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Background

e Offline Reinforcement Learning
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e Offline Meta-Reinforcement Learning(OMRL):
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Problem

e context shift:

e context from behavior policy during meta-traning
e context from exploraion policy during meta-testing
behavior policy # exploraion policy

Env Point-Robot Half-Cheetah-Vel
context A  context B context A context B
FOCAL -4.440.1 -149+41.1 -45.7+2.7 -69.54+9.6
OffPearl -5.1+0.1 -17.8+£1.5 -123.0+11.5 -162.8+28.8




Motivation

Offline Datasets of Meta-Training Contexts of Meta-Test Trajectories of Meta-Test

m— test 0

e test 1

oal rest 2 9021

e Eliminate information about behavioral policy

e Weakening the impact of exploration policy during testing



Method

e Max-min Mutual Information Representation Learning:

e maximize the M| with task (maxMIl)
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e minimize the MI with behavior policy (minMlI)
Iorug(z, (s, a)) = Eiflog p(2i|(si; a:)) — E;[log p(2;|(si, a;))]].
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Method

e Common exploration strategy
o~ () —> context —>Q¢(Z‘C)

e Non-prior Context Collection Strategy(Np)

explore independently and randomly at each step
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Experiments

e environments:

e reward function change:

e goal, velocity etc.

e dynamic function change:

e mass, inertia, etc.

e datasets:

e use SAC on each training task as behavior policy



Experiments

e Main result: CSRO achieves the best performance
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Experiments

e Ablation:

e without minMI and Np components
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Experiments

e Ablation:

e compare CSRO with other baselines without and with Np

Env Point-Robot Half-Cheetah-Vel Walker-Rand-Params
w/ Np w/o Np w/ Np w/o Np w/ Np w/o Np
CSRO -6.4+0.8 -90.2140.6 -48.4+3.9 -68.5+13.9 344.2+38.0 319.7+384
FOCAL -11.841.6 -149+1.1 -60.94+5.7 -69.5+9.6 25334427 247.54+294
OffPearl -17.0+1.6 -17.8+1.5 -133.74+18.9 -162.84+28.8 284.5+30.9 262.0+24.5
CORRO -7.8%+19 -10.54+3.0 -65.6+9.3 -92.14+23.2 312.54+46.6 275.2473.9
BOReL -21.64+39 -23245.8 -90.1+28.3 -56.1+10.7 260.6+40.2 24584329




Experiments

e visualize the task representations

CSRO FOCAL
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