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Off-policy Reinforcement Learning



Actor-Critic RL
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The variational lower bound
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(offline data) Learn the distribution
(Low-level policy)

Online policy training
(High-level policy)

Offline RL with Generative Models



Policy in the Latent Action Space (PLAS)

Explicit Policy Constrint Implicit Policy Constrint using Generative Models
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Latent-Variable Advantage-Weighted Policy Optimization



RL with Generative Models
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Ghadirzadeh et al., 
Data-efficient visuomotor policy training 
using reinforcement learning and generative models.

Variatioanl policy
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𝑧Initial state

How to find 𝚯?
• Sub-policy params: 𝜃
• Generative model params: 𝜗

RL with Generative Models



KL divergence (non-negative)2Lower bound1

Maximize reward log-likelihood iteratively in two steps:
1. Maximize the lower-bound by minimizing the KL divergence term (update 𝑞(𝛼|𝑧))
2. Maximize the lower bound directly (update 𝜃)
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• Expectation step
• Minimize the KL-divergence term by optimizing the variational policy 𝑞(𝛼|𝑧)

KL divergence (non-negative)2Lower bound1

Trust region Reward seeking
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• Maximization step
• Maximize the lower bound directly by updating the policy parameters 𝜃

KL divergence (non-negative)2Lower bound1

Supervised Learning
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• Expectation step

KL divergence (non-negative)2Lower bound1

• Maximization step

Trust region Reward seeking

Supervised Learning
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