rate, and perspective stability, without severe distortion
or over-processing artifacts.Shaky frames or inconsis-
tent frame rates should also be excluded.

S2. Feasibility for motion and geometry reasoning.
Videos should be suitable for reliable geometric esti-
mation and motion reasoning. We exclude clips with
extreme zooming, abrupt shot transitions, or ambigu-
ous reference frames, such as those captured from
moving vehicles. Videos that lack stable visual cor-
respondences, including those with heavily blurred or
fully occluded backgrounds, are also removed from the
dataset.

S3. Dynamic camera and scene motion. Videos should
contain non-static cameras or dynamically evolving
scenes that allow non-trivial spatio-temporal reasoning.
Such videos often capture human—object or inter-object
interactions, providing diverse motion for downstream
reasoning and grounding tasks.

To meet these requirements, we design a multi-stage fil-
tering pipeline integrating motion, geometry, dynamic cov-
erage, and multimodal semantics. Each stage progressively
refines dataset quality to ensure geometric consistency and
temporal richness.

S4. Compute motion features. For each video, we extract
low-level motion and quality statistics, including blur
degree, frame rate (fps), number of I-frames, motion
vector magnitude, and motion vector variance, using
OpenCV. These features characterize the global motion
intensity and temporal smoothness of the video, serv-
ing as primary indicators of scene dynamics.

S5. Obtain geometric features. Using VGGT [9] and
UniDepth-V2 [7], we estimate per-frame camera in-
trinsics, extrinsics, and depth maps to evaluate geo-
metric stability across time. We further assess depth
continuity, focal-length stability, and camera motion
smoothness to ensure temporally coherent geometry.
For 2D datasets without ground-truth geometry, these
models also reconstruct camera pose and depth to pro-
vide metric-scale estimation.

S6. Dynamic object coverage estimation. We estimate
the overall degree of scene dynamics by measuring the
proportion and spatial distribution of moving objects
across frames, which captures both temporal motion
diversity and spatial activity density. For 4D datasets
lacking instance segmentation masks, Qwen2.5-VL [1]
and Sa2VA [12] are employed to infer or refine missing
masks, ensuring complete and consistent instance-level
motion representation throughout the sequence.

S7. Multimodal LLM feature extraction. A multimodal
large language model (MLLM), such as Qwen2.5-
VL [1], is used to extract semantic and motion-aware
features. The model answers 26 structured diagnostic
questions (see Fig. 1), capturing motion patterns, inter-
actions, and causal relations among entities.

S8. Video quality scoring via Random Forest. We aggre-
gate all extracted features, comprising 31 dimensions
from the preceding modules, and use them as input to a
random forest regressor predicting a continuous video
dynamism score between 0 and 5. A total of 3,000
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LLM Feature extraction question list

# Quesiton List

Is the camera capturing the scene static? Reply yes or no.

Is the camera capturing the scene moving? Reply yes or no.

Is the video capturing a landscape? Reply yes or no.

Is the video capturing a static scene? Reply yes or no.

Is the scene captured from a distance? Reply yes or no.

Is the video captured with a drone? Reply yes or no.

Is the video computer-generated? Reply yes or no.

Is the video content abstract? Reply yes or no.

Is there something moving through the scene? Reply yes or no.

Is there someone doing something in the video? Reply yes or no.

Are there several things moving in the video? Reply yes or no.

Is there an object that is being manipulated? Reply yes or no.

Are there animals in the video? Reply yes or no.

Is the scene mostly static? Reply yes or no.

Are things occluding each other in this video? Reply yes or no.

Is there something obstructing the view apart from the watermark? Reply yes or no.
Is there a large number of things in the video? Reply yes or no.

Are there more than 5 different objects in the video? Reply yes or no.

Is it hard to keep track of some entities because they are moving so much? Reply yes or no.
Is someone looking at a phone, a tablet or a computer screen? Reply yes or no.

Are they looking at a phone, a tablet or a computer screen during the whole video? Reply yes or no.

Are there several moving persons in this video? Reply yes or no.
Are there several moving animals in this video? Reply yes or no.
Are there several objects in this video? Reply yes or no.

Are there several similar-looking objects in the video? Reply yes or no. Do they look similar? Reply yes or no.

Figure 1. LLM Feature Extraction: the model answers 26 structured diagnostic questions to extract semantic and motion cues.

videos are manually annotated for training, where 0
represents static scenes and 5 corresponds to highly dy-
namic, temporally complex motion. The random forest
jointly leverages motion, geometric, and semantic cues
to estimate video-level dynamism.

VLMe-assisted refinement. After filtering by predicted
scores, we employ a Vision-Language Model (VLM) to
further assess semantic coherence, realism, and motion
validity. Only videos passing both quantitative and se-
mantic evaluations are retained as the final high-quality
dynamic dataset.

S9.

This hierarchical filtering pipeline ensures that the result-
ing dataset maintains visual fidelity, geometric stability, and
motion diversity, providing robust supervision for spatio-
temporal reasoning and dynamic object grounding in the
proposed Dyn—Bench.

A.2. Spatio-Temporal Textual Cognitive Map (ST-
TCM)

To model fine-grained object motions and interactions in
dynamic scenes, we construct a Spatio-Temporal Textual
Cognitive Map (ST-TCM) for each filtered video. The ST-
TCM provides a unified representation that bridges geo-
metric perception, temporal reasoning, and linguistic ab-

straction. It encodes 3D object trajectories, camera motion,
and inter-object relations into structured textual descrip-
tions, enabling object-centric spatio-temporal understand-
ing for multimodal reasoning. Inspired by recent structured
spatio-temporal representations and cognitive mapping ap-
proaches [3, 6, 11], we design the ST-TCM to capture dy-
namic interactions through both geometric grounding and
textual abstraction, facilitating interpretable reasoning over
temporal evolution in complex scenes.

S1. Geometric and motion reconstruction. Each video is
processed at 6 FPS with synchronized RGB-D frames
and instance segmentation masks to ensure balanced
temporal sampling and spatial fidelity. To recover
metric-scale geometry and accurate camera poses, we
employ VIPE [4], which jointly estimates per-frame
depth Dy and camera transformation T} = [R,|t,] from
monocular sequences under scale-aligned supervision.
The 3D position of each object o; is computed by pro-
jecting its instance centroid @1} into world coordinates
as pi T K—'aiD, (), where K denotes the
camera intrinsic matrix. Temporal differencing yields
object velocity vi = (p — pi_;)/At and acceleration
al = (vi—vi_|)/At. To mitigate frame-level depth
noise and maintain temporal coherence, an exponential
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moving average is applied for smoothing. This stage
yields geometrically consistent and temporally stable
trajectories, serving as the foundation for subsequent
motion reasoning and relational inference.

S2. Dynamic relation and spatial reasoning. Building on
reconstructed trajectories, we model both inter-object
and camera—object relations according to spatial prox-
imity, relative motion, and temporal continuity. For
each object pair (0;,0;), we compute their 3D Eu-
clidean distance and evaluate a relative motion rate de-
rived from their velocity vectors and positional differ-
ence, which distinguishes approaching, receding, and
parallel motion behaviors. Additionally, each object’s
spatial configuration relative to the camera is character-
ized by its azimuth and elevation angles, derived from
the relative 3D coordinates, providing directional cues
for qualitative reasoning such as front, left, right, or
back. This unified formulation captures both egocen-
tric and allocentric spatial layouts, enabling consistent
modeling of spatial dependencies across frames.

S3. Textual cognitive mapping. All geometric, kinematic,
and relational attributes are systematically transformed
into structured textual form through a rule-based cog-
nitive mapping module. This process integrates multi-
level cues, including object geometry (size and posi-
tion), motion states (direction, velocity, acceleration),
and relational context (distance, orientation, and in-
teraction type), into concise, interpretable frame-level
textual representations. These frame-wise textual em-
beddings are temporally aligned and sequentially ag-
gregated, forming a coherent spatio-temporal narra-
tive that maintains motion continuity and object iden-
tity throughout the sequence. The resulting Spatio-
Temporal Textual Cognitive Map (ST-TCM) provides
a unified symbolic—textual representation of scene dy-
namics, which is subsequently utilized as structured in-
put to OQwen3-VL-235B [10] for object-centric reason-
ing, dynamic scene understanding, and spatio-temporal
question answering.

B. More Visual Results

In this section, we present additional qualitative results to
further illustrate the effectiveness of our framework. Com-
prehensive visualizations are provided across the three hier-
archical levels and nine sub-tasks defined in Dyn—-Bench,
illustrating the diversity of task settings and dynamic scene
types encompassed by the benchmark. We also include rep-
resentative failure cases to analyze common challenges in
dynamic scene understanding. Furthermore, comparative
visual examples are shown to evaluate the impact of the pro-
posed Spatio-Temporal Textual Cognitive Map and Mask-
Guided Input on different multimodal large language mod-
els, highlighting their respective strengths and limitations.

B.1. Qualitative Examples on Dyn-Bench

We provide qualitative examples across the three hierarchi-
cal levels of Dyn—-Bench, including Dynamic Inter-Object
Perception, Dynamic Object-Scene Tracking, and Dynamic
Camera-Object Reasoning (see Fig. 2). Each level cap-
tures distinct dimensions of dynamic scene understanding:
the first focuses on relational reasoning between dynamic
objects, the second emphasizes object-scene interactions
and compositional motion, and the third involves reason-
ing under varying camera motion and viewpoint changes.
Within these levels, multiple sub-tasks are defined, cover-
ing nine representative types of dynamic understanding sce-
narios such as temporal changes, spatial alignment, activity
recognition, and cross-object motion dynamics. Together,
these examples highlight the diversity and complexity of
task settings in Dyn-Bench, illustrating how the bench-
mark provides a comprehensive evaluation framework for
assessing visual reasoning under dynamic and multi-object
conditions. They also provide qualitative insights into how
models interpret temporal cues, preserve semantic coher-
ence, and adapt to scene variations in realistic videos.

B.2. Failure Cases on Dyn-Bench

We present failure cases from three representative cate-
gories of multimodal large language models (MLLMs),
namely Gemini-2.5 Pro [2] as a general MLLM, UniPixel-
7B [5] as a region-level MLLM, and VST-7B-RL [8] as
a spatial MLLM, evaluated across the nine sub-tasks of
Dyn-Bench. These cases reveal the typical reasoning and
perception errors encountered when handling complex dy-
namic scenes, such as inaccurate temporal correlation, mis-
alignment in spatial grounding, or failure to infer cross-
object motion relationships. In addition, we provide quali-
tative comparisons using ST-TCM and Mask-Guided Inputs
to demonstrate their effects in enhancing temporal consis-
tency, spatial focus, and reasoning robustness across differ-
ent MLLM architectures. Representative visual examples
are shown in Fig. 3-8, illustrating the limitations of exist-
ing MLLMs and the benefits of the proposed enhancements
for dynamic reasoning.

C. Prompt Templates for Data Generation

We introduce six prompt templates used in the Ques-
tion—Answer (QA) generation stage for creating both Vi-
sual Question Answering (VQA) and grounding pairs. Each
prompt is provided as input to the Qwen3-VL-23B model
to elicit diverse, context-aware, and semantically consis-
tent responses. The six templates correspond to Dynamic
Inter-Object Perception, Dynamic Object-Scene Tracking,
Dynamic Camera-Object Reasoning, Dynamic Inter-Object
Grounding, Dynamic Object-Scene Grounding, and Dy-
namic Camera-Object Grounding, as shown in Fig. 9-14.
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Object-Camera: temporal and visual changes Object-Camera: camera motion and orientation
Question:

Question:

During the middle of the video (t=1.4s), is the camera above, level
with, or below the black and white dog lying on the grass, and is
the relative altitude becoming higher, lower, or stable?

Between the start (t=@s) and the middle (t=1.4s), what is the
camera's dominant translation direction?

A. Rightward and slightly forward

B. Leftward and slightly backward

A. Camera is above the black and white dog and becoming higher
5 q 5 5 C. Downward and forward
B. Camera is level with the black and white dog and becoming lower B Woard e Ceeleerd]
C. Camera is below the black and white dog and becoming higher - tp
D. Camera is above the black and white dog and becoming lower
Answer: B
Auswercab Inter-object: activity and object description
. . . . Question:
Object-camera: camera-object interaction
Question: How many objects are chased by the dog in the second second
second of the video?
The black and white dog appears to get smaller in the frame over A. four
time. Which explanation best fits this observation? B. three
C. two
A. The camera is zooming out (FOV change) D. One
B. The camera is translating backward (distance change)
C. Both zooming out and translating backward are occurring Answer: A

D. Neither zooming nor backward translation explains the size change . B 5 B
Inter-object: spatial relationships and change

Answer: B

Question:
Inter-object: movement and temporcldynqm|cs At the 1.5-second mark, what is the approximate distance between the
Question: black dog and the lead goose?
A. 1.5 meters
Between the start and the middle of the video, how does the B. 3.0 meters
position of the lead goose change relative to the black dog? C. 5.0 meters

D. 7.5 meters
A. It moves from right to left across the dog's path

B. It moves from behind the dog to in front of it Answer: B )
C. It moves from in front of the dog to behind it

D. It moves from left to right across the dog's path Object-scene: movement patterns and trajectories
Answer: A Question:

How does the dog's position change relative to the ducks as the

Object-scene: spatial relationships and composition scene progresses?
A. The dog starts far away and gradually moves closer to the ducks
Question: B. The dog remains stationary while the ducks move around it.
C. The dog initially lies down near the ducks, then rises and moves
How does the spatial relationship between the white pickup truck and behind them
the moving animals change over time? D. The dog chases the ducks across the field, ending up far ahead
of them
A. The truck moves closer to the animals as they advance
B. The animals move away from the truck, increasing the distance Answer: C
between them ’
C. The truck remains stationary while the animals move across the Object-scene: scene focus and dynomics
el achapeineptheininelatvelpositions Question: How many objects can be seen in the scene?
D. The truck drives away, leaving the animals alone in the field A. four :
B. five
Answer: C C. two
Y. D. three Answer: B

Figure 2. Qualitative examples of the nine representative dynamic understanding tasks across the three hierarchical levels of Dyn-Bench.
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Object-scene: spatial relationships and composition

Example 1: Without the textual map ®

Prompt : Given the <raw video> {§) How does the positioning of the fighters
change relative to the edge of the boxing ring as the scene unfolds?
(GT: The fighters gradually approached the edge of the boxing ring.)

ot As the scene unfolds, the fighters are seen moving around within the

2.5-pro: boxing ring. The crowds are positioned outside the ropes. The fighters
do _not move towards the boxing ring directly, nor do they retreat to
the center away from the ropes. Therefore, the fighters operate within
their designated space, maintaining a consistent distance from the edge
of the boxing ring.

Example 2: With the textual map
Prompt : Given the <raw video> BJand the <textual map> {8g How does the positioning

of the fighters change relative to the edge of the boxing ring as the scene
unfolds?(GT: The fighters gradually approached the edge of the boxing ring.)

. The fighters’ positions change dynamically as they move across the ring‘s

Gemini- s s N N N N

2.5-pro:  Canvas. Initially positioned on the right side, the action shifts as one
fighter pressures the other. The fighter in the red headgear is gradually
pushed back, this movement brings both combatants much closer to the edge of
the boxing ring.

[ Answer: It maintains a consistent distance from the edge of the boxing ring.(wrong)x]

([ answer: Getting closer to the edge of the boxing ring. (correct) 4|

Object-scene: movement patterns and trajectories

Example 1: Without the textual map ®

Prompt: Given the <raw video> f3) What is the estimated average speed of the
rider throughout the entire video process?
(GT:13m/s)
Gemini- By analyzing the distance the rider covers relative to the track
2.5-pro: features between frames, an average speed can be estimated. The rider

appears to travel several bike-lengths per frame, maintaining an

impressive average speed of approximately 4 meters per second through
the sequence.

Answer: 4m/s (Wrong)

Example 2: With the textual map @

Prompt: Given the <raw video> {3} and the <textual map> 8 What is the estimated
average speed of the rider throughout the entire video process?
(GT:13m/s)
Gemini-  The estimated average speed of the rider throughout the entire video process
2.5-pro: is approximately 13.3 meters per second. This calculation considers the

instantaneous speeds provided for the rider at various points in the video,
ranging from stationary to much higher speeds during moments of acceleration
or significant movement. By averaging these recorded speeds, we get a
general sense of the rider's typical velocity over the duration shown.

[ Answer: 13.3m/s (Correct) “]
\,

Object-scene: scene focus and dynamics

Example 1: Without the textual map ®

Prompt: Given the <raw video> (¥) How does the silver car's position change
relative to the crosswalk as the scene progresses?
(GT: The car is moving towards the crosswalk first and then remains
stationary.)

ot Initially, the silver car is positioned just before the pedestrian

2.5-pro: crosswalk at the corner of the intersection. As the scene progresses,
the car accelerates and drives forward, moving directly onto and across
the white lines of the crosswalk. It continues making a left turn
through the intersection, so that by the end of the sequence, the
vehicle has completely passed the crosswalk and is moving away from it.

[ Answer: Approach first, then move away.(Wrong) X]

L W] i e EE T !

IR LR W ITNINE
oL

g

Prompt: Given the <raw video> (] and the <textual map> [ How does the silver car's
position change relative to the crosswalk as the scene progresses?
(GT: The car is moving towards the crosswalk first and then remains
stationary.)

Gemini- Initially, the silver car is positioned in the distance, approaching the

2.5-pro;  intersection from the right. It moves forward and turns left, gradually
getting closer to the crosswalk located on the left side of the frame. The
car then slows down and comes to a complete stop at the edge of the
intersection, with its front bumper positioned just before the white stripes
of the crosswalk, where it remains stationary.

[ Answer: Approach first and then remain unchanged. (Correct)/ ]

y

Figure 3. Representative failure cases of Gemini-2.5 Pro on Dyn—-Bench, showing qualitative comparisons incorporating ST-TCM.

CVPR
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Inter-object: activity and object description

Example 1: Without the textual map ®

Prompt : Given the <raw video> () How many objects are chased by the dog in the
second second second of the video?
(GT: four ducks)

In the second second of the video, the dog chases three ducks across
the grassy field. The sequence shows the dog initially lying down
before getting up and moving towards the ducks, which are seen running
away from it. This interaction is captured in frames @077 to 0089,
where the dog's pursuit is clearly directed at the three ducks present
in the scene.

UniPixel:

[ Answer: Three ducks.(Wrong) x ]

Example 2: With the textual map (= =)

Prompt : Given the <raw video> fJand the <textual map> (g How many objects are
chased by the dog in the second second second of the video?
(GT: four ducks)

UniPixel: The puppy chases four ducks across the grassy field, as seen in the sequence
of frames where the dog moves from a resting position to actively pursuing
the birds. The ducks are consistently shown moving away from the puppy,
indicating a clear chase scenario involving only these four objects.

(" ansuer: four ducks (correct) o]

Inter-object: movement and temporal dynamics

Example 1: Without the textual map @

Prompt : Given the <raw video> [} Please describe the object next to the woman

making a forward jump in the second second of the video (GT: A black
and white dog)

UniPixel: There are two dogs in a grassy field under a cloudy sky. One dog is

larger with a fluffy white and grey coat, while the other is smaller
with black and white markings. The two dogs often stand on their hind
legs, jumping up towards the woman as she gestures.

[ Answer: Two dogs. (Wrong) x ]

((answer: A dog with a black and white coat. (correct) 4/ ]
A,

Example 2: With the textual map ( =)

Prompt:  Given the <raw video> f3] and the <textual map> 9 Please describe the object

next to the woman making a forward jump in the second second of the video
(GT: A black and white dog)

In the second second of the video, the object next to the woman making a

forward jump is a dog with a black and white coat. The dog appears to be in
motion, likely participating in a training or play activity with the woman,
as it is positioned close to her and seems to be responding to her actions.

UniPixel:

Inter-object: spatial relationships and change

Example 1: Without the textual map ®

Prompt: Given the <raw video> (¥) At the start of the video, where is the person
in the white shirt relative to the breakdancer?
(GT: To the left of the breakdancer.)

Unipixel: At the start of the video, the person in the white shirt is positioned
to the right of the breakdancer, standing slightly behind and to the
side, observing the performance. This individual appears to be part of
the audience, located near the edge of the crowd that has gathered
around the dancer.

[ Answer: To the right of the breakdancer(Wrong) X]

Figure 4. Representative failure cases of UniPixel-7B on Dyn-Bench, showing qualitative comparisons incorporating ST-TCM.

Example 2: With the textual map (ij)
Prompt : Given the <raw video> 5] and the <textual map> @ At the start of the video,

where is the person in the white shirt relative to the breakdancer?
(GT: To the left of the breakdancer.)

UniPixel: At the start of the video, the person in the white shirt is positioned to
the left of the breakdancer, standing near the edge of the crowd and
slightly behind the performer. This individual appears to be observing the
dance routine, with their body oriented towards the center where the
breakdancer is performing.

[ Answer: To the left of the breakdancer (Correct) 4 ]

y

CVPR
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Object-Camera: temporal and visual changes

Example 1: Without the textual map @

Prompt: Given the <raw video> ) During the interval from t=0.5s to t=1.5s, is
the camera positioned above, at level with, or below the motocross
rider?(GT: Below the rider.)

VST: During the interval from t=0.5s to t=1.5s, the motocross rider is level
with the camera as they navigate a turn on the dirt track, maintaining
a consistent position relative to the viewer's perspective. The rider
remains at the same height as the camera, neither above nor below, and
continues along the course with precision and control.

[ Answer: Level with the rider.(Wrong) x]

Example 2: With the textual map (= =)

Prompt:  Given the <raw video> 8 and the <textual map> g During the interval from
=0.5s to t=1.5s, is the camera positioned above, at level with, or below
the motocross rider?(GT: Below the rider.)

E During the interval from t=0.5s to t=1.5s, the camera is positioned below
the motocross rider. This is evident from the consistent negative elevation
angles reported in the data, which indicate that the rider is above the
camera's line of sight. The camera's position remains relatively low and
stable throughout this period, while the rider ascends and descends over the
terrain, maintaining a higher elevation relative to the camera.

([ answer: Below the motocross rider (correct) 4 |
A,

Object-camera: camera motion and orientation

Example 1: Without the textual map ®
Prompt: Given the <raw video> (3] Which interval shows the smoothest camera
motion with the lowest acceleration variance? (GT: D)
A. @.6s to 0.5s
B. 0.5s to 1.0s
C. 1.6s to 1.5s
VST: D. 1.5s to 2.3s

The interval from @.0 to ©.5 seconds shows the smoothest camera motion
with the lowest acceleration variance, as the camera position changes
minimally and consistently during this period, indicating a steady and
stable movement without abrupt accelerations or decelerations.

Answer: A(Wrong) x

Example 2: With the textual map (’ ()

Prompt: Given the <raw video> {J and the <textual map> g Which interval shows the
smoothest camera motion with the lowest acceleration variance? (GT: D)
A. @.0s to 0.5s
B. ©.5s to 1.0s
C. 1.6s to 1.5s

VST: D. 1.5s to 2.3s
The interval from 1.5s to 2.3s shows the smoothest camera motion with the
lowest acceleration variance, as the camera position changes more gradually
and consistently during this period compared to the earlier interval. The
data indicates that while both intervals exhibit acceleration, the motion in
the latter is more stable, with fewer abrupt changes in direction or speed.

Answer: D (Correct)
\,

Object-camera: camera-object interaction

Example 1: Without the textual map @

Prompt: Given the <raw video> B From the beginning of the video to around 1.6s,
does the camera’s position relative to the person on the bicycle
transition from front to right, left to back, or remain in the same
sector?(GT: Remains in the front sector.)

VST: Initially, the cyclist is positioned directly ahead of the camera at a

slight anglew. As time progresses, the azimuth shifts gradually from

positive values (front-left) to negative values (right side). This
transition is evident in the changing azimuth angles from approximately
6° to -23°, indicating a shift from front to right.

[ Answer: From front to right(Wrong) x]

Example 2: With the textual map
Prompt: Given the <raw video> (¥) and the <textual map> @§ the beginning of the
video to around 1.0s, does the camera’s position relative to the person on
the bicycle transition from front to right, left to back, or remain in the
same sector?(GT: Remains in the front sector.)

VST: From the beginning of the video to around 1.0 seconds, the camera's position
relative to the person on the bicycle remains the same sector, as the
azimuth angle changes only slightly from 6° to -23°, indicating a gradual
shift in direction rather than a transition from behind to front.

[ Answer: Remains in the front sector. (Correct)(]
A

Figure 5. Representative failure cases of VST-7B-RL on Dyn-Bench, showing qualitative comparisons incorporating ST-TCM.

y
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‘What happens to the empty swing next to the
woman as she swings?

It swings in sync with her

It remains completely still X
It sways slightly due to wind

It is removed from the frame by someone
off-screen

cSowEp

N

What happens to the empty swing next to the
woman as she swings?

It swings in sync with her

It remains completely still

It sways slightly due to wind X
It is removed from the frame by someone
off-screen

Sow»

N

What happens to the empty swing next to the
woman as she swings?

=) @ A. It swings in sync with her
e Ay g B. It remains completely still V
C. It sways slightly due to wind
D.

It is removed from the frame by someone

off-screen ; ;
AA

Figure 6. More visual comparison results on Mask-Guided Input.
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Does the person’s movement across the court o
ccur continuously or in short bursts?

A. Continuously throughout the video X
B. In short bursts with pauses

C. Only once briefly at the start

D. Not at all :, \:
o0

Does the person’s movement across the court o
ccur continuously or in short bursts?

A. Continuously throughout the video X
B. In short bursts with pauses

C. Only once briefly at the start

D. Not at all :,. .\;

Does the person’s movement across the court o

ccur continuously or in short bursts?

A. Continuously throughout the video V
B. In short bursts with pauses

C. Only once briefly at the start

= il , D. Not at all
(¢) MASK-GUIDED FUSION an

Figure 7. More visual comparison results on Mask-Guided Input.
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s the kitesurfer’s position change?

s Ay w. A. Moves right and slightly backward X
m—-* B. Moves left and forward
C. Moves right and slightly forward
D. Moves left and upward

@ From the start to the end of the video, how doe

N

From the start to the end of the video, how doe
@ s the kitesurfer’s position change?
e ." A. Moves right and slightly backward X
B. Moves left and forward
C. Moves right and slightly forward
D. Moves left and upward @

From the start to the end of the video, how doe
s the kitesurfer’s position change?
! - A .b’ A. Moves right and slightly backward V
' B. Moves left and forward
C. Moves right and slightly forward
D. Moves left and upward @

(¢c) MASK-GUIDED FUSION

Figure 8. More visual comparison results on Mask-Guided Input.
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Dyn

ic Inter-Object Percepti

You are given a set of video keyframes and structured scene context data describing dynamic interactions among objects.

# Scene Context JSON includes:
- video_id: video identifier
- frames: array of frames
* each frame has frame_id, timestamp, and a list of objects
* each object includes:
- object_id: identifier
-world_info: 3D location and size in world coordinates
- description: natural-language details about size, state, nearby objects, and relative positions

# World coordinate system:

- x-axis: left-right direction (positive = right, negative = left)

- y-axis: up—down direction (positive = down, negative = up)

- z-axis: forward-backward direction (positive = forward, farther from camera. negative = backward, closer to the camera)

# Interpretation examples:

- If an object’s x increases, it moves to the right.

- If y increases, it moves downward.

- If z increases, it moves forward, away from the camera.

- Never confuse “forward” with “up” or “right.” These are independent axes.

# Naming & Referencing Policy (VERY IMPORTANT)

- Always refer to items by real-world category names and natural descriptors from description (e.g., “the red mug,
- Never use placeholder tokens such as “object,” “obj,” “obj1/0bj2”.

- If multiple similar items exist, disambiguate naturally (e.g., “the taller box,” “the box with a sticker,
- Do not quote or surface object_id in the text. Use only real-world categories and descriptors.

the parked car,” “the person in a blue jacket”).

2 <, 2 <

the metal chair”) using attributes from description.

# Rules:

- Refer to entities naturally (e.g., “the small cube,” “the larger box™), not as “obj1,” “obj2.”

- For spatial questions, all reasoning must follow the defined 3D coordinate meanings above (especially the z-axis as forward/backward).
- Use fluent, human-like phrasing.

- Avoid numeric coordinates in the questions and options

2 <

# Task

Generate exactly 11 multiple-choice question—answer pairs, one per category below. Each question must have four options labeled A—D with only one correct answer. Keep
wording concise and natural.

1. Video description (scene summary) — Describe the overall activity in the video using natural language.

2. Object counting (multiple objects) — Count how many distinct objects appear.

3. Object stationary detection (single object) — Does an object remain still or move during the video.

4. Average speed (single object) — Ask for an object’s average speed between its first and last appearances; provide four plausible numeric choices with the correct unit.

5. Spatial relation at one moment (multiple objects) — Where is one object relative to another (e.g., “left of”).

6. Position change (single object) — From moment A to moment B, how does an object’s position change (e.g., “moves right and forward,” “moves left and upward”)?

7. Change in distance over time (multiple objects) — Do two objects get closer, farther apart, or stay about the same over the video.

8. Relative position change (multiple objects) - Between two specified moments A and B (e.g., two timestamps or event cues), how does the relative position of one object to
another change?

9. Distance at a specific moment (multiple objects) — At a specified timestamp or event cue, what is the distance between two clearly identified objects?

10. Event order (temporal precedence) — Which happens first in the video (e.g., “Does the person pick up the cup before the door opens, or after?”’).

11. Action continuity — Does an action occur continuously, intermittently (start-stop), only once briefly, or not at all (e.g., “Does the small drone hover steadily or in short
bursts?”).

# Output format
Output only a single JSON array [ ... ] with 11 items. Each item must follow:

"question": "string"",
"options": ["A. ...", "B. ..","C. .", "D. .."]
"answer": "A|B|C/D"

}

# Style and Language

- Refer to objects by real-world categories (e.g., “the car”, “the person”), not IDs like “obj1”
- Use fluent, human-like phrasing for both questions and answers.

- Avoid numeric coordinates in the question/answer.

- Ensure all spatial terms respect the axis definitions above.

# Example

{
"question": "What best describes the main activity in the video?",
"options": ["A. A car parks beside a curb", "B. A person jogs past a bench", "C. A drone hovers in place", "D. A ball rolls down stairs"],
"answer": "B"

}

\ J

Figure 9. Prompt template for Dynamic Inter-Object Perception in Dyn—-Bench.
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namic Object-Scene Trac|

You are given video keyframes and a cognitive map JSON containing object tracking data.

Focus on the overall scene dynamics — how the main moving objects interact, change positions, and transform the spatial composition of the scene over time.
Generate 6 simple multiple-choice questions that reflect scene-level understanding, not isolated object actions.

Each question should capture the global motion patterns, object interactions, or changes in scene layout as time progresses.

# Task:

Generate exactly 6 multiple-choice question—answer pairs. Each question must have four options labeled A—D with only one correct answer. Keep wording concise and natural. Each
question should highlight scene-level dynamics. You can use these types of questions as examples or adapt them naturally:

1. How does the overall spatial arrangement of elements change throughout the scene?

2. What happens to the person/vehicle/animal performing action XXX in relation to the rest of the scene?

3. How does the movement of one entity influence others or alter the scene composition?

4. Describe the appearance or spatial position of the person/vehicle/animal performing action XXX within the evolving scene.

Questions should use real-world concepts and entities, not abstract placeholders like “object” or “key object”.

# Output format:
Output only a single JSON array with 6 items, e.g.:

{

string",

b
=

# Description Rules:

1. Scene Initialization — Identify key dynamic objects and their initial layout within the environment.

2. Scene Evolution — Describe how spatial relations, movements, or object interactions develop over time. Use temporal connectives such as: initially, then, next, meanwhile, as the scene
progresses, finally.

3. Scene Transformation — Explain how the scene composition changes by the end (e.g., objects converge in the center, one leaves the frame while others remain).

# Style Guidelines:

- Always refer to entities by real-world categories or descriptions, not generic terms like “object”, “key object™, or IDs like “obj1”.
- Use fluent, human-like phrasing for both questions and answers.

- Questions should be simple and easy to understand.

- Avoid camera-related or numerical terms (e.g., “frame”, “meters”, “timestamp”).

- Focus on scene-level context, not camera movement or technical metrics.

- Use natural spatial references (“near the center”, “across the street™).

- Emphasize relationships between objects and overall scene transitions.

- Write in a concise, natural, human-observer style.

- Critical: Output must be pure JSON starting and ending with [ and ] — no markdown, comments, or extra text.

Figure 10. Prompt template for Dynamic Object-Scene Tracking in Dyn—Bench.
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amic Camera-Object Reasonin \

You are given video keyframes and structured scene context that include per-frame CAMERA pose and OBJECTS. Your goal is to generate **exactly 11** multiple-choice questions (A—
D, single correct) that assess **camera-centric** understanding: the camera’s motion in the world frame and the camera’s motion **relative to** clearly named real-world objects. Output
ONLY a single JSON array with 11 items; no extra text.

#INPUT
Scene Context JSON (example fields):
- video_id
- frames: array
* frame_id, timestamp
* camera: position: (X,y,z)
* objects: list of visible entities, each with:
-world_info: 3D location/size in world coordinates
- description: natural language attributes (category, color, size, accessories, state, nearby items)

# CAMERA COORDINATE SYSTEM

This scene uses a dard **camera di frame** i with COLMAP/OpenCV:
- +x: right (image right)

- +y: down (image down)

- +z: forward (into the scene, away from camera origin)

# BEARING (OBJECT RELATIVE TO CAMERA)

‘When the scene context provides bearing as (azimuth, elevation) for an object **relative to the camera**:

- Azimuth: horizontal angle around the camera; sign maps to **left/right**.

- Elevation: 0° at camera’s level; **elevation < 0 = object is below camera (viewer must look downward)**; **elevation > 0 = object is above camera (viewer must look upward)**.
Use bearing only for **qualitative** judgments (left/right/front/back, above/below, nearer/farther). **Do not expose raw numeric angles** in questions/options.

# REFERENCE FRAMES

- [WORLD]: camera motion w.r.t. the world frame (default reference is the first frame unless a time range is specified).

- [RELATIVE]: camera’s position/trajectory **around a named real-world object** (object-centric top view: front/right/back/left; distance change; orbital CW/CCW).
Note: WORLD yaw direction and RELATIVE orbital direction may differ; evaluate independently.

#NAMING & REFERENCING

- Refer to entities ONLY by natural descriptors present in “description: e.g., “the larger brown goat™, “the black goat wearing a blue cloth™.

- NEVER use placeholders/IDs or pronouns: no “object/obj”, “Object 1/2, “it”, “its™, or “the subject™.

- **Descriptor Lock (critical):** once you name an entity, use the **EXACT SAME** descriptor verbatim across all 11 questions and options. Do not shorten/replace with “the goat”, “it”,
etc.

- If multiple similar entities exist, compose a unique descriptor (color + size + accessory + pose). If uniqueness is not possible, **do not** create that question.

- Do NOT invent unseen attributes (logos, text, brands, numbers) not present in JSON/descriptions.

# OPTION DESIGN & UNIQUENESS

- Exactly four options A-D; options must be **mutually exclusive**; exactly **one** correct.

- Numeric concepts (distance/angle/speed) must be expressed as **non-overlapping ranges** or qualitative tiers (closer/farth
negligible/small/medium/large). Do not print raw numbers/angles.

- Make the dominant aspect explicit when asked (e.g., “dominant orientation change = yaw clockwise (medium)”).

# TASK: 11 CAMERA-CENTRIC CATEGORIES

1) [WORLD] Camera motion summary — Natural-language summary of overall CAMERA motion (e.g., “curved rightward with gradual clockwise pan and slight descent™).

2) [WORLD] Camera stationary detection — Does the CAMERA remain still or move (whole video or a specified interval)?

3) [WORLD] Translation direction — Between time A and B, what is the CAMERA’s **dominant** translation (e.g., right & forward / left & upward)?

4) [WORLD] Orientation change — Between time A and B, what is the CAMERA’s **dominant** orientation change? (axis + direction + qualitative magnitude: yaw CW/CCW, pitch
up/down, roll right/left; tiers: negligible/small/medium/large)

5) [RELATIVE] Distance trend to a named object — Over an interval, does the CAMERA get closer to <named object>, farther, about the same, or fluctuate but end similar?

6) [RELATIVE] Orbital bearing change — Around <named object> (top view), is the CAMERA s net orbit clockwise, counterclockwise, negligible, or reversing?

7) [RELATIVE] Lateral sector transition — From Early—Late (or A—B), does CAMERA move relative to <named object> from left/right/front/back to another sector (e.g., front—right)?
8) [RELATIVE] Relative altitude & trend — Is CAMERA above/level/below <named object> during a period, and is it becoming higher/lower/stable?

9) [WORLD] Motion smoothness/stability — Which phase/interval is smoothest (lowest acceleration variance) or shows handheld-like micro-shake?

10) [WORLD vs RELATIVE] Zoom vs Dolly cue — If <named object> apparent scale changes, which explanation fits: FOV/zoom change, forward/backward translation (distance change),
both, or neither?

11) [RELATIVE] Event order (camera vs a named object) — Which happens first: CAMERA starts a specific motion (e.g., rightward pan/truck) vs <named object> enters/exits/changes
side? Options must be mutually exclusive (A first/ B first / same frame / only one occurs).

#QUALITY SELF-CHECK BEFORE RETURNING

- Exactly 11 items, covering the 11 categories **in order**.

- Every item is CAMERA-centric; named objects are reference anchors with consistent descriptors (**Descriptor Lock enforced; no pronouns**).
- Options are mutually exclusive; exactly one correct.

- No raw coordinates/angles/object_ids in the text.

- Timestamps are within bounds; all referenced entities are visible at the cited times.

- All direction terms are **scr ligned** (viewer phrasing), not coordinate signs.

#OUTPUT FORMAT

Return ONLY a JSON array with 11 items. Each item:
"question": "string",
"options": ["A. ...","B....", "C. ...", "D. .."],
"answer": "A[B|C|D"

_ J

Figure 11. Prompt template for Dynamic Camera-Object Reasoning in Dyn—Bench.
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namic Inter-Object Grounding \

You are given video keyframes and an object JSON file describing detected objects. Please generate exactly 3 expression pairs (3 statements and 3 questions with consistent content) for
DYNAMIC (moving) objects ONLY.

The expressions MUST describe the target object's spatiotemporal relationship with **another dynamic object** in the scene.

# OUTPUT FORMAT:

Generate the following fields for each dynamic object:

- crop_caption: Detailed description of the object's appearance in a single frame (focus on visual features, colors, shapes, textures)
- crop_category: Brief category/type identification of the object (e.g.,'A dog', 'A person', 'A vehicle')

- formated: Comprehensive description of the object's appearance, position, and movement throughout the video (combine all aspects)
- expression_1: Relative spatial position statement (e.g., The person in blue is to the left of the person in red')

- question_1: Relative spatial position question (e.g., 'What object is to the left of the person in red?')

- expression_2: Interaction statement (e.g., The person in blue is handing a bag to the person in red’)

- question_2: Interaction question (e.g., 'What object is handing a bag to the person in red?')

- expression_3: Relative movement pattern statement (e.g., "The white car is moving towards the black car’)

- question_3: Relative movement pattern question (e.g., 'What object is moving towards the black car?’)

# CRITICAL REQUIREMENT:

You must generate expressions ONLY for objects that show movement patterns (not stationary objects).

DYNAMIC OBJECT IDENTIFICATION: Look for objects that have changing positions, speeds, or movement patterns across the video frames.
SKIP stationary objects that remain in the same position throughout the video.

MOVEMENT VERIFICATION: Before generating expressions for any object, verify that it actually moves or changes position in the video.

If an object remains stationary (like roads, walls, furniture, static lines, or fixed background elements), DO NOT generate expressions for it.
DYNAMIC OBJECT EXAMPLES: People walking, animals moving, vehicles driving, objects being carried, etc.

STATIC OBJECT EXAMPLES: Roads, sidewalks, walls, furniture, painted lines, buildings, trees (if not swaying), etc.

Establish a one-to-one mapping between JSON object IDs and output object IDs.
If the JSON contains obj1, obj2, obj3, then you MUST generate object_1, object_2, object_3.
Mapping rule: obj1 -> object_1, obj2 -> object_2, obj3 -> object_3, etc.

# Level 1 Expression Generation Strategy - Exactly 3 Pairs per Object:
For each object, generate exactly 3 expression pairs covering these DISTINCT spatiotemporal aspects. All expressions must relate the target object to ANOTHER dynamic object.

1. **Relative Spatial Position (Obj-Obj)**:
* Statement: Describe ONLY where the object is located relative to **another dynamic object** (e.g., 'The person in blue is standing to the right of the person in red’).
* Question: Ask about what object is in this specific relative position (e.g., 'What object is standing to the right of the person in red?').
* CRITICAL: Must involve two dynamic objects.

5

**Dynamic Interaction (Obj-Obj)**:

* Statement: Describe a direct spatiotemporal interaction between the object and **another dynamic object** (e.g., 'The person in blue is handing a bag to the person in red', 'The dog is
chasing the cat).

* Question: Ask about what object is performing this interaction (e.g., 'What object is handing a bag to the person in red?").

* CRITICAL: Must describe an active, dynamic interaction, not just proximity.

3. **Relative Movement Pattern (Obj-Obj)**:

* Statement: Describe ONLY the object's motion relative to **another dynamic object's** motion (e.g., The white car is moving away from the black car', 'The person in blue is
following the person in red’).

* Question: Ask about what object is performing this relative motion (e.g., 'What object is moving away from the black car?').

* CRITICAL: Must describe movement, not a static position.

# Requirements:
- Generate exactly 3 expression pairs (3 statements + 3 questions) for DYNAMIC (moving) objects ONLY.
- You MUST identify and process ONLY objects that show movement patterns.
- SKIP stationary objects.
- Each statement/question should be a single natural sentence in English.
- Focus on qualitative descriptions and relationships.
- The final output must be a JSON object:
{

"object_1": {
""crop_captiol
"crop_category"
"formated": "..."
"expression_
"question_

Relative spatial position statement",
Relative spatial position question",

"expression_2": "Interaction statement",

"question_2": "Interaction question",

"expression Relative movement pattern statement”,
"question_3": "Relative movement pattern question"

1
"object_2": {
.

}
- CRITICAL: Include ONLY dynamic (moving) objects from the JSON data.
- MANDATORY: Generate expressions for ALL dynamic objects following the mapping rule.
- STATIC OBJECT CHECK: Double-check that NO static objects are included.
- Do not include any explanations or text outside the JSON object.

Figure 12. Prompt template for Dynamic Inter-Object Grounding in Dyn-Bench.
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namic Object-Scene Grounding \

You are given video keyframes and an object JSON file describing detected objects. Please generate exactly 3 expression pairs (3 statements and 3 questions with consistent content) for
DYNAMIC (moving) objects ONLY.

The expressions MUST describe the target object's spatiotemporal relationship with the **overall scene** or **static background elements**.

# OUTPUT FORMAT:

Generate the following fields for each dynamic object:

- crop_caption: Detailed description of the object's appearance in a single frame (focus on visual features, colors, shapes, textures)
- crop_category: Brief category/type identification of the object (e.g.,'A dog', 'A person', 'A vehicle')

- formated: Comprehensive description of the object's appearance, position, and movement throughout the video (combine all aspects)
- expression_1: Scene-relative spatial position statement (e.g., 'The person in blue is standing in the middle of the intersection’)

- question_1: Scene-relative spatial position question (e.g., 'What object is standing in the middle of the intersection?')

- expression_2: Spatiotemporal path statement (e.g., 'The person in blue walks from the sidewalk into the store')

- question_2: Spatiotemporal path question (e.g., 'What object walks from the sidewalk into the store?")

- expression_3: Scene-contextualized action statement (e.g., 'The dog is jumping over the puddle on the grass')

- question_3: Scene-contextualized action question (e.g., 'What object is jumping over the puddle on the grass?’)

# CRITICAL REQUIREMENT:

You must generate expressions ONLY for objects that show movement patterns (not stationary objects).

DYNAMIC OBJECT IDENTIFICATION: Look for objects that have changing positions, speeds, or movement patterns across the video frames.
SKIP stationary objects that remain in the same position throughout the video.

MOVEMENT VERIFICATION: Before generating expressions for any object, verify that it actually moves or changes position in the video.

If an object remains stationary (like roads, walls, furniture, static lines, or fixed background elements), DO NOT generate expressions for it.
DYNAMIC OBJECT EXAMPLES: People walking, animals moving, vehicles driving, objects being carried, etc.

STATIC OBJECT EXAMPLES: Roads, sidewalks, walls, furniture, painted lines, buildings, trees (if not swaying), etc.

Establish a one-to-one mapping between JSON object IDs and output object IDs.
If the JSON contains obj1, obj2, obj3, then you MUST generate object_1, object_2, object_3.
Mapping rule: obj1 -> object_1, obj2 -> object_2, obj3 -> object_3, etc.

# Level 2 Expression Generation Strategy - Exactly 3 Pairs per Object:
For each object, generate exactly 3 expression pairs covering these DISTINCT spatiotemporal aspects. All expressions must relate the target object to the STATIC SCENE.

1. **Scene-Relative Spatial Position (Obj-Scene)**:

* Statement: Describe ONLY where the object is located relative to the **overall scene or a major static element** (e.g., 'The person in blue is standing near the fountain', 'The car is in
the background of the shot').

* Question: Ask about what object is in this specific scene-relative position (e.g., 'What object is standing near the fountain?').

* CRITICAL: Must relate to the static scene, not another dynamic object.

2. **Spatiotemporal Path (Obj-Scene)**:

* Statement: Describe the object's **path of movement across the scene** by referencing static elements (e.g., 'The person walks from the left side of the screen to the right side', 'The
ball rolls across the grass and stops on the path').

* Question: Ask about what object is performing this path of movement (e.g., 'What object walks from the left side of the screen to the right side?’).

* CRITICAL: Must describe a trajectory or path, not a static position.

3. **Scene-Contextualized Action (Obj-Scene)**:
* Statement: Describe a specific **dynamic action** the object performs *within* the scene context (e.g., 'The person is climbing the stairs', 'The dog is digging a hole under the tree').
* Question: Ask about what object is performing this scene-contextualized action (e.g., 'What object is climbing the stairs?").
* CRITICAL: Must be a specific action (e.g., 'climbing', jumping, 'digging), not just 'moving’.

# Requirements:
- Generate exactly 3 expression pairs (3 statements + 3 questions) for DYNAMIC (moving) objects ONLY.
- You MUST identify and process ONLY objects that show movement patterns.
- SKIP stationary objects.
- Each statement/question should be a single natural sentence in English.
- Focus on qualitative descriptions and relationships.
- The final output must be a JSON object:
{

"object_1": {
""crop_captiol
"crop_category"
"formated": "...",

"expression_1": "Scene-relative spatial position statement",
"question_1": "Scene-relative spatial position question",
"expression_2": "Spatiotemporal path statement",
"question_2": "Spatiotemporal path question",
"expression_3": "Scene-contextualized action statement",
"question_3": "Scene-contextualized action question"

1
"object_2": {
.

}
- CRITICAL: Include ONLY dynamic (moving) objects from the JSON data.
- MANDATORY: Generate expressions for ALL dynamic objects following the mapping rule.
- STATIC OBJECT CHECK: Double-check that NO static objects are included.
- Do not include any explanations or text outside the JSON object.

\— _/

Figure 13. Prompt template for Dynamic Object-Scene Grounding in Dyn—Bench.
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You are given video keyframes and an object JSON file describing detected objects. Please generate exactly 3 expression pairs (3 statements and 3 questions with consistent content) for
DYNAMIC (moving) objects ONLY.

The expressions MUST describe the target object's spatiotemporal relationship with the **camera's perspective** (e.g., depth, scale, movement relative to the camera).

#OUTPUT FORMAT:

Generate the following fields for each dynamic object:

- crop_caption: Detailed description of the object's appearance in a single frame (focus on visual features, colors, shapes, textures)
- crop_category: Brief category/type identification of the object (e.g.,'A dog', 'A person', 'A vehicle')

- formated: Comprehensive description of the object's appearance, position, and movement throughout the video (combine all aspects)
- expression_1: Relative depth/proximity statement (e.g., 'The person in blue is the object closest to the camera')

- question_1: Relative depth/proximity question (e.g., 'What object is closest to the camera?’)

- expression_2: Movement relative to camera statement (e.g., 'The person in blue is walking towards the camera')

- question_2: Movement relative to camera question (e.g., 'What object is walking towards the camera?’)

- expression_3: Apparent scale/frame position statement (e.g., 'The large object occupying the center of the frame')

- question_3: Apparent scale/frame position question (e.g., 'What object is large and occupying the center of the frame?”)

# CRITICAL REQUIREMENT:

You must generate expressions ONLY for objects that show movement patterns (not stationary objects).

DYNAMIC OBJECT IDENTIFICATION: Look for objects that have changing positions, speeds, or movement patterns across the video frames.
SKIP stationary objects that remain in the same position throughout the video.

MOVEMENT VERIFICATION: Before generating expressions for any object, verify that it actually moves or changes posmon in the video.

If an object remains stationary (like roads, walls, furniture, static lines, or fixed background el ), DONOT pressions for it.
DYNAMIC OBJECT EXAMPLES: People walking, animals moving, vehicles driving, objects being carried, etc.

STATIC OBJECT EXAMPLES: Roads, sidewalks, walls, furniture, painted lines, buildings, trees (if not swaying), etc.

Establish a one-to-one mapping between JSON object IDs and output object IDs.
If the JSON contains obj1, obj2, obj3, then you MUST generate object_1, object_2, object_3.
Mapping rule: obj1 -> object_1, 0bj2 -> object_2, obj3 -> object_3, etc.

# Level 3 Expression Generation Strategy - Exactly 3 Pairs per Object:
For each object, generate exactly 3 expression pairs covering these DISTINCT spatiotemporal aspects. All expressions must relate the target object to the CAMERA'S PERSPECTIVE.

1. **Relative Depth / Proximity (Obj-Camera)**:

* Statement: Describe the object's proximity to the camera, often relative to other objects (e.g., The person in blue is in the foreground', 'The red car is the object farthest from the
camera).

* Question: Ask about what object is at this specific depth (e.g., 'What object is in the foreground?').

* CRITICAL: Must describe depth (foreground, background, closest, farthest).

2. **Movement Relative to Camera (Obj-Camera)**:

* Statement: Describe the object's **movement trajectory relative to the camera's viewpoint** (e.g., 'The person is walking *towards* the camera', 'The bird is flying *away* from the
camera', 'The car is moving from left to right across the frame').

* Question: Ask about what object is performing this camera-relative motion (e.g., 'What object is walking towards the camera?').

* CRITICAL: Must describe movement relative to the camera, indicating a change in depth or position *in the frame*.

3. **Apparent Scale / Frame Position (Obj-Camera)**:

* Statement: Describe the object's **apparent size or dominant position in the frame** as an indicator of its relationship to the camera (e.g., 'The object that appears largest in the frame',
'The small object in the distance', 'The object in the center of the camera's view').

* Question: Ask about what object fits this scale or frame description (e.g., 'What object appears largest in the frame?').

* CRITICAL: Relates visual scale or frame position directly to camera perspective.

# Requirements:

- Generate exactly 3 expression pairs (3 statements + 3 questions) for DYNAMIC (moving) objects ONLY.
- You MUST identify and process ONLY objects that show movement patterns.

- SKIP stationary objects.

- Each statement/question should be a single natural sentence in English.

- Focus on qualitative descriptions and relationships.

- The final output must be a JSON object:

"object_1": {
"crop_caption":
"crop_category": "...
"formated": ".
"expression_1": "Relative depth/proximity statement",
"question_1": "Relative depth/proximity question",
"expression_2": "Movement relative to camera statement",
"question_2": "Movement relative to camera question",
"expression_3": "Apparent scale/frame position statement",
"question_3": "Apparent scale/frame position question"

3
"object_2": {
1

}
- CRITICAL: Include ONLY dynamic (moving) objects from the JSON data.
- MANDATORY: Generate expressions for ALL dynamic objects following the mapping rule.
- STATIC OBJECT CHECK: Double-check that NO static objects are included.

Figure 14. Prompt template for Dynamic Camera-Object Grounding in Dyn—-Bench.
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