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Offline Meta-RL (OMRL)?

20! = rot vaeny 40 P .:.Zi‘.?‘n"fgi‘l'il’
Offline RL Meta-RL 20 0 4 -
Safety v Safety X 3 @ E 30 . ;
Cost v Cost X ] ; W%q” 20 o !_'
Adaptation X Adaptation v -a0 S EREE N -4 ‘-
Generalization X Generalization v OB ks D0 T ke B T B e B

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.

UNICORN: A Unified Framework

Problem Setup

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

X = (s,a,8,7)
(s,a) behavior-related

Definition 1 Given an input context variable X € X and its associated task/MDP :
X := (s’,r) task-related

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

/\ Theorem 1 (Central Theorem). Let = denote equality up to a constant, then
M O z Markov Chain

I(Z; X, Xy) < HZ:M) < I(Z;X|X0)+1(Z: X)) = 1(Z; X)

—

primary causality primary + lesser causality
Pre-existing algorithms propose seemingly disconnected objectives for task representation holds up to a constant, where

learning in COMRL:
s 1. Lrocar = ~1(Z; X).

e FOCAL [ICLR 2021]

Lrocar = min E;;  1{i =j}lz" = 2|3 +1{i #j}Hzi

3 2. Loorro = —1(Z; X4| X3).
— 23 + é} 3. Losro = — (1= NI(Z; X) + \(Z; X4|Xy)).
* CORRO [ICML 2022]
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* CSRO [NeurIPS 2023] I(Z; M) provides a unified learning objective and is robust to context shift, by
trading off the primary and lesser causalities of COMRL.

Lcorro = m‘gn Ez > |—log (

Lcsro = m¢i>n {LrocaL + AE; [log q¢(zi|si, a;) — Ej [log g (284, @i)]]}

Results

The central theorem offers ample implementation choices for 1(Z; M). This
paper investigates 2 examples:

e Supervised UNICORN:
LUNICORN-SUP = —Eg zng, (z]a) [Z}l;"l UM = M)logpe(Mi\z>]
o Self-supervised UNICORN:

LUNICORN-5S = —Ea, 2y z~gy (zlae ap) 108D (4|2, T)] + 795 LrocaL

The proposed implementations achieves competitive in-distribution
performance and remarkable out-of-distribution generalization
across a wide range of RL domains, OOD settings, data qualities
and model architectures.

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.
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Table 3: UNICORN vs. baselines on Ant-Dir . .
datasets of various qualities. Each result is aver- 1able 4: DT implementation of COMRL on

aged by 6 random seeds. The best is bolded and HalfCheetah-Dir and Hopper-Param. Each

the second best is underlined. result is averaged by 6 random seeds.
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