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Figure 1. PhyCo generates videos conditioned on spatial physical property maps, producing motion consistent with real-world dynamics.
Top: Continuous control over individual attributes of friction, restitution, deformation, and applied force yields smooth and physically
meaningful variations. Bottom: Strong compositional generalization enables coherent motion in stylized scenes by combining multiple
attributes (e.g., force + friction, restitution + deformation), even beyond the simulation domain.

Abstract

Modern video diffusion models excel at appearance synthe-
sis but still struggle with physical consistency: objects drift,
collisions lack realistic rebound, and material responses sel-
dom match their underlying properties. We present PhyCo,
a framework that introduces continuous, interpretable, and
physically grounded control into video generation. Our ap-
proach integrates three key components: (i) a large-scale
dataset of over 100K photorealistic simulation videos where
friction, restitution, deformation, and force are systemat-
ically varied; (ii) physics-supervised fine-tuning of a pre-
trained diffusion model using a ControlNet conditioned on
pixel-aligned physical property maps; and (iii) VLM-guided

reward optimization, where a fine-tuned vision–language
model evaluates generated videos with targeted physics
queries and provides differentiable feedback. This combi-
nation enables a generative model to produce physically
consistent and controllable outputs through variations in
physical attributes—without any simulator or geometry re-
construction at inference. On the Physics-IQ benchmark,
PhyCo significantly improves physical realism over strong
baselines, and human studies confirm clearer and more faith-
ful control over physical attributes. Our results demonstrate
a scalable path toward physically consistent, controllable
generative video models that generalize beyond synthetic
training environments. Additional results and resources are
available at https://phyco-video.github.io/.

https://phyco-video.github.io/


1. Introduction
Understanding and generating physically grounded behav-
iors is a core challenge in building intelligent visual models.
Humans effortlessly infer how objects react to forces and
slide, bounce, or deform when interacting with other sur-
faces, but it remains challenging for video generation models.
While modern diffusion-based video generators excel at syn-
thesizing realistic textures, lighting and motion continuity,
they often violate the basic laws of physics: objects hover
or fall too slowly under gravity, collisions occur without
rebound and soft objects fail to deform realistically [26]. Im-
portantly, despite the large variety of data on which founda-
tional video diffusion models are trained, it remains difficult
to controllably generate variations in physical properties.

This work takes a step towards bridging the above gaps
between visual and physical realism and control. Impressive
advances have been made to address this gap in recent works
that integrate physical simulation with generative models
[22, 24, 50]. But they depend on explicit solvers, such as
rigid-body dynamics in PhysGen [24] and MPM-based op-
timization in PhysDreamer [50] and hybrid simulation in
WonderPlay [22]. While this leads to fine-grained motion
coherence, the need for reconstructed 3D geometry or prede-
fined materials during inference limits scalability and gener-
alization. Similarly effective advances have been achieved
through implicit approaches to guide motion without explicit
simulation, such as PhysCtrl [37], VLIPP [45], PISA [21]
and ForcePrompting [11], that embed physical cues through
learned or language-driven priors using trajectory genera-
tion, vision-language reasoning, gravity-based supervision,
or force-conditioned prompting. But while improving seman-
tic consistency, they lack continuous control over a diversity
of underlying physical properties.

In contrast, we present PhyCo, a framework that endows
generative video models with continuous and interpretable
physical property conditioning (Fig. 1). Instead of merely
conditioning on external guidance, we explicitly train video
diffusion models to represent and manipulate physical prop-
erties such as friction, restitution, deformation, and applied
force. This enables controllable synthesis of physically con-
sistent motion and interactions across diverse materials and
contact conditions purely through generative modeling, with-
out requiring geometric reconstruction or simulator feedback
at inference. At the same time, it offers quantitative control
over motion behavior and aligns naturally with representa-
tions used in physics simulators, allowing direct supervision
and interpretable manipulation.

We achieve these distinctions through three novel con-
tributions. First, we introduce a large-scale, multi-scenario
dataset of 100K physically grounded simulation videos with
continuous physical property annotations that disentangle vi-
sual appearance from underlying physics. The dataset – built
on Kubric [12] with PyBullet [10] for physics and Blender

Dataset & Benchmarks Dataset Size Photo-real Object Dyn. Viewpoints Physical Property
Annotations

CLEVRER [47] 20k videos ✗ Multiple ✗ ✗

CoPhy [1] 238k videos ✗ Single ✗
F, M, G

(val only)

ComPhy [8] 8k videos
Partial

(syn+real) Multiple ✗ M, C

IntPhys [32] 15k videos ✗ Single ✗ ✗
Physion [2] 16k videos ✗ Single ✗ ✗

Physion++ [35] 8k videos ✗ Single ✗ F, M, R, D
ShapeStacks [13] 20k images ✗ N/A ✓ Stability only
Force Prompting [11] 38k videos ✓ Single ✓ Force (implicit)

PhyCo (Ours) 100k videos ✓ Multiple ✓
F, M, R, D

Force

Table 1. Comparison of physics-rich datasets and benchmarks
used for learning and evaluating object dynamics. F, M, R, D,
and G denote friction, mass, restitution, deformation, and gravity,
respectively.

[4] for rendering – spans diverse materials, interactions and
views, covering multiple physical regimes from rigid colli-
sions to deformable impacts, to provide a structured foun-
dation for learning physically meaningful dynamics that
generalize beyond simulation. Second, we propose physics-
supervised fine-tuning of a pretrained diffusion backbone
(Cosmos-Predict2 [28]) using a ControlNet [49] architecture
that injects spatially aligned physical property maps. Third,
we introduce VLM-guided reward optimization, where a fine-
tuned vision-language model (VLM) evaluates generated
videos through targeted physics questions, providing differ-
entiable rewards that encourage physically plausible behav-
ior. This combination of explicit conditioning and semantic
feedback enables controllable, interpretable, and physically
consistent video generation that generalizes from simulation-
rich training to real-world scenarios without any simulator
or handcrafted physical modeling at inference time.

In extensive evaluations on the Physics-IQ bench-
mark [26] and human preference studies, our approach con-
sistently outperforms prior video models in both physical
realism and controllable variation. Moreover, it generalizes
to unseen materials, forces and interactions, with composi-
tionality across variations, demonstrating that embedding
physical property priors offers a scalable path toward control-
lable, physically consistent [23] generative world models.

2. Related Work

Physics Rich Datasets. A variety of benchmarks and
datasets have been proposed to study object dynamics and to
evaluate the predictive capabilities of deep models. However,
most existing datasets are constrained in terms of physical
property diversity, scene realism, and coverage of complex
interactions. As a result, they often fall out of distribu-
tion for today’s powerful generative video models. They
also fall short of the requirements posed by modern gen-
erative video models, which demand richer, more diverse,
and physically grounded supervision. Table 1 summarizes
several representative physics-focused datasets. Although



Figure 2. Overview of the proposed PhyCo two-stage training pipeline. In Stage 1 (Physics-Supervised Fine-Tuning), the base DiT model is
conditioned via a ControlNet using physically rich simulation data, enabling controllable video generation with respect to key physical
properties such as friction, restitution, deformation, and applied forces. The model is optimized using a diffusion score matching loss to
achieve realistic dynamics. In Stage 2 (VLM-Guided Alignment), the generated videos are analyzed by a frozen Vision-Language Model
(VLM) using a curated Physics Question Bank that queries property-speci�c behaviors (e.g., deformation magnitude, frictional effects,
motion alignment). The model receives reward gradients based on VLM logits and responses, guiding the model towards physically plausible
and interpretable dynamics.

the Force-Prompting dataset [11] achieves high photoreal-
ism, it remains limited in both scene diversity and annotated
physical properties. These limitations underscore the need
for large-scale, physically grounded datasets that can better
align generative video models with the principles of intu-
itive physics and enhance their ability to produce physically
plausible dynamics.

Controllable Video Generation. Recent advances in video
diffusion models have sparked growing interest in achiev-
ing �ne-grained control and physical grounding in video
generation. A large body of work has explored motion-
level controllability. ATI [36] learns to generate videos
from trajectory prompts by interpolating features in latent
space, while Go-with-the-Flow [6] warps Gaussian noise
across timesteps to precisely steer object motion. Several
approaches focus on camera motion control, for example,
CamI2V [51], CameraCtrl [15], and CamCo [42] encode
viewpoint trajectories for accurate camera dynamics. Other
efforts emphasize object-centric guidance [34, 39, 48] or
box-level motion cues [38, 44]. In contrast, our goal is to
enable physical property control rather than explicit motion
or trajectory speci�cation.

Physical controllability in video generation has emerged
along two main directions. The �rst integrates explicit
physics simulators with generative models to ensure physi-
cally grounded behavior. PhysGen [24] couples a 2D physics
engine [5] with diffusion-based generation, while Wonder-
Play [22] employs material point methods (MPM) [17] to

simulate interactions using Gaussian splats, leveraging dif-
fusion models to enhance photorealism. Similar hybrid ap-
proaches [7, 33, 40, 50, 52] use MPMs or spring-mass sys-
tems to incorporate physical plausibility. PhysDreamer [50]
inverts physical parameters from generated motion, and
PhysAnimator [41] generates sketch-based physics cues to
guide diffusion synthesis. Although these methods yield
physically consistent results, they rely on complex simu-
lation pipelines at test time, limiting their scalability and
�exibility.

The second direction pursues implicit physical control
by embedding physics priors directly into diffusion models
without explicit simulators. VLIPP [45] leverages vision-
language models (VLMs) to plan motion trajectories for
diffusion guidance, while PhysCtrl [37] introduces a learned
point-cloud trajectory generator to control motion within
pre-trained diffusion models. While these methods achieve
controllability without simulation, they primarily emphasize
kinematic guidance. Closest to our work is Force Prompt-
ing [11], which �ne-tunes a video diffusion model on a
15K-video dataset annotated with force directions. Unlike
their single-attribute setup, our method enables control over
diverse physical attributes including friction, restitution, ex-
ternal force, and deformation through spatially aligned phys-
ical property maps, offering richer and more general forms
of physical conditioning.

Reward Optimization for Video Generation. Reward-
based optimization has become a key paradigm for align-
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