
Generative Models For RL



Background 

Generative policies better capture multimodal action distributions.





Motivation

How to improve diffusion policy online？

• Collect more expert demonstrations                             costly and time-consuming

• Online RL              computationally heavy, unstable, and may destroy the pretrained behavior prior

Training process of diffusion policy



Method

Optimize the pre-trained policy by noise manipulation.



Method

DSRL-SAC DSRL-NA

Critic distillation



Experiments

Online adaptation



Experiments

Offline adaptation

Offline-to-online adaptation Single-task adaptation in real-world

Multi-task adaptation in real-world



Experiments

VLA adaptation

Ablation study





Background 

Diffusion Model Flow Matching

Learning objective: reverse denoising process Learning objective: 
continuous flow from noise to data（velocity field）



Conditional flow matching

Background 

Flow Matching

velocity field

distribution at time �

Intermediate distribution

Velocity field

Continuity condition

Approximation

Rectified flow



Motivation

Problems in offline RL

• Limited expressiveness of Gaussian policies

Generative policies

Only imitate dataset actions but cannot further optimize task returns

Directly training with RL leads to unstable optimization and high cost

Difficult to seamlessly integrate into existing algorithms

How to train an expressive policy that can be integrated with existing RL algorithms?



Method

Use flow matching to model complex action distributions, and use Q-learning 
to guide a one-step policy toward higher returns.



Method

state    �noise

BC flow policy one-step policy

iteration MLP net



Experiments

Offline performance



Experiments

Hyperparameter sensitivity

Offline-to-online performance

Time distribution

Time cost



Thanks


