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Background

Why Offline Meta-RL (OMRL)?

Offline RL Meta-RL
Safety v Safety X
Sample Efficiency v Sample Efficiency X
Adaptation X Adaptation Vv
Generalization X Generalization v



Background

« Context-Based Offline Meta-RL (COMRL)

Context-based OMRL (COMRL) seeks an optimal universal policy conditioning on a
task representation z* for any task/MDP M*:

H—1
m(als, z") = arg max Z VY Es,mpt (s),ain | R (81, at)], VM

i t=0

- Task Representation Learning in COMRL

Definition 1 Given an input context variable X € X and its associated task/MDP

random variable M € M, task representation learning in COMRL aims to find
a sufficient statistics Z of X with respect to M .
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Background

Pre-existing Milestones

« FOCAL!
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. h(x, z)
LCORRO = Min ]Ea:,z [_ log ( % )]
a ¢ ZM*eM h(x*, z)

 CSRO?

Lcsro = mqill {Lrocar + AE; |log g (zi|s:,a;) — E; [log ge(2;]si,ai)]]}



Background

Challenges
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Context shift of COMRL. Since the offline training data are static, the agent could
encounter severe context shift in state-action distribution (left) or task distribution
(right) at test time.
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Decomposition of Input Data by Causality

— — — Weak Causality
Xy ——  Strong Causality
e N
e N X = (s,a,8,r)

.7 > X ;= (s,a) behavior-related

Y N

@ ;Kt\ @ X; := (s',r) task-related
N

I(Z; X) = I(Z; X¢| Xp) + 1(Z; Xbp)
~ ~~ -~ —

primary causality lesser causality




The Central Theorem — An Information Theoretic Perspective

Theorem 1 (Central Theorem). Let = denote equality up to a constant, then

1(Z:X|X,) < IZ:M) < [ZX|X)+1(ZX)=  [(ZX)
primary causality primary -+ lesser causality

holds up to a constant, where
1. Lrocar =—-1(Z;X).
2. Lcorro = —1(Z; X¢| Xy).
3. Losro > —(1=NI(Z; X))+ MN(Z; X | Xb)).

Take-away Message

[(Z; M) operates as a unified learning objective and is robust to context shift, by
trading off the primary and lesser causalities of COMRL.
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The Central Theorem offers ample implementation choices for I(Z; M). This paper investigates
2 examples:

« Supervised UNICORN

Lunicorn-sup = 1(Z; M)

nm
~ _Ew,zwq¢(z|a:) Z Il(Mz = M) logpg(Mz|z)
71=1

\ - 4
Ve

cross-entropy (predictive)

« Self-Supervised UNICORN

Lunicorn-ss = al(Z; X))+ (1 —a)I(Z; X | Xp)

«
~ oy a2 (2l ) (108 Po (24| 2, 2p)] + -——Lrocar

V A\ J

. . '
reconstruction (generative)

contrastive 1 1



= Background
Content = Method

= Experiments




Experiments

Baseline Comparisons with 1ID/OOD Context Shift
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Table 2: Average testing returns of UNICORN against baselines on datasets collected by IID
and OOD behavior policies. Each result is averaged by 6 random seeds. The best is bolded and the
second best is underlined.

HalfCheetah-Dir HalfCheetah- Vel Ant-Dir Hopper-Param Walker-Param Reach
1D 00D 1D OO0D D OO0D 1D 00D 1D O0D 1D 00D

UNICORN-SS 1307426  1296+24  -22x1 -94+5 267£14 236+18 3166 304+11 419+44 40746 27751241 2604183
UNICORN-SUP 1296420 113076  -25+3 -91+5 250+4  239+16 312+4  302+12 322428 312+39 2681+111 2641+140

Algorithm

CSRO 1180+228 4584253  -28+1 -102+5 27619 233+12 3106  301+10 310£58 279+65 27204235 28011182
CORRO 7044450 245+146  -3743 -11242 148413 120412 2838  272+13 277438 213448  2468+175 23224327
FOCAL 11864272 861+253  -22+1 -97+2 217429 173%24 30244  297£13 308+98 286491 24244256 2316+303
Supervised 9624356 7824429  -24+1 -104+1  238+39 202438 306+10 29448 25660 210+28 24894248 2283+205
MACAW 1155+10 450+6 -56+2 -188+1 263 0+0 218+6  205+2 1419 1305 2431+157  1728+79 1 3

Prompt-DT 1176+40 <2549 -118+66 -249+21 1+0 0+0 234+5 20245 1859  156+17  2165+85 1896111




Experiments

On Datasets of Varying Qualities

Table 3: UNICORN vs. baselines on Ant-Dir
datasets of various qualities. Each result is aver-
aged by 6 random seeds. The best is bolded and
the second best 1s underlined.

Unanimous SoTA Performance on Random, Medium and
Expert Data

Random Medium Expert
1D OOD 111D) OOD 1D 00)))

UNICORN-SS  81+18 626 220+23 243+x10 279+10 26213
UNICORN-SUP  75£15 60+5 140+11 126432 247+15 229+19

Algorithm

CSRO 243 0+1 16610 198+17 252439 202445
CORRO 1+1 0+0 8+5 -T+2 -4+10 -14+9
FOCAL 67£26 44+10 171484 187486 229442 246420

Supervised 65+6 47+12 149450 110+£80 249+33 21560
MACAW 3+1 0+0 28+2 1+1 88+43 1+1
Prompt-DT 1+0 0+0 2+4 0+1 78+15 1+2
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Experiments

Model-Agnostic (MLP — Decision Transformer?-3)

Table 4: DT implementation of COMRL on
HalfCheetah-Dir and Hopper-Param. Each
result 1s averaged by 6 random seeds.

. UNICORN is plug-and-play and transferrable
HalfCheetah-Dir Hopper-Param across varying architectures

1D OOD 11D OOD
UNICORN-SS 1307£26 129624 316+6 304+11

UNICORN-SS-DT  1233+10 1186443 304+4 29144
UNICORN-SUP-DT 1227421 1065+57 308+6 297+2
FOCAL-DT 1209+33 652436  293+4 28445
Prompt-DT 1177440  -2549 23445  203+5

Algorithm
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Experiments

More Challenging Task-OOD Tests
—— Meta-Model-Enabled Model-Based RL
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Meta-Model enables task-OOD (domain) generalization 16
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For more technical details, please refer to our paper:
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