
Learning Physics-Grounded 4D Dynamics with Neural Gaussian Force Fields
1Peking University   2Tsinghua University

Background

Shiqian Li1*, Ruihong Shen1*, Junfeng Ni2, Chang Pan1, Chi Zhang1 , Yixin Zhu1

Real-world validation

Contact

Quantitative results

Video generation

GSCollision Dataset
Dynamics prediction

Our Method

RGB Observations  

Point ODE Solver

Lifting Refine

DiffSplat

Predict

NGFF

Object 
Features

Frozen Foundation Models Trainable

𝜋𝜋3

Neural Gaussian Force Field

Object-centric Reconstruction

SAM 2

Force Field 
Functions

Global
Transition

Future Dynamics

Local 
Stress

External 
Force

Sim / Render
Object ODE Solver

DeepONetPoint Encoder

Paper

Previous Methods
1. Video Generation Models (Sora,Cosmos) : Produce good visuals but overfit 

to appearance, hallucinating physics during complex multi-object interactions. 
2. Physical Simulators (PhysGaussian, PhysGen3D) : Achieve strong physical 

fidelity but suffer from inflexibility and prohibitive computational costs.

Human intuitive physics vs. AI models
1. From infancy, humans develop robust intuitive physics understandings.
2. AI models frequently violates fundamental physical laws like gravity, 

solidity, and object permanence.

CodebaseWebsite

force fields and Neural ODE solvers for efficient, 4D dynamics prediction and rendering.

· Massive scale
640k rendered 4D videos 
(~4TB).
· Diverse physics
10 everyday objects 
spanning soft to rigid 
materials.
· Complex dynamics
3,200 multi-object scenes 
(collisions, sliding, 
containment).
· Rigorous testing:
Built-in spatial, temporal, 
and compositional 
generalization splits.

Robust generalization and interactive force responses. 

Physically-consistent 4D video synthesis across novel views.

Sim2real transfer for real-world interactions.

Superior physical accuracy with fast inference.Unify object-centric feed-forward 3D Gaussian reconstruction via

Permanence and consistency Gravity and support Sora’s failure case
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