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Motivation

* Offline meta-RL enables adaptation to unseen Offline dataset collected by behavior poIicies\
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action regions, causing value overestimation K\ﬁﬁf
and unstable policy improvement.

 These challenges are amplified in sparse-reward and out-of-distribution (OOD)
settings, where task-identifying signals are weak and offline trajectories provide
incomplete evidence.

4 )
We propose MetaSTAR, a novel offline Meta-reinforcement learning framework

with a Stochastic Transformer-based world model for behAvior-invariant task
Representations

\_
Contributions

* From an information-theoretic perspective on task representation, we propose
MetaSTAR that leverages world models to encourage representations to capture
transition-related and reward-related task dynamics while suppressing behavior-
policy-specific information.

* We theoretically validate the effectiveness of world models in filtering the impact
of behavior-policy-induced distribution shift during the meta-training stage,
providing principled justification for behavior-invariant task representation learning.

* MetaSTAR alleviates the inherent pattern dilemma and achieves strong online
adaptation performance across a wide range of sparse-reward and OOD tasks.

Information-Theoretic Task Representation

An ideal task representation Z should maximize the mutual information I(Z; M) with
the task variable M. Since the true task identity M is unobservable, we infer the task
representation Z from the observed context X, decomposed into behavior-related
components X; = (s, a) and task-related components X; = (1, s’). This yields
1(Z;X) = I(Z; X 1X,) +  1(Z;Xp)
Primary Causality Lesser Causality

I(Z;Xe | Xp) < I(Z;M) < I(Z; X | Xp ) + 1(Z; X))

Therefore, robustness to context shift can be promoted by maximizing the primary
causality I( Z; X, | X;, ) while suppressing the lesser causality I1(Z; X3).
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Method
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(a) Overall Framework (b) World Model

Latent Dynamics for Task Representation

* Observation o, = s, 1:_1] (state and previous reward)
* VAE encoder maps observations to latent states e;; decoder reconstructs 0;.
* World model predicts future latent states é;,; and continuation ¢;. The objectives:

Lored(@) = —logpy(or | er) —logpy(ce | he ),
Lgyn(¢) = max (1» KL [Sg (Q¢(9t+1‘0t+1)) | P¢(ét+1‘ht)_);

Lrep(®) = max (1, KL |qg(ecr110¢41) 1l 58 (Pg Cesalhe) )]).
T

LWM (¢) = It 2 (Lpred(¢) + Ldyn(¢) + ﬁl‘eerep (¢)) .
t=1
* Learnable query token aggregates the latent history via self-attention to
produce a global context embedding h,; an head projects h, to the task
embedding z.
 FOCAL metric learning makes z discriminative and task-sufficient for the task
variable M. It is defined as:
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LrocaL(P) = E; ; [1a=p||2" — Zj”; + 1z Izt

Conservative Policy Learning with Contextual Imagination
* Contextual imagined rollouts ci(p = (§5,34,7,5") augment real transitions d to form
dr =d Udy.
* Conservative critic penalizes unsupported state-action values.

LCI‘itiC(w) = ﬁ( Ss,a~p [Qw (S, Z, Cl)] — L5 a~d [Qw (S, Z, Cl)])

1

T35 Esa~dy [(Qw (s,2,a) = B"Qu(s, 2, a))z] '

Theoretical Analysis of Behavior-Invariant Representation

World model dynamics as primary causality: optimizing the latent dynamics of the

world model Lgy,(¢p) = KL [sg (qu (et+1\ot+1)) I pg (éHl\ht)] can be viewed as
maximizing the primary causality I( Z; X; | X}, ).
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