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Abstract

We study the task of predicting dynamic physical proper-001

ties from videos. More specifically, we consider physical002

properties that require temporal information to be inferred:003

elasticity of a bouncing object, viscosity of a flowing liq-004

uid, and dynamic friction of an object sliding on a surface.005

To this end, we make the following contributions: (i) We006

collect a new video dataset for each physical property, con-007

sisting of synthetic training and testing splits, as well as a008

real split for real world evaluation. (ii) We explore three009

ways to infer the physical property from videos: (a) an or-010

acle method where we supply the visual cues that intrin-011

sically reflect the property using classical computer vision012

techniques; (b) a simple read out mechanism using a vi-013

sual prompt and trainable prompt vector for cross-attention014

on pre-trained video generative and self-supervised mod-015

els; and (c) prompt strategies for Multi-modal Large Lan-016

guage Models (MLLMs). (iii) We show that video founda-017

tion models trained in a generative or self-supervised man-018

ner achieve a similar performance, though behind that of019

the oracle, and MLLMs are currently inferior to the other020

models, though their performance can be improved through021

suitable prompting. The datasets will be publicly released.022

1. Introduction023

Humans are remarkably adept at intuitively estimating024

physical properties from visual observations. Without di-025

rect interaction, people can often estimate how bouncy a026

ball is, how thick a liquid seems, or how slippery a surface027

might be—simply by watching how objects move. While028

these estimations are not precise in a scientific sense, they029

are sufficiently accurate for guiding perception, prediction,030

and action. Bringing this capability to machines is an im-031

portant step towards building more general and physically032

grounded artificial intelligence. In particular, visual systems033

that can infer dynamic physical properties from raw video034

could enhance robotic manipulation, embodied agents, and035

video understanding tasks in ways that go beyond the tra-036

ditional perception tasks of recognition, detection, and seg-037

mentation. 038

Recent progress in video foundation models, including 039

generative models [26, 52], self-supervised models [3, 5] 040

and multi-modal large language models (MLLMs) [9, 18, 041

19], have shown impressive capability in synthesizing re- 042

alistic dynamics, learning general-purpose video represen- 043

tations, and tackling semantic understanding tasks, for ex- 044

ample, video question answering. However, a question that 045

remains underexplored is: do these models acquire an un- 046

derstanding of dynamic physical properties from videos 047

? 048

In this paper, we address this question by focusing 049

on several representative physical properties that are not 050

directly observable in static frames but instead emerge 051

through temporal dynamics: the elasticity of a bouncing 052

object, the viscosity of a flowing liquid, and the dynamic 053

friction between a surface and a sliding object. These prop- 054

erties are especially compelling because their inference re- 055

quires temporal reasoning and sensitivity to subtle visual 056

cues—such as deformation, deceleration, spreading, or os- 057

cillation. By examining how well current video foundation 058

models capture these dynamic attributes, we aim to assess 059

their physical understanding beyond static appearance. 060

To support this investigation, we introduce a new 061

dataset, PhysVid, specifically designed to evaluate the dy- 062

namic physical properties from video. Existing datasets 063

lack ground-truth annotations for such properties, so 064

we construct PhysVid using a combination of synthetic 065

videos—rendered via a physics simulator—and real-world 066

videos sourced from the internet or captured in-house. Each 067

video is annotated with physical property values, either de- 068

rived from simulation parameters or estimated manually. 069

The dataset is designed to facilitate the study of out-of- 070

domain generalization, both within the synthetic domain 071

and from synthetic to real-world data. To establish an upper 072

bound on what is inferable from visual input alone, we im- 073

plement an oracle method for each property. These oracles 074

leverage privileged access to the visual cues that directly 075

reflect the corresponding property. 076

We evaluate three categories of video foundation mod- 077

els: generative models, self-supervised models, and multi- 078
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modal large language models (MLLMs). For the genera-079

tive and self-supervised models, we propose a simple yet080

effective readout mechanism that extracts dynamic physi-081

cal properties from pre-trained, frozen representations. Our082

method introduces a learnable query vector that attends083

to internal representation tokens via cross-attention, en-084

abling the selective extraction of relevant information. This085

approach is both lightweight and training-efficient. For086

MLLMs, we explore various prompting strategies to elicit087

predictions of dynamic physical properties directly from088

video input. These strategies include few-shot prompt-089

ing to provide task context, as well as procedural prompt-090

ing that guides the model through the oracle estimation091

steps—helping it focus on the intrinsic visual cues that re-092

veal the target properties.093

2. Related Work094

Physics Prediction from Images and Videos. Inferring095

physical properties from visual observations remains a core096

challenge in computer vision. Early methods estimate la-097

tent physical parameters (e.g., mass, friction, stiffness) via098

differentiable physics engines or learning-based simula-099

tors [10, 20, 24, 43, 44, 50], while later works infer salient100

attributes like viscosity or elasticity from task-specific vi-101

sual cues [2, 21, 22, 28–31], yet both rely heavily on simu-102

lation supervision, domain priors, or handcrafted heuristics.103

More recently, unsupervised learning of intuitive physics104

has emerged via next-frame prediction from large-scale ev-105

eryday physical scenes [1, 4, 11, 12, 15, 16, 27, 42], captur-106

ing latent dynamics without explicit physical supervision.107

However, the resulting representations are usually implicit108

and lack interpretability in terms of concrete physical quan-109

tities. In contrast, we infer physical properties by directly110

prompting pre-trained video foundation models, enabling111

explicit estimation without reliance on task-specific heuris-112

tics, or end-to-end prediction pipelines from scratch.113

Physics Datasets and Benchmarks. An increasing num-114

ber of physics-related datasets have been collected in recent115

years to provide ground truth annotations for different phys-116

ical properties, including material [14, 36], shadow [45, 46],117

support relations [39],occlusion [53, 54], mass and vol-118

ume [51]. Another line of work [6–8, 35, 37, 41] proposes119

broad benchmarks with video-image-text QA tasks to as-120

sess physical understanding in vision-language models, but121

the questions are typically qualitative and categorical. More122

recently, Zhang et al. [56] introduces a benchmark consist-123

ing of 130 real-world videos capturing physical phenomena124

guided by conservation laws, to evaluate the physics plau-125

sibility of video generative models by assessing the trajec-126

tory of objects in their generated videos. In contrast, our127

datasets consist of both synthetic and real-world videos an-128

notated with the quantitative value for the associated phys-129

ical parameter of the coefficient of friction, elasticity, and130

viscosity. 131

3. Problem Scenario and The PhysVid Datasets 132

In this paper, we address the problem of estimating phys- 133

ical properties from videos. Specifically, we focus on 134

three properties: elasticity of a bouncing object, viscos- 135

ity of a flowing liquid, and the dynamic friction coeffi- 136

cient between a surface and a sliding object. Given a video 137

v → RT→H→W→3, we consider two formulations, the first 138

is absolute value prediction, where the input is a single 139

video and the model is tasked with predicting the numer- 140

ical value of the physical property, i.e., yabs = !(v; ω1). 141

The second is relative value comparison, where the in- 142

put is a pair of videos captured from the same viewpoint, 143

and the model must determine whether the first video ex- 144

hibits a higher physical property value than the second, i.e., 145

yrel = !(v1, v2; ω2), and yrel is binary. 146

Each scenario is parameterized by a set of variables, in- 147

cluding the value of the target physical property (e.g., elas- 148

ticity, viscosity, or friction), and a set of nuisance parame- 149

ters (including camera viewpoint, object appearance, light- 150

ing, etc.). While the model must be sensitive to changes in 151

the physical property, it should be robust (ideally invariant) 152

to variations in nuisance parameters. 153

To assess generalization, we define two domains of nui- 154

sance parameters, denoted as A1 and A2, which differ in 155

their distributions. For instance, A2 may have different 156

camera viewpoints or different lighting conditions to A1 157

(full details of these differences are given in Supplemen- 158

tary Section B). We generate a dataset using a physics-based 159

simulator, consisting of one training split and two test splits. 160

The models are only trained on the training split from the 161

simulator for all the evaluations. The training and test-1 162

splits are sampled from A1, sharing the same nuisance dis- 163

tribution; test-2 is drawn from A2, introducing a distri- 164

bution shift. The target property values are sampled from 165

a shared range across all splits to ensure consistency. Fi- 166

nally, test-3 consists of real-world videos, used to eval- 167

uate generalization beyond simulation. 168

3.1. The PhysVid Datasets 169

To study the dynamic physical properties of elasticity, vis- 170

cosity, and friction, we construct a dataset for each, con- 171

taining both synthetic and real-world videos. Synthetic 172

ones are generated with the Genesis simulator [58], and 173

real ones are captured with an iPhone in slow-motion mode 174

or downloaded from the Internet. For each property we 175

have: 10, 000 videos for train; 1000 videos for each of 176

test-1 and test-2; and 100 videos for test-3. Sam- 177

ple frames are shown in Figure 1. In the following we de- 178

scribe how each property is realized in the video. Please 179

refer to Supplementary Section B for more details of the 180

datasets. 181
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Elasticity

Train Test-1 Test-2 Test-3

Viscosity

Friction

Figure 1. Examples of the PhysVid dataset. Each row shows a different property, and each column shows three frames from video
samples in the synthetic sets (train, test-1, and test-2) and the real test-3 set. The train and test-1 sets are from the same
distribution. In test-2 parameters, such as lighting, viewpoint and color, differ from those in test-1.

3.1.1. Elasticity182

We study an object’s elasticity by analyzing the motion of183

a ball dropped onto the ground and its subsequent bounces.184

In physics, elasticity e is quantified as the ratio of the re-185

bound velocity vafter impact to the impact velocity vbefore impact,186

and also equals
√

hbounce/hdrop, where hdrop is the drop-187

ping height and hbounce is the bouncing height. Here and188

for the following properties, please refer to Supplementary189

Section C for the detailed derivations. These expressions190

are used for the oracle estimation in Section 4.1.191

Synthetic Dataset. All synthetic videos are generated us-192

ing Genesis [58], with object’s elasticity as the target prop-193

erty. Nuisance factors include drop height, camera view-194

point, object appearance, and lighting conditions. The ob-195

ject is of the same size in all videos. Note, here and for196

the following properties, the ground truth property value is197

obtained directly from the simulator.198

Real-World Dataset. The real-world videos are collected199

from YouTube using the search term “ball bouncing experi-200

ments”. Each clip is manually trimmed to include the drop-201

and-bounce sequence of a single ball. The dataset includes a202

wide range of materials (e.g., rubber balls, tennis balls, bas-203

ketballs, balloons, etc), resulting in diverse elasticity values.204

The ground truth elasticity values for the real sequences205

are estimated by computing
√
hbounce/hdrop: the videos are206

chosen such that the balls bounce in a fronto-parallel plane,207

which means that ratios of image heights (differences in y-208

coordinates) are approximately equal to the ratio of heights209

in 3D. These image differences are obtained by manual an-210

notation.211

3.1.2. Viscosity212

We study the viscosity by observing a liquid column drop-213

ping and spreading on the ground. The viscosity can be re-214

flected by the growth rate of the liquid area on the ground.215

The viscosity µ is negatively correlated to the liquid area216

growth rate d(A(t))
dt

, given the controlled liquid density ε,217

controlled liquid column diameter D, and controlled drop-218

ping velocity v of the liquid column when it reaches the219

ground.220

Synthetic Dataset. The synthetic videos are generated us-221

ing Genesis [58], where the target property is the viscosity 222

of liquid. Nuisance factors include camera viewpoint, ob- 223

ject appearance, and lighting conditions. The liquid column 224

is of the same size in all videos. 225

Real-World Dataset. Since it is challenging to find real- 226

world videos online that provide ground-truth viscosity val- 227

ues while controlling for other relevant physical parame- 228

ters—such as ε, D and v, we collected real videos under 229

controlled conditions. We use a funnel with a fixed nozzle 230

diameter to produce a consistent liquid column. A funnel 231

holder allows us to fix the height from which the liquid is 232

poured, thereby controlling the initial velocity v. Ground- 233

truth viscosity values for each liquid are obtained from stan- 234

dard physics reference tables. The selected liquids span 235

a wide range of viscosities, from 1.2 (e.g., coffee) to 225 236

(e.g., maple syrup), allowing for a diverse and comprehen- 237

sive evaluation. 238

3.1.3. Friction 239

We study friction between an object and a surface by ob- 240

serving how the object slows down as it slides with an initial 241

velocity. The dynamic friction coefficient µk is proportional 242

to the (negative) acceleration of the object a. 243

Synthetic Dataset. The synthetic videos are generated us- 244

ing Genesis [58], where the target property is the dynamic 245

friction coefficient at the contacting surface of the object 246

and the ground. Nuisance factors include initial location 247

and initial velocity of the object, camera viewpoint, object 248

appearance, and lighting conditions. The object is of the 249

same size in all videos. 250

Real-World Dataset. While many online videos depict ob- 251

jects sliding on surfaces, they lack ground-truth annotations 252

for friction coefficients. We therefore collect a real video 253

dataset featuring 5 different objects and 6 surface materi- 254

als, spanning a wide range of dynamic friction values. Each 255

object is given an initial velocity by sliding it down from 256

a slope and it then slides on a horizontal plane. To ob- 257

tain ground-truth friction coefficients, we use a spring dy- 258

namometer to measure the friction force F for each object- 259

surface pair (by dragging the object at constant speed), and 260

record the object’s weight G. The dynamic friction coeffi- 261
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cient is then computed as: µk = F/G.262

4. Inferring Physical Properties263

This section presents the three different ways for inferring264

dynamic physical properties: an oracle method via classical265

computer vision techniques (Section 4.1); a visual prompt266

mechanism for video generative and self-supervised mod-267

els (Section 4.2); and prompts for MLLMs (Section 4.3).268

4.1. Oracle Estimation269

4.1.1. Elasticity270

We aim to estimate elasticity from both synthetic and real-271

world videos. The key visual cue is the relative height272

of the ball during its drop and subsequent bounce, ob-273

served in 3D. As noted earlier, the ratio in 3D can be ap-274

proximated from their corresponding image-space measure-275

ments. This approximation is exact when the motion occurs276

in a fronto-parallel plane, and remains reasonably accu-277

rate otherwise—since the ratio of lengths between parallel278

line segments is invariant under affine transformations [17].279

Given that perspective effects are minimal in our videos, the280

affine approximation provides a reliable estimate for elastic-281

ity. To automate this process, we extract the ball’s trajectory282

y(t) from the video and input the sequence of ratios into a283

GRU network to regress the elasticity. In detail, we seg-284

ment the ball in each frame and use their centroids as the y-285

coordinate. From this trajectory, we identify key points: the286

initial drop position, the first ground contact, and the peak287

of the first bounce. The resulting trajectory is normalized to288

the range [0, 1], by subtracting the y-coordinate of the first289

ground contact and dividing by the initial drop height. This290

normalization not only ensures invariance to viewpoint and291

scale, but also simplifies learning for the GRU by standard-292

izing the input distribution. We train a GRU, as it is noisy to293

directly obtain hdrop and hbounce using heuristics (e.g., deter-294

mining the maximum and minimum points), and in practice295

a GRU provides a good estimate. The full pipeline is illus-296

trated in Figure 2 (top row). For the absolute prediction,297

the normalized trajectory is fed into a GRU network, which298

directly regresses the elasticity value. For the relative com-299

parison, the binary decision score between two videos v1300

and v2 is calculated as:301

score = ϑ(log(
e1
e2

)), (1)302

where e1 and e2 are the estimated elasticities based on303

height ratios, and ϑ(·) denotes the sigmoid function.304

4.1.2. Viscosity305

The key visual cue for estimating viscosity is the rate at306

which the liquid spreads on the ground-plane, measured as307

an area ratio normalized by the initial area of the liquid col-308

umn. As with elasticity, we approximate perspective using309

an affine transformation – here of the ground-plane. Since 310

area ratios are invariant under affine transformations [17], 311

the liquid’s normalized image-space area growth approxi- 312

mates its true normalized ground-plane expansion (in our 313

setup the liquid spreads only within a limited area around 314

the release point, and the camera is distant; consequently 315

an affine viewing approximation is adequate). Specifically, 316

we extract segmentation masks for each frame and compute 317

the liquid’s area over time. This area sequence is normal- 318

ized by the area in the first frame where the liquid contacts 319

the surface, ensuring invariance to viewpoint and scale. The 320

process is illustrated in Figure 2 (middle row). For absolute 321

prediction, we calculate the slope k of A(t) and use 1/k to 322

represent the viscosity value; For relative comparison, the 323

binary decision score between two videos v1 and v2 is cal- 324

culated as in Equation 1, where e1 and e2 are the estimated 325

viscosities based on area growth rate. 326

4.1.3. Friction 327

The key visual cue for estimating dynamic friction is the 328

acceleration of the sliding object—i.e., how quickly its ve- 329

locity decreases due to friction—which can be inferred from 330

its position over time. Since the object moves significantly 331

in the video, we do not use an affine approximation, but 332

instead take account of the projective geometry by map- 333

ping the object’s motion to a bird’s-eye view, allowing for 334

consistent trajectory analysis. This is achieved by estimat- 335

ing a homography between the image and bird’s eye view 336

(normal to the plane) from the four corners of the object’s 337

top surface (see Figure 2, bottom row). We fit a parabola 338

x = ϖt2 + ϱt+ c to the transformed top surface trajectory 339

to estimate the acceleration a from the coefficient ϖ, and the 340

coefficient of friction µk = 2ϖ/g. For absolute prediction, 341

we use the estimated µk to represent the friction coefficient 342

value; For relative comparison, the binary decision score 343

between two videos v1 and v2 is calculated as in Equation 1, 344

where e1 and e2 are the estimated friction coefficients based 345

on the transformed object trajectory. 346

4.2. Video Generative and Self-Supervised Models 347

4.2.1. Video Feature Extraction 348

Given a video v → RT→H→W→3, we extract features with a 349

pre-trained video backbone, that can either be generative or 350

self-supervised, resulting into spatiotemporal feature rep- 351

resentations, i.e., r = ς(v) → Rt→h→w→c, which can be 352

detailed as follows. 353

Generative Model as Backbone. We adopt a pre-trained 354

video diffusion model (Figure 3, left), namely Dynami- 355

Crafter [52], to compute the visual features. Specifically, 356

given an input video, we add noise to the latent representa- 357

tions after the pre-trained VAE encoder, and replace the text 358

prompt with a learnable embedding. We extract multi-scale 359

features from all U-Net layers at diffusion time step 50, 360
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Elasticity

Viscosity

Friction

NormalizeCentroid
Trajectory

Area Size Normalize

Trajectory and
Fit a ParabolaProject to BEV

Segmentation

Segmentation

Segmentation

Initial Drop Position

First Ground Contact

Peak of the First Bounce

Figure 2. Oracle methods for physical properties. The objective in each case is to extract a measurement from the sequence that can
directly be used to predict the property. For elasticity, we extract the centroid trajectory from segmentation masks, and then normalize the
y-coordinates into 0-1; the ratio of bouncing to dropping height over the sequence indicates the elasticity. For viscosity, we calculate the
area size in the image via segmentation masks, and then normalize the area sizes by the area in the frame when the liquid first touches
the ground; the slope of the normalized area size sequence reflects the viscosity. For friction, we transform to a bird’s eye view (using
a homography transformation based on 4 corner points of the top surface of the sliding object), and fit a parabola x = ωt2 + εt + c to
the transformed trajectory; the parabola coefficient ω predicts the friction coefficient. For each video, we show the segmentation for two
frames (left → right).

Text Prompt Vector

ViT Encoder

Cross A4n

Diffusion
U-Net

!
Extract
Feature

! !

Trainable!

t x h x w x c

MLP

Output "
PredicDon

MLP

Cross A4n

Extract
Feature t x h x w x c

MLP

Output "
PredicDon

MLP

MLLM!

What is the dynamic fricDon
coefficient of the object and

the surface in the video?

PredicDon

Video Genera*ve and Self-Supervised Model MLLM

Few-Shot Examples

Oracle EsDmaDon Teaching

Frame Index Provided

Learnable # Learnable #
PrompDng Strategy

Frozen❄ RepresentaDon

Figure 3. Architectures for dynamic physical property prediction. Left: video generative model as backbone; Middle: video self-
supervised model as backbone; Right: multimodal large language model (MLLM). For the pre-trained video diffusion model (U-Net,
left) and the pre-trained self-supervised model (ViT, middle), the representations are kept frozen, and a ‘visual prompt’ learns to infer the
physical properties. For the MLLMs, the physical properties are inferred using a language prompt (right).

which was shown to be effective for capturing 3D physics361

in prior work [40, 55]. To aggregate the features, we in-362

troduce a learnable query vector q, which is first mapped363

to the different dimensions of the multi-scale features (see364

Supplementary Section A.2 for details), and then attends to365

the diffusion tokens (ri) via cross-attention:366

p =
t→h→w∑

i=1

softmax(q · ri) · ri (2)367

The resulting vectors p from different layers are then368

mapped by another MLP network to a common dimension369

and average pooled to generate the final video feature rep-370

resentation P . To predict the physical properties, we train371

the text token of the generative model, together with the ‘vi-372

sual prompt’ architecture that includes the query q and the373

MLPs.374

Self-Supervised Model as Backbone. Here, we adopt375

a pre-trained self-supervised model (Figure 3, middle),376

namely V-JEPA-2 [3], as the visual backbone. The input377

video is passed through the model, and we extract feature378

tokens from all layers of the ViT encoder. Similar to the379

generative setting, we introduce a learnable query vector q380

to extract the video feature representation P from the ViT 381

tokens via attentive pooling. Although the feature dimen- 382

sion at each ViT layer is the same, we still use a MLP net- 383

work to map q to generate the query vector of each layer 384

(keeping it similar to the generative setting in terms of MLP 385

network architecture), and use another MLP network to map 386

the output vectors p to a same dimension as the generative 387

setting before average pooling them to get P . Please see 388

Supplementary Section A.2 for more details. 389

4.2.2. Physical Property Prediction 390

Given the computed feature P from video foundation mod- 391

els, we train a MLP network to predict the physical prop- 392

erties using the synthetic video dataset training split. The 393

network for each property is trained separately. 394

Absolute Value Prediction. Given the resulting video fea- 395

ture (P ), we pass it through a MLP network φ to predict the 396

absolute value ↼ of the physical property: 397

↼ = φ(P ) (3) 398

For elasticity and friction, the absolute value prediction is 399

supervised with L1 loss with the ground truth value; For 400
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viscosity, as the ground truth values may have very different401

scales, i.e., from 1e↑5 to 1e↑2, the absolute value predic-402

tion is trained with Log L1 loss, which calculates L1 loss403

between the log of the predicted value and the log of the404

ground truth value.405

Relative Value Prediction. Given the resulting features406

for a pair of videos, P1 and P2, we concatenate them and407

formulate a binary classification problem, indicating which408

video has a larger physical property value via a MLP net-409

work φ:410

↽ = φ([P1, P2]) (4)411

The binary prediction for all three tasks is trained with bi-412

nary cross entropy loss with the binary ground truth.413

Bridging the Sim2real Gap. Since our models are trained414

on synthetic datasets, they may not generalize well to real-415

world test videos due to the domain gap. To mitigate this416

sim-to-real gap, for both synthetic training and real test, we417

draw a red circle on each video frame, enclosing the full418

trajectory of the target object or liquid, as illustrated in Fig-419

ure 4 (middle). The red circle is obtained automatically as420

a bounding ellipse enclosing the merged masks of the target421

object or liquid across all frames. This visual cue directs the422

model’s attention to the relevant region [38], effectively sig-423

naling which object to focus on for physical reasoning. The424

red circle serves as a lightweight yet effective form of weak425

annotation that helps the model localize and interpret the426

dynamics of interest. Please refer to Supplementary Sec-427

tion G for the quantitative results demonstrating the effec-428

tiveness of drawing such red circles to mitigate the sim-to-429

real gap.430

4.3. Multimodal Large Language Models431

This section studies off-the-shelf multimodal large lan-432

guage models (MLLMs) for understanding dynamic phys-433

ical properties from video. We explore various prompting434

strategies on state-of-the-art MLLMs, including Qwen2.5-435

VL-Max [18], GPT-4o [19], and Gemini 2.5 Pro [9], as il-436

lustrated in Figure 3 (right). Examples of the prompting437

strategies are provided in Supplementary Section E.438

4.3.1. Preliminary439

The MLLM receives video frames as visual input. The text440

prompt includes (1) a brief description of the target prop-441

erty—for example: “we are studying the viscosity of the442

liquid, where water is 1.0 and honey is 5000.0.” This is fol-443

lowed by (2) a query, such as: “what is the viscosity value of444

the liquid in the video?” (absolute) or “which video shows a445

liquid with higher viscosity? please output a decision score446

between 0 and 1, indicating the likelihood that the first video447

exhibits a higher property value.” (relative). All the follow-448

ing prompt strategies provide (1) and (2) by default.449

4.3.2. Baseline Prompt 450

For relative tasks, we specify that the first n frames belong 451

to the first video and the last n to the second. For absolute 452

tasks, the default prompt is used. Supplementary Figure 8 453

and Figure 13 provide an example of baseline prompt for 454

the absolute formulation and the relative formulation, re- 455

spectively. 456

4.3.3. Oracle Estimation Teaching 457

For both relative and absolute settings, we provide the key 458

cue to concentrate on from the Section 4.1 description to 459

teach the MLLM how to estimate the properties step by 460

step. Supplementary Figure 9 and Figure 14 provide an ex- 461

ample of oracle estimation teaching for the absolute formu- 462

lation and the relative formulation, respectively. 463

4.3.4. Few-Shot Examples 464

For both relative and absolute settings, we provide sev- 465

eral examples, including the video input and desired ground 466

truth. For fair comparison with visual prompting, we use 467

examples in the synthetic training split. Supplementary Fig- 468

ure 10 and Figure 15 provide an example of few-shot exam- 469

ples for the absolute formulation and the relative formula- 470

tion, respectively. 471

4.3.5. Frame Index Provided 472

For both relative and absolute settings, we input the text 473

of the index of each frame along with the frames. In this 474

way the MLLMs may have a better understanding about the 475

temporal relations between the input video frames. Sup- 476

plementary Figure 11 and Figure 16 provide an example of 477

frame index provided for the absolute formulation and the 478

relative formulation, respectively. 479

4.3.6. Black Frames in Between 480

This strategy is only used for the relative setting. We in- 481

sert black frames between the two video segments to clearly 482

separate them. In the prompt, we refer to the videos as the 483

frames before and after the black frames, rather than as the 484

first and last n frames. Supplementary Figure 17 provides 485

an example of black frames in between for the relative for- 486

mulation. 487

5. Experiments 488

Implementation Details. During oracle estimation, we 489

train the GRU network with a learning rate of 1e↑3 and the 490

batch size is 128. For the generative and self-supervised 491

video models, the backbones are frozen, the trainable pa- 492

rameters are optimised with a learning rate of 1e↑5 and the 493

batch size 16. For MLLMs, we perform promp selection, 494

and use the best strategy that we find for each of the ab- 495

solute and relative settings for the experiments. Few-shot 496

examples and oracle estimation teaching work best for the 497

absolute and relative settings, respectively, as they directly 498
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VGM VSM MLLM Ground Truth

Input Video Input Video (with Red Circle)

0.82 0.002 1.0 1

Absolute Value Prediction (Elasticity)

Relative Value Comparison (Friction)

VGM VSM MLLM Ground Truth

0.83 0.96 1.0 0.89

Input Video Pair Input Video Pair (with Red Circle)

Frame 0 Frame 2 Frame 30 Frame 60Frame 0 Frame 2 Frame 30 Frame 60

Test 1

Test 2

Test 3

Figure 4. Qualitative results. Top Left: An example for elasticity absolute value prediction; Bottom Left: An example for friction
relative value comparison. For each example, the original input video is shown on the left. A static red circle is overlaid in the center to
highlight the full trajectory of the object on every frame, shown in the middle. Model predictions are shown on the right, including results
from the Video Generative Model (VGM), Video Self-Supervised Model (VSM), and a MLLM (Gemini in this case). For the relative
formulation, the ground truth value of ‘1’ indicates that the first (top) video has larger dynamic friction coefficient than the second video.
In this example, the initial velocity of the lego brick in the two videos is similar (note the same displacement from frame 0 to 2), but the
velocity reduces to 0 at frame 30 in the first video, while the object is still moving in frame 30 to 60 in the second video. Right: Scatter
plots of prediction vs ground truth for the elasticity property from the V-JEPA-2 model.

provide the model with more context information about the499

properties. Please refer to Supplementary Section D for500

the comparison results and analysis. All models are trained501

on H100/A6000/A40 GPUs. Please refer to Supplementary502

Section A for more implementation details.503

Evaluation Metrics. For relative value comparison, we re-504

port the ROC AUC score; for absolute value prediction, we505

use the Pearson Correlation Coefficient between the predic-506

tion and ground truth as this automatically calibrates the507

predictions to the scale of the ground truth. Please refer508

to Supplementary Section A.4 for more details and motiva-509

tions on the evaluation metrics.510

5.1. Results for Relative Value Comparison511

Table 1 (left) shows relative value comparison results across512

physical properties and model types. The oracle estimator513

performs nearly perfectly on test-1 and test-2, and514

strongly on test-3, indicating that the task is largely solv-515

able using visual cues, geometry, and physics. Both genera-516

tive and self-supervised video models achieve strong results517

on synthetic splits (test-1 and test-2). Notably, they518

can also generalize well to the real-world split (test-3)519

for viscosity and elasticity, which rely on simple height ra-520

tios and expansion. However, friction proves more chal-521

lenging. Models trained on synthetic data struggle to gen-522

eralize, likely due to the fact that reliance on visual refer-523

ences (e.g., ground plane grids) is absent in real videos, and524

due to friction’s inherent complexity involving higher-order525

motion and projective geometry of the viewpoint. To fur-526

ther confirm, we introduce an additional real-world train-527

ing split for friction videos with disjoint objects and sur-528

faces from the test set (see Supplementary Section B.2 for529

more details). Fine-tuning the visual prompting architec-530

ture on this data improves performance on the real test split,531

as shown by the * values in Table 1. Multimodal large532

language models (MLLMs), though not working very well533

with Baseline Prompt (see Supplementary Section D), when 534

prompted properly, also perform well, especially on real 535

videos, which are more in-distribution for them – while on 536

synthetic splits, their performance drops significantly. This 537

is likely due to the fact that the models tend to leverage se- 538

mantic cues, e.g., the type of liquid or the category of object 539

and surface, rather than visual motion. 540

5.2. Results for Absolute Value Prediction 541

Table 1 (right) shows results for absolute value predic- 542

tion across physical properties and methods. This task 543

is more challenging than relative comparison, as models 544

must regress quantitative physical values rather than com- 545

pare video pairs from the same viewpoint. Similar to the 546

relative setting, the oracle estimator achieves near-perfect 547

performance on test-1 and test-2, and strong perfor- 548

mance on test-3, confirming that the task is largely solv- 549

able through visual cues, multi-view geometry, and physi- 550

cal laws. We highlight several key observations: (i) com- 551

parable performance across backbones. Despite being 552

trained for generative tasks, video generative models per- 553

form on par with self-supervised models when predicting 554

dynamic physical properties. (ii) friction remains chal- 555

lenging. Similar to the relative setting, both generative and 556

self-supervised models struggle with friction estimation. 557

Performance again improves with domain adaptation. (iii) 558

MLLMs better on real test split than synthetic. MLLMs 559

continue to perform better on the real test split than syn- 560

thetic test splits, benefiting from their familiarity with real- 561

world visual semantics. (iv) greater gap from oracle. The 562

performance gap between video foundation models and the 563

oracle is more pronounced here than in the relative setting, 564

indicating that accurate physical value regression remains a 565

significant challenge for current video models. (v) more 566

difficult to generalise to real situations. Compared to 567

the relative setting, video generative model and video self- 568
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Table 1. Results for relative value comparison and absolute value prediction. Left: ROC AUC scores for relative comparisons (range
[0, 1]). Right: Pearson correlation coefficients for absolute predictions (range [↑1, 1]). * indicates results after domain adaptation using a
disjoint real training set. test-1 is the synthetic in-distribution test split; test-2 is the synthetic out-of-distribution test split; test-3
is the real-world test split.

Property Method
Relative – ROC AUC Absolute – Pearson Corr.

Test-1 Test-2 Test-3 Test-1 Test-2 Test-3

Elasticity

Oracle 1.00 1.00 1.00 0.99 0.98 0.87

Video Generative Model 1.00 0.98 0.84 0.92 0.82 0.07
Video Self-Supervised Model 0.89 0.96 0.77 0.96 0.93 0.47

Qwen2.5VL-max 0.59 0.50 0.54 -0.05 0.11 0.16
GPT-4o 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

Viscosity

Oracle 0.99 1.00 1.00 0.99 0.98 0.80

Video Generative Model 1.00 1.00 1.00 0.99 0.95 0.76
Video Self-Supervised Model 1.00 1.00 0.99 1.00 0.97 0.79

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

Friction

Oracle 1.00 1.00 0.87 0.99 1.00 0.83

Video Generative Model 0.98 0.89 0.47 0.95 0.78 0.21
+ Domain Adaptation – – 0.74* – – 0.82*

Video Self-Supervised Model 1.00 0.97 0.58 0.71 0.58 0.28
+ Domain Adaptation – – 0.63* – – 0.71*

Qwen2.5VL-max 0.50 0.62 0.80 0.03 0.14 0.06
GPT-4o 0.34 0.42 0.67 -0.10 0.03 0.38
Gemini-2.5-pro 0.54 0.59 0.97 -0.03 -0.05 0.12

supervised model exhibit a significantly larger performance569

drop from synthetic to real test splits (especially for elastic-570

ity and viscosity). This demonstrates the absolute setting is571

challenging.572

5.3. Qualitative Results573

Figure 4 (left) shows qualitative examples comparing model574

predictions across different tasks. In the first row, we il-575

lustrate an example from the elasticity absolute value pre-576

diction task. The video generative model, self-supervised577

model, and MLLMs predict values of 0.83, 0.96, and 1.0,578

respectively—all reasonably close to the ground-truth value579

of 0.89. In the second row, we present a friction relative580

value comparison task. The input consists of two videos,581

where the first exhibits a higher dynamic friction coefficient582

than the second. Both the video generative model and the583

MLLM correctly assign high likelihoods to this relationship584

(0.82 and 1.0, respectively), aligning with the ground truth.585

In contrast, the self-supervised model incorrectly predicts586

the reverse and does so with high confidence. Figure 4587

(right) shows examples of the scatter plots for the abso-588

lute value prediction. More specifically, we show the scat-589

ter plots of video self-supervised model on the three test590

splits. It can be observed that the performance degrades591

from test-1 to test-3, as test-1 is of the same dis-592

tribution as the synthetic training split, while test-2 is593

out-of-distribution synthetic test and test-3 is for real594

evaluation. We provide more scatter plots in Supplemen- 595

tary Section F. 596

6. Conclusion 597

We investigate the task of inferring dynamic physical 598

properties—elasticity, viscosity, and friction—from videos. 599

To support this, we introduce a benchmark dataset with 600

ground-truth annotations and evaluate a range of video 601

foundation models under both absolute prediction and rel- 602

ative comparison settings. We adopt a simple architecture 603

to extract physical cues from off-the-shelf generative and 604

self-supervised video models, and explore prompting strate- 605

gies to elicit predictions from MLLMs. Experiments show 606

that generative and self-supervised models have similar and 607

reasonable performance. This confirms the findings in pre- 608

vious works, where the prior of video generative models 609

can be used to estimate the material field of objects [57], 610

and the video self-supervised models can be used for robots 611

to interact with the physical world [3]. MLLMs perform 612

worse overall but improve with more informative prompt- 613

ing, especially on real-world data. The worse performance 614

of MLLMs is consistent with previous work [13], where it 615

is observed that the visual information is not properly fused 616

in the language model. However, all models fall short of 617

the oracle, particularly in absolute value prediction. These 618

results highlight the need to enhance physical reasoning in 619

video models—a key direction for future research. 620
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Rädle, Chloe Rolland, Laura Gustafson, Eric Mintun, Junt-758

ing Pan, Kalyan Vasudev Alwala, Nicolas Carion, Chao-759

Yuan Wu, Ross Girshick, Piotr Dollár, and Christoph Feicht-760

enhofer. Sam 2: Segment anything in images and videos.761

In International Conference on Learning Representations762

(ICLR), 2025. 12763

[33] Tianhe Ren, Qing Jiang, Shilong Liu, Zhaoyang Zeng, Wen-764

long Liu, Han Gao, Hongjie Huang, Zhengyu Ma, Xiaoke765

Jiang, Yihao Chen, Yuda Xiong, Hao Zhang, Feng Li, Peijun766

Tang, Kent Yu, and Lei Zhang. Grounding dino 1.5: Ad-767

vance the ”edge” of open-set object detection. arXiv preprint768

arXiv:2405.10300, 2024.769

[34] Tianhe Ren, Shilong Liu, Ailing Zeng, Jing Lin, Kun-770

chang Li, He Cao, Jiayu Chen, Xinyu Huang, Yukang Chen,771

Feng Yan, Zhaoyang Zeng, Hao Zhang, Feng Li, Jie Yang,772

Hongyang Li, Qing Jiang, and Lei Zhang. Grounded sam:773

Assembling open-world models for diverse visual tasks.774

arXiv preprint arXiv:2401.14159, 2024. 12775

[35] Ronan Riochet, Mario Ynocente Castro, Mathieu Bernard,776
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