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Offl ine Reinforcement Learning

2/16

l 从混合轨迹样本中学习

l 存在 reward signal

l 禁止环境交互

Online Reinforcement Learning

l 从环境交互中学习

l 需要设计 reward function

Imitation Learning

l 从专家示范中学习

l 无需 reward function

l 允许环境交互

Offline Reinforcement Learning

交互成本高

模拟器成本高

专家示范成本高

有时需要可交互环境

几乎无额外成本
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l 现有方法分类

l 直接上 Off-policy 方法不可行：Extrapolation error

l Offline Dataset 覆盖的 (s,a) 区域价值估计不好

l 测试时遇到的 (s,a) 分布有 Mismatch 问题

Offl ine Reinforcement Learning



Capacity perspective on SL 
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 RvS Learning
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l What elements are essential for effective RvS learning?
l Sample FNN with proper capacity and regularization is good enough

l What are the limits of RvS learning?
l Choosing conditioning variable can be hard
l No reliable metric for automatically hyperparameters tuning 

l Does it scale to settings with few near-optimal trajectories?
l yes



 RvS Learning
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 RvS Learning
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goal-conditioned (RvS-G)

reward-conditioned (RvS-R)



 Experiment
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l Exp Envs
l GCSL:  A suite of goal-conditioned environments. Random policy data

l Gym Locomotion:  Requires learning from mixed and suboptimal data, 
reward-maximization tasks. D4RL data

l Franka Kitchen: Requires composing multi-step behaviors from component 
skills. D4RL data

l AntMaze: Test an agent’s ability to learn temporal compositionality by 
combining subtrajectories of different demonstrations. D4RL data



 Overall performance
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 Capacity and regularization
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l The best-performing architectures are generally larger than the 
architectures used in standard online RL and IL

l Dropout improves performance in some tasks and worsens performance 
in other tasks, sometimes has no effect as well, which maybe depends on 
the relative complexity of architectures 



 Output distributions
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l The form of the policy’s output distribution also influences the policy’s capacity, 
increasing the policy’s model capacity can improve performance

l Upweighting better data as done by previous methods maybe reduced data 
complexity so that Gaussian policy can performs well



 Tuning with validation loss
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l Validation set error does correlate with performance, but the strength of this 
correlation varies significantly, can’t be a reliable approach for hyperparameter 
tuning



 Subtrajectory stitching
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l We propose studying if conditioning on goals can help provide compositionality in 
space just as the Bellman backup provides compositionality in time



Analysis of reward conditioning
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l RvS-G can successfully reach many different goals entirely from randomly 
collected offline data



Analysis of reward conditioning
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l The policy can’t interpolate between the two modes, it appears that RvS is 
mimicking a subset of the demonstrations

l This analysis highlights the importance of the conditioning variable. 



The End
thanks


