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Background
• Reinfocement learning



Background
• Gaussian Policies for reinforcement learning

• Used in continuous reinforcement learning for action generation.

• advantages:
• Differentiable
• Adapting to reinforcement learning(std for exploration)

• Disadvantages:
• One peak
• Limited distribution



Background

• Diffusion Model
• Forward process:  add noise to action to generate a standard  Gaussian 

distribution

• reverse process: A neural network fθ is trained to denoise the action



Background
• Diffusion Model & Bayesian Estimation

• What we cant know:
• Distribution of a_t
• Distribution of a_t-1

• What we can know:
• Groundtruth of t timestep noise.
• Noise distribution(sample)

• Diffusion Model optimization objective
(VLO)

• Diffusion Model for RL



Background

• Process of Diffusion Model Training
• Purpose

• Train a neural network ϵθ(at,s,t) to predict noise, and to further 
denoise.

• Process
• Sample(s,a) & time step(T)(uniform)
• Generate noise ϵ~ N(0, I)
• Calculate at based on
• Predict ϵ’ using ϵθ(at,s,t) 

• Motivation
• Diffusion model commonly used for offline RL
• Diffusion cant use directly in Online RL(bad data)
• a diffusion-based algorithm for online RL



Contribution

The paper dedicated to find a solution to deploy diffusion into online RL. The 
contributions are:

• Q-weighted VLO Loss
构造一个基于q值加权的损失函数，确保diffusion生成的动作匹配最
优q函数的方向

• Diffusion Entropy Regularization
引入熵正则化项，鼓励探索

• Efficient Behavior Policy
提高样本利用率



Methodology
• Q-weighted Variational Objective for Diffusion Policy

作者发现，对 VLO 目标添加合适的权重（即 Q 加权），那么
在某些特定条件下，它可以成为强化学习策略优化目标的一个
紧下界（tight lower bound）



Methodology

Issues:
• Negative Q-value
• High-quality Training Sample

Solutions:

Q_cut weight:

• Equivalent Transformation for Q-weighted VLO Loss



Methodology

Q_adv weight:

• Enhancing Policy Exploration via Diffusion Entropy Regularization

Issues:
less diffusion steps, less calculation, less exploration(need a way to balance)

Solution:
entropy regularization



Methodology

Normal regularization doesn’t fit diffusion
• Inaccessibility of Log-Likelihood
• Implicit policy representation
• Entropy is not straightforward

“the entropy of a diffusion model 
can be increased with training 
samples from the uniform 
distribution”



Methodology

Normal regularization doesn’t fit diffusion
• Inaccessibility of Log-Likelihood
• Implicit policy representation
• Entropy is not straightforward

“the entropy of a diffusion model 
can be increased with training 
samples from the uniform 
distribution”

• Reducing Diffusion Policy Variance via 
Action Selection

1. 采样动作
2. 计算q值
3. 选q值高的K个动作



Methodology

• 用扩散模型生成多个候选动
作（同一个s）。

• 利用 Q 值筛选并加权。
• 加入均匀分布的动作，通过

熵正则化提升探索能力。
• 优化策略



Methodology
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