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MOTIVATION

Dynamic Physical Properties are Inferred from Visual

02

cues

Time: 00:00:47:12

M

Balloon with air

After impact, the rebound height relative
to the drop height reveals how elastic the

Qject is. /

@sticity \

Niscosity \

After contact, the spreading speed and

area growth reveal how viscous the liquid

\_ /

mction \

During sliding, displacement and

deceleration reveal the friction between

%ject and surface. /

Can video foundation models infer dynamic physical properties from videos

Inferring Dynamic Physical Properties from Video Foundation Models | CVPR 2026 VGBE Workshop Best Paper Runner-up



TASK

Problem Setting: Absolute Prediction and Relative Comparison

03

Time: 00:00:47:12

Balloon with air

Absolute setting: what is the elasticity of the ball?

Absolute prediction

Input: one video
Output: numerical physical coefficient
Metric: Pearson correlation
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Relative setting: which video has larger friction?
The model does not need an exact coefficient first; it can compare motion outcomes.

/ Frame 1/4

‘ / ",,,‘ Watch displacement and deceleration.

- Relative comparison aveids exact coefficient calibration.

VideoA |
;

Video B

Relative setting: which video has larger friction?

Relative comparison

Input: a pair of videos
Output: which one has the larger property value
Metric: ROC AUC



DATASET

Overview of Dataset Collection: Simulator + Real
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Elasticity

Viscosity

Friction

Elasticity

Viscosity

Friction
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3 properties

Elasticity Viscosity Friction

4 splits

Train and Test-1: synthetic in-distribution
Test-2: synthetic OOD
Test-3: real videos



SPLIT DESIGN

- - . - 06
The split desigh separates physics from nuisance parameters
Train Test-1 Test-2 Test-3
synthetic synthetic ID synthetic OOD real
same distribution of different viewpoint, lighting, real videos
~10000 videos nuisance parameters as colors, and setup
train ~1000 videos ~100 videos
~1000 videos
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ORACLE ESTIMATION

Oracle Method

Key idea: use computer vision techniques to extract a measurement that can directly be used to predict the property

I
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Friction
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Elasticity Viscosity Friction
segment object segment liquid bird's-eye projection
track centroid track area growth fit trajectory

bounce height ratio spreading slope parabola coefficient



VIDEO FOUNDATION MODELS

Video Generative Models
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Extract
Feature
%4

Diffusion
U-Net

Prediction

Output p

i

Video Generative Model

txhxwxc

Cross Attn

DynamiCrafter
diffusion U-Net features
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VIDEO FOUNDATION MODELS

Video Self-Supervised Models
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Prediction

txhxwxc

Extract
- —

Cross Attn

Video Self-Supervised Model

V-JEPA-2
ViT features
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MLLMs

'role': 'system', 'content': 'You are an expert in elasticity analysis with the ability to analyze
video frames and determine elasticity values. You MUST provide a specific elasticity estimate.

What iS the dynamic fricﬁon Never say you cannot analyze the images.'
L H ‘role': 'user', 'content': 'You are analyzing frames from a video showing a bouncing object. Your
CoethIent Of the ObJeCt and task is to estimate the restitution coefficient (also known as coefficient of restitution or

. . elasticity).
the surface in the video? -

The restitution coefficient is the ratio of separation speed to approach speed during collision:
- Perfectly elastic collision: 1.8 (ball bounces back with same speed)

- Perfectly inelastic collision: ©.8 (ball sticks to surface, no bounce)

- Typical values: ©.1-8.9 for most materials

If the object bounces back significantly » restitution coefficient closer to 1.0
If the object barely bounces or sticks -+ restitution coefficient closer to 0.0

YOUR RESPONSE MUST END WITH A SPECIFIC RESTITUTION COEFFICIENT VALUE IN THIS FORMAT:
"Estimated restitution coefficient value: X "

Where X is a number between @ and 1 (e.g., 0.7, 0.3, 9.85)." }

visual_input = {
"type": "image_url", "image_url": {"url": f"data:image/jpeg;base64,{framel}"}
"type": "image_url", "image_url": {"url": f"data:image/jpeg;base64,{frame2}"}

Prediction

"type": "image_url", "image_url": {"url": f"data:image/jpeg;base64,{framel6}"}
}

MLLM

Qwen2.5VL, GPT-40
Gemini-2.5-pro prompts
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MLLMs

MLLM

What is the dynamic friction
coefficient of the object and
the surface in the video?

[Few-shot Examples]

— Few-Shot Examples

visual_input = {

"type": "image_url", "image_url": {"url": f"data:image/jpeg;base64,{example_framel}"}
"type": "image url", "image_url": {"url": f"data:image/jpeg;base64,{example_frame2}"}

"type": "image url", "image_url": {"url": f"data:image/jpeg;base64,{example_framel6}"}

}

Output: Estimated restitution coefficient value: ©.750

Now analyze the following video:

Prediction

Prompting Strategy

MLLM

Qwen2.5VL, GPT-40
Gemini-2.5-pro prompts
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MLLMs v

MLLM

What is the dynamic friction
coefficient of the object and
the surface in the video?

[Oracle Guidance]

ANALYSIS METHOD:

The intrinsic visual cue to reflect the elasticity property is the dropping height and bouncing
height of the ball. You only need to calculate the ratio of the height difference in the camera
coordinate. From this trajectory, you need to identify key points: the initial position, first

ground contact, and bounce peak.

Oracle Estimation Teaching

Follow these steps:

1. Identify the ball's initial dropping position (highest point before impact)

. Locate the first ground contact point (lowest point during impact)

. Find the bounce peak (highest point after first bounce)

. Calculate the height ratio: (bounce height - ground level) / (initial height - ground level)
. This ratio represents the restitution coefficient (elasticity)

i b wWN

Prediction

Coordinate Over Time

"\it\'at Drop Position
‘ilsl Ground Contact
‘eak of the First Bounce

Prompting Strategy -

280

260

Coordinate

240 4

MLLM

Qwen2.5VL, GPT-40

Gemini-2.5-pro prompts

220

o 25 50 75 100 125 150 175 200
Frame Number
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MLLMs
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MLLM

What is the dynamic friction
coefficient of the object and
the surface in the video?

— Frame Index Provided

Prediction

Prompting Strategy

MLLM

Qwen2.5VL, GPT-40

Gemini-2.5-pro prompts
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[Frame Index Provided]

visual_input = {

{"type": "text", "text": "framel:"}

"type": "image_url", "image_url": {"url": f"data:image/jpeg;base64,{framel}"}
{"type": "text", "text": "frame2:"}

"type": "image_url", "image_url": {"url": f"data:image/jpeg;base64,{frame2}"}

{"type": "text", "text": "framel6:"}

"type": "image_url", "image_url": {"url": f"data:image/jpeg;base64,{framel6}"}
}
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RESULTS MLLM PROMPTING ABLATION

Prompting Strategy for Video-Language Models
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relative AUC avg

baseline . baseline
black frames | 06 frame index
frame index [ 06 few-shot
few-shot /] 05 |
oracle teaching
oracte teacning [ EG—
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absolute Pearson avg

11



MAIN RESULTS

Relative Result
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Relative - ROC AUC Absolute — Pearson Corr.
Property Method Test-1 Test-2 Test-3 H Test-1 Test-2 Test-3
Oracle 1.00 0.99 1.00 0.99 0.98 0.87
DynamiCrafter 0.92 0.78 0.10
Elasticity V-JEPA-2 0.89 0.65 0.37
Qwen2.5VL-max 0.59 0.50 0.54 -0.05 0.11 0.16
GPT-40 0.51 0.66 0.62 0.19 0.11 0.30
Gemini-2.5-pro 0.64 0.80 0.47 0.04 0.15 0.24
| Oracle | 0.99 0.99 1.00 H 0.99 0.98 0.80
DynamiCrafter 1.00 1.00 0.93 0.99 0.95 0.44
Viscosi V-JEPA-2 1.00 0.94 0.99 0.98 0.69 0.61
Qwen2.5VL-max 0.64 0.61 0.86 0.16 0.06 0.02
GPT-40 0.63 0.59 0.99 0.18 0.08 0.55
emini-2.5-pro 4 . . -0.06 -0.05 0.60
Oracle 1.00 1.00 0.87 H 0.99 1.00 0.83
DynamiCrafter 0.96 0.90 0.97 0.95 0.78 0.25
+ Domain Adaptation - - - - - 0.80*
Friction V-JEPA-2 0.97 0.90 0.48 0.87 0.56 0.21
+ Domain Adaptation - - 0.87% - - 0.73*
Qwen2.5VL-max 0.52 0.48 0.80 -0.03 0.03 0.06
GPT-40 0.49 0.40 0.67 0.07 0.10 0.38
Gemini-2.5-pro 0.01 0.10 0.12

Inferring Dynamic Physical Properties from Video Foundation Models | CVPR 2026 VGBE Workshop Best Paper Runner-up

12



MAIN RESULTS

Absolute Result

Property

Method

Relative - ROC AUC

Absolute — Pearson Corr.

Test-1 Test-2 Test-3 Test-1 Test-2 Test-3
0.99 1.00 0.99 0.98
DynamiCrafter 0.78
Elasticity V-JEPA-2 0.65
Qwen2.5VL-max 0.59 0.50 0.54 -0.05 0.11 0.16
GPT-40 0.51 0.66 0.62 0.19 0.11 0.30
Gemini-2.5-pro 0.64 0.80 0.47 0.04 0.15 0.24
Oracle 0.99 0.99 1.00 0.99 0.98 0.80
DynamiCrafter 1.00 1.00 0.93 0.99 0.95
Viscosity V-JEPA-2 1.00 0.94 0.99 0.98 0.69 0.61
Qwen2.5VL-max 0.64 0.61 0.86 0.16 0.06 0.02
GPT-40 0.63 0.59 0.99 0.18 0.08 0.55
Gemini-2.5-pro 0.48 0.69 0.95 -0.06 -0.05 0.60
| Oracle 1.00 1.00 0.87 I 0.99 1.00 0.83
DynamiCrafter 0.96 0.90 0.97 0.95 0.78 0.25
+ Domain Adaptation - - - - - 0.80*
Friction V-JEPA-2 0.97 0.90 0.48 0.87 0.56 0.21
+ Domain Adaptation = = 0.87% = = 0.73%
Qwen2.5VL-max 0.52 0.48 0.80 -0.03 0.03 0.06
GPT-40 0.49 0.40 0.67 0.07 0.10 0.38
Gemini-2.5-pro 0.56 0.52 0.97 0.01 0.10 0.12
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MAIN RESULTS

Absolute Result

12

Relative - ROC AUC

Absolute — Pearson Corr.

Property Method Test-1 Test-2 Test-3 H Test-1 Test-2 Test-3
| Oracle 1.00 0.99 .00 || 099 0.98 0.87
DynamiCrafter 1.00 0.99 0.61 0.92 0.78 0.10

Elasticity V-JEPA-2 1.00 1.00 0.99 0.89 0.65 0.37
Qwen2.5VL-max 0.59 0.50 0.54 -0.05 0.11 0.16

GPT-40 0.51 0.66 0.62 0.19 0.11 0.30

Gemini-2.5-pro 0.64 0.80 0.47 0.04 0.15 0.24

| Oracle 0.99 0.99 .00 || 099 0.98 0.80
DynamiCrafter 1.00 1.00 0.93 0.99 0.95 0.44

Viscosity V-JEPA-2 1.00 0.94 0.99 0.98 0.69 0.61
Qwen2.5VL-max 0.64 0.61 0.86 0.16 0.06 0.02

GPT-4o 0.63 0.59 0.99 0.18 0.08 0.55

Gemini-2.5-pro 0.48 0.69 0.95 -0.06 -0.05 0.60

| Oracle 1.00 1.00 0.87 I 0.99 1.00 0.83
DynamiCrafter 0.96 0.90 0.97 0.95 0.78 0.25

| + Domain Adaptation — — — — — 0.80* |
Friction V-JEPA-2 0.97 0.90 0.48 0.87 0.56 0.21
| + Domain Adaptation — — 0.87* — — 0.73* |

Qwen2.5VL-max 0.52 0.48 0.80 -0.03 0.03 0.06

GPT-4o0 0.49 0.40 0.67 0.07 0.10 0.38

Gemini-2.5-pro 0.56 0.52 0.97 0.01 0.10 0.12
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MAIN RESULTS

Absolute Result

12

Relative - ROC AUC

Absolute — Pearson Corr.

Property Method Test-1 Test-2 Test-3 H Test-1 Test-2 Test-3
| Oracle 1.00 0.99 .00 || 099 0.98 0.87
DynamiCrafter 1.00 0.99 0.61 0.92 0.78 0.10
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Qwen2.5VL-max 0.59 0.50 0.54
GPT-40 0.51 0.66 0.62
Gemini-2.5-pro 0.64 0.80 0.47
| Oracle 0.99 0.99 .00 || 099 0.98 0.80
DynamiCrafter 1.00 1.00 0.93 0.99 0.95 0.44
Viscosity V-JEPA-2 1.00 0.94 0.99 0.98 0.69 0.61
Qwen2.5VL-max 0.64 0.61 0.86 0.16 0.06 0.02
GPT-40 0.63 0.59 0.99 0.18 0.08 0.55
Gemini-2.5-pro 0.48 0.69 0.95 -0.06 -0.05 0.60
\ Oracle 1.00 1.00 0.87 H 0.99 1.00 0.83
DynamiCrafter 0.96 0.90 0.97 0.95 0.78 0.25
+ Domain Adaptation - - - - - 0.80*
Friction V-JEPA-2 0.97 0.90 0.48 0.87 0.56 0.21
+ Domain Adaptation - - 0.87* - - 0.73*
Qwen2.5VL-max 0.52 0.48 0.80 -0.03 0.03 0.06
GPT-40 0.49 0.40 0.67 0.07 0.10 0.38
Gemini-2.5-pro 0.56 0.52 0.97 0.01 0.10 0.12
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MAIN RESULTS

Absolute Result

Relative - ROC AUC Absolute — Pearson Corr.

Property Method Test-1 Test-2 Test-3 H Test-1 Test-2 Test-3
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MAIN RESULTS
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V-JEPA-2 - scatter plot
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(i) Dataset

We collect a new video dataset for each physical property, consisting of synthetic training and testing splits, as well as a real split for
real world evaluation.

(if) Three ways to infer the physical property from videos

(a) an oracle method where we supply the visual cues that intrinsically reflect the property using classical computer vision
techniques;

(b) a simple read out mechanism using a visual prompt and trainable prompt vector for cross-attention on pre-trained video
generative and self-supervised models;

(c) prompt strategies for Multi-modal Large Language Models (MLLMS).

(iii) Experiments

We show that a video foundation model trained in a generative (DynamiCrafter) or trained in a self-supervised manner (V-JEPA-2) achieve
a generally similar performance, though behind that of the oracle,

and that MLLMs are currently inferior to the other models, though their performance can be improved through suitable prompting.

Inferring Dynamic Physical Properties from Video Foundation Models | CVPR 2026 VGBE Workshop Best Paper Runner-up



A DENVER
,(U;NM!)ZUBG 22 COL0RADD

Thank you!

Project Page

Paper: arXiv:2510.02311 | Dataset: Oliver-Ma/IDPP-Data



