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* Learning to Learn
— Leverage prior experience

* Previous methods:
— Black Box based: Pearl, RL"2
— Optimization based: MAML and its variants

* |nstant adaptation
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« Leverage prior experience to accelerate the
learning process of downstream tasks

Skill Library Skill Priors Efficient Downstream
Task Learning
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Prior-Guided Skill Transfer LA.,MP?:
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« Extract skill embedding and prior from offline data
— Learning continuous skill embedding and skill prior
* Prior guided learning of downstream tasks with a

hierarchical policy
— Skill prior regularized reinforcement learning

http://lamda.nju.edu.cn



LAVIDA

Formulation O S e -

http://lamda.nju.edu.cn

« MDP {S.A.T.R,p,7}
* Pre-recorded experience of trajectories
7 = {(s0,a0),...,(s7,,ar)}.
« Learn a policy that maximize expected return of T
horizon

L 4

J(9) = E. [ ZtT;of Ve
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Overall Structure

Skill Prior
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Learned Skill Embedding 2
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Learned Prior Fixed Prior
Pa(z]51) () ~N(0,I)
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Skill Posterior
q(z | ai)
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Learning Continuous Skill Embedding and Skill Prior LAMm
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« A skill is defined as a sequence of actions with fixed
horizon H {ag, .. ai g1}

« Optimization objection(ELBO)

logp(a;) = Eq| logp(as|z) —B(log q(z]a;) —logp(2))
recons\t?uction regula‘ri(zation

« Qutput: skill encoder ¢(z|a;) and decoder p(a;|z)
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Learning Continuous Skill Embedding and Skill Prior LAMm
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* To adjust to environment and task -> skill prior
"Pa(z]) Pa(2|s¢)

 Optimization objective: _
— max t(S,ai)NDDKL(q(z\ai),pa(z|st))
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Skill Prior Regularized Reinforcement Learning LAMm
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* A hierarchival policy learning scheme:

— Skill embedding space as action space o

~ Policy mo(2|st) > {ai,...,ai,py 1} ~ plailz)
« Equivalent to solving a MDP: {S, A, T, R, p,v}

— Replace the action space with skill space

— H-step rewards
— H-step transitions
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Guided Learninng: LAMDA

Incorporate with Maximum Entropy RL Learning And Mining from DatA
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* Nalve implementation

T
J(0) =E, [;W(st, ar) + aH (W(at|st))]

« Equivalent to the negated KL divergence between

the policy and a uniform action prior:
Ular): H(m(als)) = —Ex [logm(ae|s:)] oc =Dk (m(aels:), Uar))

* Replace the entropy term with negated KL
divergence from prior

J(0) =E, [Zf(st, zt) — aDkr (7(2¢]8t), Pa(2t]St))

t=1
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Overall Training Process LLAI.,m.ngm,v.n.,Imgm,n.,m
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Algorithm 1 SPiRL: Skill-Prior RL

1: Inputs: H-step reward function 7(s¢, 2¢), discount ~, target divergence ¢, learning rates
Ar, AQs Ao, target update rate 7.

2: Initialize replay buffer D, high-level policy 7o (z¢|s¢), critic Qg (s¢, 2¢ ), target network Q5 (s¢, 2¢)

3: for each iteration do

4 for every H environment steps do

5 zp ~ (2| S¢) > sample skill from policy

6: Ser ~ p(SerH|St, 2t) > execute skill in environment

7 D <+ DU {s¢,2t,7(S¢t, 2¢), S } > store transition in replay buffer

8.  for each gradient step do

9 Q = 7(s¢,2t) +7 [Q&(St’ , o (2¢r|5¢7)) —a Dy (7T9 (z¢r|8¢7)s Da(2er| S0 ))] > compute Q-target
10: 0 < 0 — A\xVo [Qo(st, mo(2¢|¢)) —aDxr(ma (2t |5¢), pa(2t]st))] > update policy weights
11: ¢+ ¢ — AoV |2 (Qo(st,2t) — Q)Q] > update critic weights
12: o a—AaVa|a- (Dxe(mo(2e|st), palzt|se)) — 0)] > update alpha
13: ¢ Th+(1—1) > update target network weights

14: return trained policy g (2¢|s¢)
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Experiment

Training
Data

Target Tasks

Block Stacking

LAVIDA

Learning And Mining from DatA
http://lamda.nju.edu.cn

Kitchen Environment
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Block Stacking

Kitchen Environment
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Thanks !




