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¡ Offline Goal-conditioned RL (GCRL)

• Goal-augmented MDP: (𝑆, 𝐴, 𝑮, 𝑃, 𝑟, 𝛾)

• State-to-goal mapping 𝝓: 𝑺→𝑮, 

• Reward function:

• Objective：learning goal-conditioned policies from offline dataset 𝐷 = {(𝑠! , 𝑎! , 𝑔, 𝑟!)} to 
maximize

Formulation
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¡ Distribution Shift

• Learning with offline dataset 𝒟 only guarantees predictions on the data distribution

• Overestimation on OOD actions 

Challenges

Fakoor R, et al. Continuous doubly constrained batch reinforcement learning.  NeurIPS, 2021.
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¡ Generalization

• GCRL needs to reach multiple goals rather than overfitting to a single one

¡ Multi-modality

• In the offline dataset, there are generally multiple valid trajectories from a state to a goal, which 
may hinder learning  a good policy

¡ Sparse Reward

• When the data is collected by random policy, there is little learning information for offline GCRL

Challenges



¡ Goal-conditioned Supervised Learning (GCSL)

• Relabeling data similar to Hindsight Experience Replay

• Imitation learning on relabeled data

Solving Offline GCRL via Supervised Learning

Ghosh D, et al. Learning to Reach Goals via Iterated Supervised Learning. ICLR 2021



¡ GCSL alleviates OOD actions and sparse rewards naturally

Ghosh D, et al. Learning to Reach Goals via Iterated Supervised Learning. ICLR 2021
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¡ Weighted Goal-conditioned Supervised Learning（WGCSL）

¡ 𝑤3,! includes 3 parts：
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¡ Weighted Goal-conditioned Supervised Learning（WGCSL）

¡ 𝑤3,! includes 3 parts：

① Discounted Relabeling Weight (DRW)：𝛾34!

② Goal-conditioned Exponential Advantage Weight (GEAW)：exp563+ 𝐴 𝑠! , 𝑎! , 𝜙 𝑠3

Exponential advantage weight is a commonly used technique in offline RL 

Algorithm
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¡ Weighted Goal-conditioned Supervised Learning（WGCSL）

¡ 𝑤3,! includes 3 parts：

① Discounted Relabeling Weight (DRW)：𝛾34!

② Goal-conditioned Exponential Advantage Weight (GEAW)：exp563+ 𝐴 𝑠! , 𝑎! , 𝜙 𝑠3

③ Best-Advantage Weight (BAW)：𝜖 𝐴 𝑠", 𝑎", 𝜙 𝑠. = ?1, 𝐴 𝑠", 𝑎", 𝜙 𝑠. > B𝐴
𝜖0.1, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

BAW selects the data to alleviate the multi-modality problem

In our implementation, 𝜖738 = 0.05

Curriculum learning: L𝐴 is set as 𝑁 percentile of advantage values, 𝑁 gradually increases from 0 to 80 

Algorithm
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¡ Weighted Goal-conditioned Supervised Learning（WGCSL）
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¡ Experimental Settings

• Ten sparse reward goal-conditioned tasks

• Offline datasets are collected by online-trained HER agents (namely ‘expert’) and random policy (‘random’)

• 2×102 transitions for 4 harder tasks and 1×103 for others

Experiments
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¡ Experiment Results

• WGCSL outperforms other baselines consistently  

• WGCSL can even learn reasonable policies from random datasets
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¡ Ablation Studies

• BAW, GEAW, DRW are all effective on top of GCSL

• Learned policy can be improved by combining all three weights. 

Experiments



¡ Value Estimation

• DDPG and HER exhibit large estimated values 

• WGCSL has a more robust value approximation

Experiments



¡ We propose WGCSL, a weighted supervised learning method for offline goal-conditioned RL

¡ We provide a benchmark and offline datasets

¡ WGCSL outperforms current approaches significantly in learning efficiency and performance 
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Summary

Please refer to our paper for more details and analysis of our method
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