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Overview
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Hierarchical Reinforcement Learning
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Skill Prior learning with VAE
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Skill Prior learning with VAE
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Learning from Offline Data
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Skill Prior Regularized RL
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Skill Prior Regularized RL
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Algorithm 1 SPiRL: Skill-Prior RL

1: Inputs: H-step reward function 7(s¢, 2;), discount -y, target divergence J, learning rates
Ars AQ, Aa» target update rate 7.

2: Initialize replay buffer D, high-level policy g (2¢|s¢), critic Q4 (st, 2¢), target network @ 5(s¢, 2¢)

3. for each iteration do

4:  for every H environment steps do

S: 2y ~ T(2¢|S¢) > sample skill from policy

6: S¢r ~ P(St+H|St, 2t) > execute skill in environment

7: D < DU{st,2z,7(S¢t,2t), S¢r } > store transition in replay buffer

8:  for each gradient step do

9: Q = 7(s¢t,2t) +7 [Qq;(st/, o (24 |s¢))—aDgyr (7r9 (z¢|S¢), Pa(2er | St ))] > compute Q-target
10: 00— M\.Vp [Q¢(st, 7o (2t|st))—aDkr(me(2t|st), Pa (2t \st))] > update policy weights
11: O o —AgVy % (Q¢(st, 2t) — Q)2] > update critic weights
12: o a— AV |a- (Dx(mo(2e|st), pa(2e|se)) — 0)] > update alpha
13: ¢ 1+ (1—1)0 > update target network weights

14: return trained policy 7g(2¢|s¢)




Experiments
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Experiments

Maze Navigation
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Experiments
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Contrbutions

(1) we design a model for jointly learning an embedding space of skills and a prior over skills from unstructured data
(2) we extend maximum-entropy RL to incorporate learned skill priors for downstream task learning

(3) we show that learned skill priors accelerate learning of new tasks across three simulated navigation and robot mar



