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Abstract

Inferring rigid-body physical states and properties from

monocular videos is a fundamental step toward physics-

based perception and simulation. Existing approaches as-

sume specific underlying physical systems, object types, and

camera poses, which are unable to generalize to complex

real-world settings. We introduce !YNAMICS, a vision-

language framework that uses language as a unified rep-

resentation of rigid-body dynamics. Instead of directly

predicting parameters, !YNAMICS generates scene con-

figurations in a structured text format for physics simula-

tion. We enhance the model’s generalization by integrat-

ing natural language motion reasoning and leveraging op-

tical flow as a semantic-agnostic input. On the CLEVRER

dataset [59], !YNAMICS achieves a segmentation IoU of

0.30, a 7→ improvement over leading VLMs (InternVL3-

8B, Qwen2.5-VL-7B and Claude-4-Sonnet). Further, test-

time sampling and evolutionary search further boost perfor-

mance by 27% and 120% in segmentation IoU, respectively.

Finally, we demonstrate strong transfer to a new dataset of

235 real-world rigid-body videos, highlighting the poten-

tial of language-driven physics inference for bridging per-

ception and simulation. Additional results and videos are

available at the project page: https://iandrover.
github.io/2026_dynamics/

1. Introduction

Understanding physical dynamics from visual observations
is a foundational capability for intelligent systems operating
in the real world [8, 20, 30, 51]. When perceiving events
such as a ball sliding or bouncing, the system should not
only identify and track objects but also infer their intrinsic
physical attributes, including friction, elasticity, and other
parameters that govern motion. These inferred properties
enable reasoning about cause and effect, anticipating out-
comes under varying conditions, and consequently planning
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(a) Two shoe boxes collide and slide on the indoor surface.

(b) A cylindrical massage roller spins in mid-air.

Figure 1. Motion transfer from real videos to simulation envi-

ronments. !YNAMICS accurately reproduces the object shapes,
initial position and orientation, material properties, and camera
pose with respect to the input videos, while competing VLMs
(Claude-4-Sonnet, InternVL-3-8B, Qwen-2.5-VL-7B) fail.

https://iandrover.github.io/2026_dynamics/
https://iandrover.github.io/2026_dynamics/


and control in embodied settings.
In this work, we focus on rigid-body motion dynamics.

Given a video, our goal is to infer the underlying physical
model that allows the reproduction of the video trajecto-
ries within a simulator. While prior works [4, 14, 19, 23,
26, 53, 54] have made progress in estimating physics pa-
rameters from videos in constrained settings, such as slid-
ing boxes [19, 53], billiards [54], or projectiles [4, 14, 23],
they are not yet applicable to complex real-world motion
that involves multiple object interactions and motion types.
First, they assume a model-specific, fixed-length vector of
physics parameters for particular object types (e.g., spheres
or boxes) and motion types (e.g., sliding or projectile). This
representation is not scalable and does not accommodate the
full variety of object interactions. Second, prior works typ-
ically assume a known or fixed camera pose, thus failing to
generalize across varying object distances and camera view-
points. As a result, prior methods solve only a narrow subset
of this video-to-simulation problem and fail to generalize to
complex, real-world scenes involving multiple moving ob-
jects and unconstrained viewpoints.

A fundamental challenge lies in how the scene itself
is parameterized. In this work, we introduce a unified,

language-based representation of rigid body motion as a
bridge between perception and simulation. Instead of re-
gressing a fixed-length numeric vector, we reformulate the
problem as the generation of symbolic scene configurations
specifying object geometry, initial states, material proper-
ties, and camera parameters. This language representation
is inherently interpretable and scalable to diverse motion
types and object interactions.

This language-centric formulation naturally motivates
the use of Vision-Language Models (VLMs) [16, 18, 34,
35, 52], widely employed for visual reasoning [2, 36] and
physics understanding [5, 7, 17, 39, 41]. Taking this direc-
tion, we develop !YNAMICS, a VLM trained on 400K syn-
thetic videos rendered with MuJoCo [50], whose output is a
YAML format of the scene configuration. To enhance gen-
eralization, we make two key design choices. First, we take
optical flow as the input as it is agnostic to visual semantics
and background, which provides explicit motion cues and
improves full-sequence segmentation IoU by 26% (from
0.19 to 0.24) on CLEVRER [59]. Second, we augment su-
pervision with natural-language motion descriptions that
capture trajectories, object visibility, and collision events
as an auxiliary textual target. Together, these components
make !YNAMICS robust to domain shifts.

To evaluate cross-domain generalization, we adapt
CLEVRER for controlled testing and curate a new dataset
of 235 real-world rigid-body motion videos. The reasoning-
enhanced model consistently outperforms the vanilla ver-
sion on real-world transfer, indicating stronger generaliza-
tion capabilities. We also investigate several test-time en-

hancement strategies that do not require labeled ground
truth in the target domain. We find that best-of-k sampling
consistently yields a 10% improvement, and that an addi-
tional evolutionary search provides over 50% further gains.
For real-world application, we also show the potential of
physically plausible video editing using our framework; the
corresponding results are deferred to Appendix E.

Our main contributions are summarized below:
• Language-based representation for motion dynam-

ics: We reformulate rigid object motion estimation from
videos as a language modeling problem, where the model
generates structural textual scene configurations that are
directly consumable by a physics engine.

• VLM for rigid-body physics inference: We present
!YNAMICS, a VLM that directly infers the underlying
physics parameters of rigid object motion, which enables
the reconstruction of physically-plausible motion trajec-
tories from monocular videos.

• Cross-domain generalization: We boost the general-
ization of models for different physics engines and real-
world videos by introducing two key innovations: using
optical flow as semantics-agnostic input and training the
model to predict natural-language motion descriptions.

• Comprehensive evaluation benchmarks: We adapt the
CLEVRER dataset for controlled benchmarking and cu-
rate a new dataset of 235 real-world rigid-body motion
videos with corresponding annotations for segmentation
masks and optical flows.

2. Related Work

Rigid-Body Motion Parameter Estimation. Estimating
physics parameters of rigid moving objects and camera ge-
ometry from videos is a key step towards physics-based
perception and simulation. Early efforts tackled the prob-
lem in narrow scenarios, e.g., sliding boxes [19, 53], bil-
liard games [54], projectile motion [4, 14], articulated rigid
body [26], or free fall [23]), to keep the parameter esti-
mation problem tractable. Furthermore, they assume fixed
camera parameters, preventing their applications from gen-
eral real-world settings [4, 14, 19, 23, 26, 53, 54]. Our con-
tribution is a general solution to the physics parameter esti-
mation problem, which is applicable to a wide spectrum of
physical motions in unconstrained real-world settings.

Structured Representations for Visual Content. Repre-
senting image and video content using structured graphics
programs has been widely adopted for graphics simulation
engines such as Blender and MuJoCo format [50]. Recent
works in image simulation and generation make use of pro-
grammatic formats such as SVG [15, 42, 46, 55–57] and
TikZ [9, 10, 48] to formulate the problem as conditional
generation of structured text based on textual and image
prompts using diffusion models. Further, the use of struc-
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Figure 2. Training, evaluation and inference workflow for !YNAMICS . Training (top left): We sample scene configurations and
render corresponding synthetic videos using the MuJoCo physics engine. Next, we compute optical flows using RAFT [49] and train
!YNAMICS to generate scene configurations in a structured text format given optical flows. Evaluation (bottom left): !YNAMICS takes
input optical flows derived from real-world videos to infer scene configurations. Inference (right): The base variant (bottom) directly
generates the scene configuration, whereas the motion reasoning variant (top) first generates a motion event description (details illustrated
in Figure 3), then predicts the scene configuration.

tured graphics programs has also been extended to the do-
main of inverse rendering and the editing and generation of
3D scenes. Specifically, the workflow in [11, 31, 32, 60] in-
volves training VLMs to translate images into a structured
format (e.g., JSON) and employing graphic engines for ren-
dering. Other works train VLMs to infer the programmatic
representation of existing scenes for graphics editing [24]
and 3D asset creation [61]. Our proposed approach is in-
spired by this school of thought because it offers the capa-
bility to interpret both the underlying physics and control-
lable editing of visual content via scene attributes. However,
our research problem is distinguished from prior works by
the focus on the modeling of motion dynamics in videos.

Physics Simulation. Another line of research focuses on
end-to-end training with differentiable simulation and ren-
dering pipelines [21, 27, 28], enabling physical scene under-
standing via gradient-based optimization. These works [29,
37, 38, 47, 58] jointly optimize object geometry and phys-
ical parameters to directly match the scene dynamics and
image formation. Our approach differs in three ways. First,
we do not require a predefined physics model; instead, our
model learns to infer physical properties and dynamics di-
rectly from video observations. Second, we do not assume
access to differentiable simulators, as most physics engines
are not differentiable in practice. Third, instead of per-scene
optimization, we employ a direct feedforward model that
predicts a complete scene configuration in a single pass.

3. Method

We present the training, evaluation and inference workflows
of !YNAMICS in Figure 2. We now formalize the problem

and describe each component in detail.

3.1. Problem Statement

We address the problem of recovering physical scene pa-
rameters and dynamics from a monocular video. Given
an input video X, a model Fω predicts a parameter set
c = Fω(X), which is then provided to a physics engine
S to generate a reconstructed sequence X̂ = S(c). The ob-
jective is to learn Fω such that the simulated dynamics in X̂
faithfully reproduce those observed in the input video.

3.2. Unified Scene Representation

A fundamental challenge lies in how the scene itself is pa-
rameterized. Prior work typically regresses a fixed-length
parameter vector specific to a particular object set, simula-
tion model, or physics system, which limits generalization
across real-world scenarios.

Language Representation. To address these limitations,
we shift the core paradigm from numerical regression to
symbolic generation. The key idea is a unified, language-
based representation that acts as a bridge between percep-
tion and simulation. Specifically, we recast physics esti-
mation as a text-generation problem: the model outputs a
YAML-formatted sequence that encodes the entire scene
configuration, including object geometry, initial states, ma-
terial properties, and camera parameters. This provides
three key advantages:
• Extensibility and Interpretability. A textual format

scales naturally to scenes with arbitrary numbers of ob-
jects. It is human-readable, easy to edit, and conducive
to counterfactual analysis. Extended results on physically



Table 1. Parameter categories. The complete parameter space
spans object properties, initial states, and global parameters.

Category Parameters

Object

Property

Geometry / Inertial: radius, height, width, depth, mass.
Material: friction (rolling, sliding) and damping.

Initial

State

Kinematics: position, linear and angular velocity.
Orientation: quaternion.

Global

Parameter

Camera: pose (height, angle, FOV).
Environment: gravity.

plausible video editing are provided in Appendix E.
• Natural Integration with VLM. Casting simulation as

text generation enables end-to-end training of a unified
VLM without engineering multi-stage components. We
simply format the target as <answer> configuration

</answer>, allowing the model to directly output the
scene description.

• Joint Reasoning and Configuration Generation. Lan-
guage models can interleave descriptive reasoning with
configuration prediction, enabling richer intermediate
representations within the same autoregressive process.

Parameterization Details. To operationalize this
language-based approach, we define a structured schema
for the scene configuration. This configuration represents
the full set of geometry, physics, and camera parameters re-
quired for simulation, as summarized in Table 1. We com-
pose our scenes using three primitive shapes (spheres, cylin-
ders, and boxes) that can cover common household objects
such as tennis balls, soda cans, mugs, books, and crates.
These primitives are sufficient to simulate essential rigid-
body dynamics, including bouncing, rolling, sliding, and
collisions. For the camera, we place it at (0,↑2, h), where
h denotes its height, and vary the pitch angle while setting
roll and yaw to zero. We include gravity as a parameter
to account for variations in frame rate or time scale. This
scene configuration format supports both single-object and
arbitrary multi-object scenes. For example, a scene contain-
ing four box-shaped objects includes 20 → 4 box-specific
parameters, along with 3 camera parameters and 1 gravity
term, totaling 84 parameters to be estimated.

3.3. Motion Reasoning

By reasoning about motion and object interactions before
predicting scene parameters, the model learn richer repre-
sentations of the underlying dynamics, which in turn im-
prove the accuracy of the subsequent scene parameter es-
timates. To enable motion reasoning, we train a variant of
the model that first generates a natural language descrip-
tion of the observed dynamics and then produces the scene
configuration. As shown in Figure 3, these descriptions
are derived from simulation traces and artifacts (i.e., ob-
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Figure 3. Synthetic training data generation. During the data
generation process, we create natural language descriptions of mo-
tion events. An event-mining script processes the simulation traces
and artifacts (left), including state history, contact history, and seg-
mentation maps, to find key dynamic events. The resulting textual
descriptions (right) serve as ground-truth targets for the motion
reasoning model during training.

ject state histories, contact logs, segmentation masks) to-
gether with ground-truth configurations. We specifically
consider events such as visibility (e.g., when the object en-
ters or leaves the camera view), motion change (e.g., when
it stops rolling or sliding), and collisions (e.g., when it
touches the ground or another object), and we design rule-
based functions to parse them. These detected events are
then inserted into predefined templates to generate a struc-
tured, natural language description of the motion. Finally,
we prepend the motion description to the scene configu-
ration as <think> description </think> <answer>

configuration </answer>. Table 8 provides an illus-
trative example.

3.4. Motion-Aware Input Representation

Raw RGB videos contain visual semantics unrelated to
motion, which can introduce confounding factors for our
model. As an alternative, we use optical flow fields to
represent motion as it is agnostic to visual semantics and
appearance. Specifically, we compute optical flows using
RAFT [49] and convert them into a 2D array per color chan-
nel, which can further be fed into VLM without architec-
tural changes. We evaluate models trained with both RGB
video inputs and the RGB-transformed optical flow maps.

4. Training and Evaluation Method

4.1. Training Approach

Synthetic Data Curation. We generate a dataset of 400K
unique physical scenes using the MuJoCo simulator [50].
Each training example is created by sampling a full YAML
scene configuration, which is then converted into MuJoCo’s
XML format to initialize the simulator and assign dynamic
states (e.g., initial velocities), as detailed in Appendix A.1.
Each data point includes a rendered RGB video of a scene
with up to four objects and the corresponding YAML



file. To specifically test for compositional generalization,
four distinct object-type combinations in four-object scenes
(e.g., two boxes and two cylinders) are also held out.

To ensure physically plausible and visually meaningful
interactions, we filter out (i) scenes with overlapping objects
at initialization, identified using MuJoCo’s built-in collision
detection; (ii) scenes where more than one object remains
outside the camera’s field of view throughout simulation;
and (iii) scenes where any object is too small (with a total
area less than 8000 pixels). Simulations are run for 1 second
at 30 FPS with eight physics substeps per frame, rendering
images at 480→320 resolution.

Learning Objective. Let D = {(Xi, ci)}Ni=1
denote the

training set, where Xi is a video observation and ci is the
corresponding scene configuration, represented as a tok-
enized text sequence. We aim to learn a model Fω that max-
imizes the conditional likelihood pω(c | X). This likelihood
is modeled autoregressively over the tokens of c as

pω(c | X) =

|c|∏

t=1

pω(ct | X, c<t), (1)

where ct denotes the t-th token of c. We train Fω by mini-
mizing the negative log-likelihood (NLL) over the dataset:

LVLM = ↑
∑

(X,c)→D

log pω(c | X). (2)

Model and Training Implementation. Our architecture
is based on Qwen2.5-VL-3B [6]. The inputs consist of 10
frames uniformly sampled from 1-second, 30 FPS videos.
We train two variants, one predicting only scene configura-
tion, and the other generating motion reasoning as an addi-
tional output. The format of the target text sequences for
these variants has been described in Sections 3.2 and 3.3.
We fine-tune the full model for 10 epochs in bfloat16 mixed
precision on eight 40 GB A100 GPUs. We employ the
AdamW optimizer with a learning rate of 2→10↑5, weight
decay of 0.01, and a global batch size of 128.

4.2. Test-Time Strategy

To improve instance-level accuracy at inference time, we
explore three complementary test-time optimization strate-
gies: best-of-K sampling, preference-based refinement, and
evolutionary search.

Best-of-K Sampling. The greedy decoding strategy in
VLMs is not guaranteed to find the parameter set with the
best quality, as the optimal parameter set may lie in the long
tail of the model’s output distribution. Hence, we adopt a
best-of-N evaluation scheme to explore this distribution:
for each case, we generate N = 32 diverse predictions
with a temperature of 0.1 and top-p of 0.9 and report the

Best@32 performance. This reflects the model’s ability to
recover accurate physical dynamics with multiple attempts.

Preference Optimization. While ground-truth configura-
tions are typically unavailable for novel environments, the
similarities between the forward rendering and the input
videos, such as object mask IoU, can serve as implicit re-

ward signals for configuration selection without explicit su-
pervision. We conduct experiments with preference rank
optimization [45], where details and relevant results are pro-
vided in Appendix A.4.

Evolutionary Search. Since preference optimization gen-
erally requires training data, it is generally impractical in
real-world scenarios. Thus, we explore Covariance Ma-
trix Adaptation Evolution Strategy (CMA-ES) [25], which
is an evolutionary algorithm suited for non-convex black-
box optimization. When using CMA-ES, we initialize
the search with the Best@32 sample, and we optimize
scene configurations, including object sizes, initial states,
physics parameters, and camera poses, while keeping ob-
ject types fixed. We employ a heuristic fitness function that
maximizes the segmentation Intersection-over-Union (IoU)
while minimizing the optical flow end-point error (EPE),
formulated as (IoU ↑ EPE). We use a population size of
128 and optimize for 100 iterations.

4.3. Evaluation Method

Evaluation via Simulation. We evaluate the quality of the
predicted configuration ĉ through re-simulation. The gener-
ated text is passed to the physics engine S to produce a sim-
ulated RGB video X̂ = S(ĉ), along with auxiliary outputs
such as object segmentation masks and optical flow fields.
We then compare the simulated outputs against the ground-
truth counterparts from X using segmentation Intersection-
over-Union (IoU) and optical flow end-point error (EPE).
For synthetic data, ground-truth masks are available from
the renderer, while for real-world videos, we use pretrained
models [40, 49] for pseudo-annotation.

Metrics. We evaluate across three dimensions:
• Object Composition: Accuracy of object composition.
• Motion Reconstruction Quality: Similarity between the

re-simulated and reference videos, measured by segmen-
tation IoU and flow EPE.

• Physics Parameter: L1 distance between estimated and
ground-truth parameters, computed only when the object
combination is correct.

Baselines. Since our work is the first to estimate a com-
plete scene configuration for diverse physical systems from
a single monocular video, it is not directly comparable
to prior methods on physics parameter estimation. For
evaluation, we establish baselines using both proprietary
and open-source vision–language models (VLMs), includ-
ing InternVL3-8B [63], Qwen2.5-VL-7B [6], and Claude-



4-Sonnet [1]. Each model is evaluated using three-shot

in-context learning (ICL). We adopt ICL over zero-shot
prompting because (1) zero-shot generation of a MuJoCo
XML file is insufficient for running a simulation, since dy-
namic states can only be set after engine initialization; and
(2) Generating both the XML file and the dynamic-state ini-
tialization code is difficult. Details about a few-shot exam-
ples are deferred to Appendix A.3.

We also establish non-VLM baselines that directly pre-
dict scene configuration parameters from videos. We con-
catenate these parameters into a fixed-length vector, repre-
sent the object type with one-hot encoding, and perform
zero-padding for missing objects. Objects are ordered by
their x- and then y-positions. We adopt the pretrained
ViViT [3] model, designed for video classification, and fully
fine-tune it using an ω2 loss on the regression targets.

5. Results on Synthetic Dataset

We divide the synthetic data into two subsets and evaluate
the model in the following settings
1. Comparative evaluation: Scenes containing 1–3 objects,

with 100 samples for each object count.
2. Complex scene dynamics: 400 four-object scenes con-

structed from the four specific object-type combinations
that were excluded from the training set. 400 scenes with
five objects and 400 scenes with six objects, which ex-
ceed the object counts seen during training.

5.1. Comparison with Baselines

As shown in Table 2, Claude-4 is the best model among the
baselines. While sufficient to roughly identify object com-
position in a scene, they perform poorly in reconstructing
motion trajectories and estimating the physics parameters,
with low segmentation IoU (↓ 0.09), and high optical flow
errors (> 11) observed.

Meanwhile, the RGB-based !YNAMICS model outper-
forms all baselines in object composition accuracy, segmen-
tation IoU, and parameter estimation, but underperforms in
optical flow end-point error (EPE). The higher EPE is pri-
marily due to occasional interpenetration in the predicted
initial states, which causes MuJoCo to apply large correc-
tive contact forces to separate overlapping objects, resulting
in abrupt motions that increase flow error.

When explicitly conditioned on optical flow,
!YNAMICS achieves 97% object composition accu-
racy, improves segmentation IoU, and substantially reduces
EPE. One exception is the damping estimation, where the
raw-RGB model performs slightly better, likely because
the checkerboard ground plane provides additional visual
cues helpful to estimating damping parameters. Finally,
adding motion reasoning, as shown in the last row, further
improves overall performance.

5.2. Evaluation on Complex Scenes

Next, we evaluate the model’s generalization ability on un-
seen scene configurations. In particular, we focus on the be-
havior of !YNAMICS variant with motion reasoning (which
is the best one based on the previous section). In Table 3, the
model shows only a marginal degradation of segmentation
map IoU (compared to the last row of Table 2) for scenes
with 4 or 5 objects. Even for scenes with 6 objects, the
degradation is gradual and slow. These results show that in-
corporating motion reasoning adds robustness to more com-
plex, unseen multi-object dynamics.

6. Cross-Engine and Real-World Results

6.1. Cross-Engine Generalization

We assess our model’s ability to generalize across a fun-
damentally different simulation and rendering engine. In
particular, we perform this evaluation on the CLEVRER
dataset [59]. CLEVRER is a video question-answering
benchmark rendered by Blender, which covers sliding mo-
tion dynamics for three object types: cubes, spheres, and
cylinders. We sampled 100 test videos from the CLEVRER
for evaluation. To evaluate against the baseline VLMs, we
adopt a similar few-shot, in-context prompting approach
(details in Appendix A.3).

Comparison with Baselines In Table 4, !YNAMICS con-
sistently demonstrates superior performance compared to
baseline models. Furthermore, the previous observations
on our synthetic dataset hold true: (i) the model using op-
tical flow inputs outperforms that using RGB videos, and
(ii) incorporating reasoning further increases motion recon-
struction accuracy, e.g., full-sequence segmentation map
IoU increases from 0.24 to 0.29, a 21% relative improve-
ment. Complementary to numerical results, Figure 4 shows
that !YNAMICS accurately captures multi-object motion
trajectories, even in an unseen domain such as CLEVRER.

Test-Time Enhancement. We evaluate the model’s per-
formance with different testing time strategies. As shown
in Table 5, the vanilla !YNAMICS model gains a marginal
improvement by sampling more scene configurations. For
example, the full-sequence IoU increases from 0.24 (with
the greedy sampling approach) to 0.28 (the best out of 32
sampled configurations), a 14% increase.

Consistent with earlier findings, the motion-reasoning
variant significantly outperforms the base model, and using
best-of-32 sampling further boosts performance: the first-
frame IoU increases from 0.30 to 0.38 (+27%), and the
full-sequence optical flow EPE decreases by 13%. These
relative gains are larger than those achieved by the vanilla
model under the same sampling strategy. We hypothesize
that the intermediate motion-reasoning step provides a more
structured and physically meaningful representation, which



Table 2. Evaluation metrics for the in-distribution setting on the synthetic evaluation data. When !YNAMICS takes optical flows
as the input, it consistently outperforms baseline methods across most evaluation dimensions. Note that parameter estimation metrics are
unavailable for non-VLM baselines since they do not correctly predict the object composition. Best and runner-up results are highlighted.

Obj. Comp. Segmentation Map IoU (↑) Optical Flow EPE (↓) Physics Parameter MAE (↓)

Input Acc. (↑) First-Frame Full Sequence First-Frame Full Sequence Damping Roll Friction Slide Friction

Non-VLM Models

ViViT [3] RGB 0.00 0.08 0.07 18.52 9.38 – – –
ViViT [3] Opt. Flow 0.00 0.07 0.06 8.54 8.90 – – –

VLM Models

InternVL3-8B [63] RGB 0.02 0.05 0.05 25.13 15.77 2.94 0.35 0.81
Qwen2.5-VL-7B [6] RGB 0.27 0.03 0.03 39.98 16.33 1.97 0.32 0.66
Claude-4-Sonnet [1] RGB 0.45 0.09 0.07 13.79 11.07 1.71 0.24 0.43

Ours

!YNAMICS RGB 0.60 0.52 0.32 27.58 19.66 1.52 0.16 0.16
!YNAMICS Opt. Flow 0.97 0.88 0.49 5.75 9.24 1.72 0.15 0.16
+ Motion Reasoning Opt. Flow 0.99 0.91 0.54 4.88 8.52 1.60 0.16 0.15

Table 3. Robustness to complex scene dynamics. !YNAMICS
models, trained on up to four objects, generalize effectively to
more complex scenes with up to six interacting objects. Structured
motion reasoning enhances robustness and consistency under in-
creasing scene complexity. Note that four four-object configura-
tions are held out during training and evaluated here to assess true
out-of-distribution generalization.

Segmentation Map IoU (↑)

# Objects Model First Frame Full Sequence

4 !YNAMICS 0.88 0.53
+ Motion Reasoning 0.89 0.54

5 !YNAMICS 0.87 0.51
+ Motion Reasoning 0.88 0.54

6 !YNAMICS 0.85 0.50
+ Motion Reasoning 0.81 0.52

Table 4. Cross-engine generalization. Evaluating transfer from
MuJoCo (training) to Blender (CLEVRER [59]) demonstrates that
!YNAMICS maintains its performance in a zero-shot setting de-
spite domain shifts. Incorporating structured motion description
consistently improves segmentation map IoU.

Segmentation Map IoU (↑)

Modality First Frame Full Sequence

VLM Models

InternVL3-8B RGB 0.01 0.02
Qwen2.5-VL-7B RGB 0.01 0.01
Claude-4-Sonnet RGB 0.03 0.04

Ours

!YNAMICS RGB 0.43 0.19
!YNAMICS Opt. Flow 0.63 0.24
+ Motion Reasoning Opt. Flow 0.67 0.30

enables sampling to explore a broader and effective set of
plausible solutions rather than drifting into implausible re-
gions of the parameter space. This broader yet more guided
search helps resolve long-tailed errors and yields higher-
quality reconstructions.

Lastly, we perform evolutionary search with an initial-
ization from the best-of-32 sample. This method yields the
highest accuracy for the full sequence, partly thanks to the

(a) A moving box collides with a static cube; a red ball rolls nearby.

(b) A scene with three rolling balls and one sliding cylinder. The static
red box is not reconstructed, as it is not dynamic.

Figure 4. Zero-shot generalization between engines, from Mu-

JoCo to Blender. We train !YNAMICS on MuJoCo data and eval-
uate it on CLEVRER [59]. For each example, we show (from top
to bottom) (1) the original RGB video, (2) the ground truth optical
flow, (3) our model’s reconstructed video, and (4) the optical flow
of our reconstruction.

quality initialization. This result shows that CMA-ES is the
method of choice for optimal accuracy during test-time.

6.2. Real-World Applications

In this section, we evaluate !YNAMICSin the real world.
Additional results on physically plausible video editing are



Table 5. Evaluation of test-time optimization strategies on CLEVRER. We compare the base and motion reasoning variants of
!YNAMICS with greedy decoding, best-of-32 sampling under temperature of 0.1, and evolutionary search (CMA-ES). Best@1 denotes the
average of the 32 samples, while Best@32 reports the best.

Segmentation Map IoU (↓) Optical Flow EPE (↔)

First Frame Full Sequence First Frame Full Sequence
Greedy Best@1 Best@32 Greedy Best@1 Best@32 Greedy Best@1 Best@32 Greedy Best@1 Best@32

!YNAMICS 0.63 0.63 0.67 0.24 0.24 0.28 3.66 3.65 2.92 6.91 6.86 6.21
+ Motion Reasoning 0.67 0.68 0.76 0.30 0.30 0.38 2.92 2.93 2.22 5.94 5.95 5.17
+ + CMA-ES 0.62 - - 0.66 - - 0.13 - - 0.11 - -

Table 6. Performance of real-world rigid-body motion recon-

struction. We evaluate !YNAMICS on real-world video dataset.
!YNAMICS successfully generalizes from synthetic training to
real scenes. Incorporating motion reasoning improves segmenta-
tion and flow alignment, while Best-of-32 sampling further refines
accuracy. CMA-ES optimization provides the best full sequence
alignment results.

Segmentation Map IoU (↑) Optical Flow EPE (↓)

First Frame Full Seq. First Frame Full Seq.

!YNAMICS 0.57 0.26 1.62 0.67
+ Motion Reasoning 0.54 0.29 1.39 0.58
+ + Best@32 0.72 0.41 1.06 0.46
+ + CMA-ES 0.57 0.65 1.26 0.36

provided in Section E.

Dataset. We collected real-world videos using an iPhone 13
and Canon cameras in landscape orientation. To assess ro-
bustness to diverse surface conditions, we collected data
for multiple environments, including indoor floors, outdoor
running tracks, and basketball courts. Test objects include
everyday items such as shoe boxes, balls, massage roll,
cookie containers, and some irregular-shaped objects such
as apples. The dataset details are provided in Appendix D.1.

Results. As shown in Table 6, the motion reasoning vari-
ant improves segmentation IoU by 12% and flow EPE by
13%, while best-of-32 sampling further enhances motion
accuracy. Evolutionary search provides the largest gains in
the metrics. Qualitatively, Figure 5 shows that our model
captures the trajectories and locations of two-object motion
precisely, implying a high level of accuracy in the estimated
initial states and physics parameters. We provide more real-
world examples and failure analysis in Appendix D.2.

7. Conclusion

We have presented a novel viewpoint on the problem of pre-
dicting physics configurations for rigid-body motion from
monocular videos. Our main contribution is a general struc-
tured textual representation of the physics states and pa-
rameters for a wide range of motion dynamics and ob-
ject interaction. In addition, we trained !YNAMICS, a
vision–language model to generate physics configurations
and camera geometry in a structured textual format. We

(a) A moving container collides with a stationary one.

(b) A sliding shoebox collides with a baseball on a running track.

Figure 5. Motion capture for real-world videos. !YNAMICS is
able to reproduce motion trajectory and object location on real-
world surfaces and complex lighting. It can also capture multi-
body collision dynamics despite the domain gap between synthetic
and real data.

also incorporate motion reasoning and test-time optimiza-
tion techniques to enhance our model’s accuracy. Being
trained on 400K synthetically generated scenes in MuJoCo,
our model shows robust generalization across rendering en-
gines and to real-world data, and consistently outperforms
off-the-shelf vision–language models. Our results demon-
strate a promising line of research on using language model-
ing to provide a common physics representation for physics
perception and physics simulation.
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