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Introduction

Multi-physics simulation is a critical and ubiquitous problem in science and engineering, since real-world 
systems often involve strongly coupled multi-physics interactions. 

Coupling Type Physical Fields Representative Applications

Fluid–Structure 
Interaction

Fluid dynamics + 
Structural mechanics

Aeroelastic flutter of aircraft wings; heart valve dynamics; wind-induced 
bridge response; MEMS micropumps; submarine hull vibration

Fluid–Thermal 
Coupling

Fluid flow + 
Heat transfer

Electronics cooling; HVAC system design; combustion chamber simulation; 
solar collectors; nuclear reactor cooling loops

Neutron–Thermal 
Coupling

Neutron transport + 
Thermal analysis

Reactor core design (fission/fusion); fuel rod temperature prediction; reactor 
safety analysis; neutron-driven material heating (e.g., fusion blankets)

Electro–Thermal 
Coupling

Electromagnetics + 
Heat transfer

Chip/PCB thermal management; battery overheating protection; RF antenna 
heating; induction heating processes

Electro–Chemical–
Thermal Coupling

Electrochemistry + 
Heat + Mass transport

Battery aging during charge/discharge; fuel cell optimization; electroplating 
and corrosion modeling
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Introduction
Motivation
•Accurate simulation is critical but:

◦Coupled simulations are computationally expensive
◦Available data is often decoupled (single-physics simulations)

How can we develop a framework that learns coupled physics from decoupled training data while ensuring 
high fidelity, efficiency, and reliability?

Core Challenges
•Training data is conditional (decoupled), while inference requires joint (coupled) distribution
•Strong coupling complexity, incoporating nonlinear & bidirectional interactions
•Efficiency (scalability) vs fidelity trade-off 
•Lack of theoretical guarantees

Limitations of Existing Methods
•Traditional numerical solvers: 

Require fully coupled simulations, with high computational cost and limited scalability
•Operator learning / neural PDE methods: 

Limited to capture high-frequency, high-dimensional, and stochastic behaviors 
•Generative models

Typically model single-field distributions; Cannot directly bridge decoupled training to coupled generation



GenCP：Generative multi-physics simulation paradigm
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GenCP：Generative multi-physics simulation paradigm
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Theoretical intuition & gurantee
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The transition from decoupled to coupled 
data can be understood, in a distributional 
sense, as learning conditional 
distributions to enable joint sampling.

We evolve multi-physics fields in the 
latent space of Flow Matching, and adopt 
an operator-splitting scheme to achieve 
controllable sampling error.



Algrithom: training and inference
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Rollout with operator splitting

Single field training
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Multi-physics problem statement
• Consider three 3D spatiotemporal prediction problems under different physical scenarios, 

including:
• Field coupling interactions + Interface coupling interactions
• Weak coupling interactions + Strong coupling interactions



Experimental results: fluid-structure interaction

10



Experimental results: nuclear-themal coupling
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Fuel Neutron Fluid



Paper: Tianrun Gao, Haoren Zheng, Wenhao Deng, Haodong Feng, Tao Zhang, Ruiqi Feng, 
Qianyi Chen, Tailin Wu. "GenCP: Towards Generative Modeling Paradigm of Coupled 
Physics.” ICLR 2026
Code: https://github.com/AI4Science-WestlakeU/GenCP 

Our group: AI for Scientific Simulation & Discovery Lab
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Thank you!

If you have any questions, please feel free to contact us at:
gaotianrun@westlake.edu.cn, (Phone/Wechat: 17600855529)
chenqianyi@westlake.edu.cn
wutailin@westlake.edu.cn
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Paper:
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Website:
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