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Abstract

In this work, we study out-of-distribution (OOD) generalization in meta-
reinforcement learning from an information-theoretic perspective. We begin by
establishing OOD generalization bounds for meta-supervised learning under two
distinct distribution shift scenarios: standard distribution mismatch and a broad-to-
narrow training setting. Building on this foundation, we formalize the generaliza-
tion problem in meta-reinforcement learning and establish fine-grained generaliza-
tion bounds that exploit the structure of Markov Decision Processes. Lastly, we
analyze the generalization performance of a gradient-based meta-reinforcement
learning algorithm.

1 Introduction

Meta-learning [Thrun and Pratt, 1998, Hospedales et al., 2021], or “learning to learn", is the study
of algorithms that leverage prior experience across tasks to rapidly adapt to new tasks. By formal-
izing the process of learning from prior tasks, meta-learning provides a principled framework for
developing models that are flexible, data-efficient, and robust to new environments. Since the goal
of meta-learning is to generalize to new or even unseen tasks, it is crucial to develop a theoretical
understanding of its generalization behavior. In reality, training tasks often suffer from selection bias
and distribution shift over time. This challenge, known as out-of-distribution (OOD) generalization,
raises fundamental questions about how prior experience should be leveraged when the testing
environment deviates from the training environment. In this work, we address these questions by
leveraging information-theoretic tools.

Building on our analysis of meta-supervised learning, we extend the study of OOD generalization to
meta-reinforcement learning (meta-RL) [Gupta et al., 2018, Nagabandi et al., 2018, Yu et al., 2020,
Beck et al., 2025]. Meta-RL adapts the meta-learning framework to sequential decision-making,
where tasks are modeled as Markov decision processes (MDPs) and the task-specific objective
is the cumulative reward. In real-world deployments (e.g., robotics, human interaction), agents
often face shifts in rewards, dynamics, or state distributions beyond those seen in meta-training.
Thus, understanding OOD generalization in meta-RL is crucial for ensuring reliable adaptation
and decision-making [Beck et al., 2025]. Prior works such as Rimon et al. [2022] and Tamar et al.
[2022] analyzed in-distribution generalization in meta-RL, while Simchowitz et al. [2021] provides a
PAC-Bayesian analysis for Bayesian meta-RL. In contrast, our work develops a general information-
theoretic analysis for OOD generalization in meta-RL and can be applied to subtask problems and
gradient-based meta-RL algorithms. A key advantage of our framework lies in its ability to decouple
the sources of OOD shift. Prior PAC-Bayesian analyses Simchowitz et al. [2021] bound generalization
error using the total variation distance between global priors, which treats the whole environment as
a black box. Our approach leverages the underlying structure of the MDPs, explicitly capturing the
divergence between transition kernels, initial state distributions, and rewards.
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Following the seminal work of Russo and Zou [2016] and Xu and Raginsky [2017], an information-
theoretic framework has been developed to bound the generalization error of learning algorithms
using the mutual information between the input dataset and the output hypothesis. This methodology
formalizes the intuition that overfitted learning algorithms are less likely to generalize effectively.
Unlike classical complexity-based approaches such as VC dimension or Rademacher complexity,
the information-theoretic framework captures all aspects of the learning process, including the data
distribution, hypothesis space, and learning algorithm. We therefore employ this framework to
study generalization in meta-(reinforcement) learning under shifts between training and testing task
distributions. In particular, we make the following contributions.

* In Section 3.1, we study the distribution mismatch setting, where the test environment differs
from the training environment. In this case, we derive an upper bound O (D + %) on the
OOD generalization error, where D quantifies the environment mismatch, MI denotes the
mutual information, n is the number of training tasks, and m is the number of samples per
task.

* In Section 3.2, we consider the subtask setting, in which the meta-algorithm is trained on a
broader environment. Here, the test environment is assumed to consist of tasks that form a
strict subset of the training environment. The resulting generalization bound indicates that
merely increasing the number of training tasks that are weakly related to the targeting tasks
provides limited benefit.

* In Section 4, we extend our analysis to meta-RL, where both the hypothesis space and the
objective differ from meta-supervised learning. We first extend the generalization bounds in
Section 3.1 with a finer-grained analysis. The divergence term captures the distributional
shifts across the initial state, transition dynamics, and reward function. To address the
potential unboundedness issue of this divergence, we extend the analysis from Section 3.2 to
the meta-RL setting. Finally, we derive a generalization bound for a two-level gradient-based
meta-RL algorithm.

2 Problem Formulation

This section introduces preliminaries and problem formulation for meta-learning and meta-RL.

2.1 Preliminaries

Random variables are denoted by capital letters (e.g., X and Y'), and their realizations are denoted by
lowercase letters (e.g., « and y). For random variables X and Y, Px y denotes their joint distribution,
Px denotes the marginal distribution, and PX‘Y denotes the conditional distribution. A random

variable X is said to be o-sub-Gaussian if E[e*X~EIXD] < e\**/2 for all A € R. For probability
measures 4 and v, we use D(u||v) to denote the Kullback-Leibler (KL) divergence of u with respect
to v. The mutual information between X and Y is defined as: I(X;Y) := D(Px y||Px ® Py).
The conditional mutual information is defined as: 1(X;Y'|Z) := Ez[D(Px y|z||Px|z ® Py|z)]-
We denote by cov(X) and H(X) the covariance matrix and entropy of a random variable X . For a
matrix M, det(M) denotes its determinant. We use big-O notation to characterize the asymptotic
upper bound of a function’s growth rate.

In supervised learning, given a training dataset Z = {Z;}"_; ~ u®", a learning algorithm A outputs
a hypothesis W = A(Z) from the hypothesis space W. Let £ : W x Z — R denote the loss function.
We define the empirical risk of W as L(W) := L3> | /(W, Z;), and define the in-distribution
population risk as L, (W) := Ez.,[¢(W, Z)]. The expected in-distribution generalization error is
defined as Ez ., [L,, (W) — L(W)]. Note that W is a function of Z. When the training distribution 1
differs from the testing distribution v, we have the OOD population risk L, (W) := Ez/, [¢(W, Z")].
The expected OOD generalization is then defined as Ez.,[L, (W) — L(W)]. In the following
sections, we formally define OOD generalization for meta-learning and meta-RL, which is more
intricate than in supervised learning.



2.2 Meta-Learning

In this work, we consider learning tasks sampled i.i.d. from the training environment 7. For a given
task 7; ~ T, let Z; = {S; ;}7, ~ 7;®™ denote its in-task training dataset. We assume each task
is associated with a dataset of the same size m. Suppose there are n training tasks. We denote the
meta-training dataset by Z;.,, = {Z;}}_, and the task-specific parameters by W = {W,}_,. The
goal of meta-learning is to learn a meta-parameter 6 that captures knowledge shared across tasks.
Given 6 and a new task, the meta-learner can adapt more efficiently and produce a task-specific
hypothesis. During training, the meta-learner aims to minimize the empirical meta-risk

1 1 1 «
Lz, (0) = n Z]EWiNPWi\Zi,G [L(WZF ZZ)] = n ZEWiNPW”Zi,Q m ZK(W“ Si’j)
i=1 i=1 i=1

where L(W) denotes the task-specific empirical risk associated with parameter W, and Py |z ¢
represents the distribution over task-specific parameters induced by the base-learner. The population
meta-risk with respect to 7 is defined as

LT(Q) = ETNT}EZNT®m]EWpr|Z)9 [LT(W)} = ETNTEZNT®T”EWNPW‘Z’9 [ESNTK(W S)] .

The quality of the learned meta-parameter 6 can be evaluated via the (in-distribution) meta general-
ization error

geny :=Eg z,,,[Lz,.,(0) — L7(0)].
However, in practice, the testing environment typically differs from the training environment, and the

essence of meta-learning is to enable fast adaptation to new tasks. Thus, we focus on the OOD meta
generalization error. Let / denote the targeting task environment and let u ~ U represent a test task,

gCNyog = Ee’zlzn [LZI:n (9) - LU(Q)]
where
Lu(e) = IEHNMEZNll@wLEWNpW‘Zﬂ [ESNME(W, S)] .

2.3 Meta-Reinforcement Learning

In supervised learning, the goal is to find a hypothesis that minimizes the empirical risk, whereas
in standard RL, the goal is to find a policy that maximizes the cumulative reward. In meta-RL, the
learner seeks to learn a meta-algorithm fy, parameterized by a meta-parameter 6, which serves as
an adaptation rule. Given a new task, fp produces a task-specific policy 74 parameterized by ¢ that
aims to maximize the cumulative reward for that task.

The tasks in meta-RL are modeled as MDPs. An MDP is defined by M(S, A, P, p,r,~v, H). We
use A(X) to denote the set of the probability distribution over the set X. M(S, A, P, p,r,v, H) is
specified by a finite state space S, a finite action space .4, transition function P : S x A — A(S),
initial state distribution p, reward function r : S x A — R, discount factor vy € [0, 1], and the horizon

H. In this work, we consider a finite horizon for simplicity. We assume the reward is bounded, i.e.
r(s,a) € [0,1]', V(s, a).

Assume there are n MDPs {M;}"_; sampled i.i.d. from the training environment 7. Let ¢ =
{#:}1_, denote the task-specific parameters. A key distinction between meta-RL and meta-supervised
learning is that, in RL, we do not collect hypothesis-independent datasets. Instead, the data for each
task consists of trajectories whose distribution depends on the task-specific parameters. Specifically,
given ¢ and an MDP M, a trajectory w = {s,, an, rn, Sh+1} i, is distributed according to
H
Pyias = p(s0) [ [ wolanlsn)P(snialsn, an) M
h=0

where 7, is the task-specific policy, and p and P are the initial state distribution and transition kernel
of M. The meta-learner aims to maximize the empirical meta-RL objective

n n H
1 1 ;
Im,., (0) == n ZE%NPwMi,e [J(ﬂ-%v M;)] = n Z ]E¢iNPd>|M,Lv,9 EWNPW\Mi,d)i Z’erj
i=1 i=1 j=0

@)

!For rewards in [Rmin, Rmax] simply rescale these bounds.



where J(my,) denotes the expected discounted return of policy 4. Let U denote the targeting
(testing) task environment. The population meta-RL objective is defined as

H
Ju(0) = EptetiBompy o [T (76)] 3= EptatiBgmry s |Bompones | D775
=0

Finally, the OOD meta-RL generalization error is given by
gengog = Eo . [Ty, (0) = Ju(0)]-

3 Out-of-Distribution Generalization in Meta-Learning

In this section, we investigate OOD generalization in meta-learning under two settings. The first is
the mismatch setting, where the training environment 7~ differs from the testing environment /. The
second is the subtask setting, where the tasks comprising ¢/ form a strict subset of those in 7. This
latter case corresponds to a common meta-learning strategy which trains across a wide range of tasks
to distill shared knowledge. For the first setting, we use mutual information to derive bounds on the
OOD generalization error, while for the second setting, we apply conditional mutual information.

3.1 OOD Generalization in Meta-Learning via Mutual Information
We now present the main result. Let Pz, = denote the distribution of the meta-dataset under the
training environment 7, and () z,,,, the corresponding distribution under the testing environment /.

Theorem 1. Suppose the loss function { is o-sub-Gaussian for any meta parameter 0, hypothesis W,
and dataset Z;. The OOD meta generalization error is upper-bounded by

202(1(9a Win; Z1in) + D(Pg,., HQZLH))
nm '

Bo oL (6) — Lu0)] < |

When the training and testing environments are identical, we have D(Pz,  ||Qz,., ) = 0, and the
bound reduces to the standard in-distribution generalization bound. When the sampled tasks are i.i.d.,

we have D(le;’;ylllelm) = D(PerIQZ). Moreover, when the in-task samples are i.i.d., it follows that
D(PZTHQZ) = D(7||u). Thus, strong generalization guarantees hold only if the distribution mismatch

term is sufficiently small. By the chain rule of mutual-information, the bound can be further written
as

2021(0; Z1n) \/ 20230 I(Wy; Zi]6)

Eo.21, L2, (0) = Lu(0)] = 202D<T||u>+\/ —— nm

The first term accounts for the distribution mismatch, the second term reflects the environmental
uncertainty, and the third term reflects the task-level uncertainty.

Instead of mutual information, one may also upper bound the generalization error using the Wasser-
stein or total variation distance when the loss function is bounded or Lipschitz continuous [Lopez
and Jog, 2018, Wang and Mao, 2022, Liu et al., 2025]. We leave this extension for future work.

3.2 Subtask Generalization in Meta-Learning via Conditional Mutual Information

We now consider another setting in which the model is trained on a broad set of tasks but tested on a
specific subset of them. This “broad-to-narrow" scenario results in a distribution shift arising from
transitioning from a broad environment to a narrower one. We denote 7T as the testing environment
consisting of fewer tasks than 7. In this case, one could in principle apply the previous results by
viewing U/ as 7. However, in this case, the term D(7|u) introduces a persistent bias, regardless of
the sample size. To address this issue, we derive a new upper bound based on conditional mutual
information [Steinke and Zakynthinou, 2020, Laakom et al., 2024].

The conditional mutual information approach was introduced by Steinke and Zakynthinou [2020],
which normalizes the information content of each data point. Let Z = {Z?E};‘=1 consist of 2n samples
drawn independently from Pz. Let U = {U;}I; € {—1,1}" be uniformly random and independent



from Z. Denote Zl-U ¢ as the training sample selected from Zii, and denote Z Ui as the testing sample.

Similarly, let W = {I/Vii}?:1 denote the collection of task-specific hypotheses obtained by training

on Z given the meta-parameter 6. Next, we define the subtask meta generalization error [Laakom
et al., 2024] as

geng,, = ]E+~?’E97Z1:¢L

1 - U; ~ U, U,;
E;Em {1{@. = FYE g0 g g LW, Z)
1=

_ ]l{Ti_Uf? - f}]EWfUi fUiL(Wi_Ui’Z’i_Ui)H ©

10,2,
Ui Uiy _ 1 m U qU;

where L(W;™, Z;7%) = .- 320 (W77, S 5).

The subtask generalization error geng, measures the expected difference in empirical training

performance when adapting the meta-parameter to either of the paired datasets (Zi+ or Z; ), restricted

to the target subtask environment. It quantifies how sensitive the empirical performance is to the

specific data sample drawn for a task within the target subtask distribution. This definition is similar
to those in the super-sample setting [Zhou et al., 2022], but is adapted for meta-learning.

Theorem 2. Suppose the loss function { is o-sub-Gaussian. The subtask meta generalization error
defined in eq. (3) is upper-bounded by

1 & [2021(f; Uil Zynm)
geng, <E. +Ez,., [n > \/ e

where

fi=Hr = %}Ewﬂe,sz(Wi_in_) - ]1{7'; = %}ijw,sz(erZ;L)

The conditional mutual information I(f;; U;| Z1.,) quantifies how much information the choice of
dataset (ZiJr vs. Z; ) provides about the resulting difference in expected empirical performance f; on
the target task. A lower conditional mutual information suggests a more stable adaptation process
relevant to the target task.

This bound reflects the intuition behind meta-learning that more data per task helps. When m is
sufficiently large, the contribution of meta-information becomes less significant. Besides, if the
number of training tasks n increases without a corresponding rise in tasks that are closely related to
the targeting distribution, the generalization bound may become even worse, as n grows while n;

remains fixed. In such cases, although the averaged mutual information £ >°" | \/I(f;;U;|Z1.,,)

n
may decrease, the term n% Z?:l v/ I(fi; Uil Z1.,) can increase if the trade-off between enlarging the
training set and improving the meta-parameter is not properly balanced. In contrast, when additional
training tasks are collected and the number of samples per class of task increases proportionally,
the model can better distill shared structure across tasks, allowing the meta-information to help
generalization.

4 Out-of-Distribution Generalization in Meta-Reinforcement Learning

Meta-RL provides a framework for learning transferable priors across RL tasks. Building on our OOD
generalization analysis in meta-supervised learning, we now extend these results to meta-RL. The
meta-RL setting introduces two key distinctions: the objective shifts from empirical loss minimization
to maximizing expected cumulative reward, and the data is no longer a fixed, hypothesis-independent
dataset. Instead, it consists of trajectories generated through the agent’s own interactions with the
MDPs, making the data distribution inherently dependent on the learning parameters. We begin in
Section 4.1 by deriving general OOD bounds for meta-RL under both the distribution mismatch
and subtask settings. We then apply this framework in Section 4.2 to analyze the generalization
performance of a specific gradient-based meta-RL algorithm. Finally, in Section 4.3, we demonstrate
how these generalization error bounds can be directly related to the suboptimality gap in the target
task environment, considering both standard and offline meta-RL settings.



4.1 Generalization Bounds for Meta-Reinforcement Learning

We first present the following result, which can be viewed as an application of Theorem 1 to the
meta-RL setting.

Theorem 3. The OOD meta-RL generalization error is upper-bounded by

2[(9, D1:n; Ml:n) + 2D(PM1:n ||QM1:n)
n(l—7)? '

E07M1:n[']M1:n (9) - JM(Q)] < \/

As before, this bound can be further decomposed as follows

2D (Pl Qm) 21(6; M) 23 i I(¢s Mil0)
Eo mio [Ty (0) = Ju(0)] < \/ (1) \/ n(i—7)? \/ (-2
“

The first term measures the distribution mismatch between the training and target environments,
which vanishes when there is no distribution shift. This term can be further decomposed into three
parts, which measure the divergence between the initial state distribution, transition kernel, and
reward.

Lemma 4. The KL divergence between two environments decomposes into the respective KL diver-
gences of their initial state distributions, transition kernels, and reward functions:
D(PmllQrm) < D(pllp) + (H + 1)( rgleang(D(PCIS»a)IIP’(-IS»a)) + D(r(s, a)llr'(s, a)))-

)

The decomposition established in this lemma highlights a fundamental advantage of our approach
over existing PAC-Bayesian bounds Simchowitz et al. [2021], which relies on the total variation
distance to measure the discrepancy between latent priors. Because total variation lacks a natural
chain rule, those derived bounds inherently couple all sources of environmental variation together. In
contrast, our KL-divergence based formulation exploits the underlying structure of the MDPs. This
structural awareness allows our bounds to pinpoint exactly which component of the distribution shift
is driving the generalization error. Thus, it avoids unnecessary pessimism when only a subset of the
MDP components shifts.

The second term in eq. (4) captures the environmental uncertainty, reflecting how strongly the learned
meta-parameters depend on the particular set of training environments. This term decreases as the
number of training tasks increases, indicating improved robustness with more training tasks.

The third term in eq. (4) quantifies the information each adapted task-level policy ¢; retains about
its corresponding MDP M given the shared meta-parameter. A small mutual information implies
that the policy primarily focuses on maximizing rewards rather than memorizing task-specific details.
Unfortunately, as in meta-learning, this term remains nonzero even with infinitely many training
tasks, since each task inherently involves adaptation uncertainty conditioned on #. This residual
bias explains why meta-RL cannot be perfectly unbiased, even when there is no distribution shifts.
Finally, the discount factor v amplifies all these effects, as tasks with longer effective horizons are
more sensitive to distributional and uncertainty-related deviations.

Note that the divergence terms in Lemma 4 can be potentially unbounded. To avoid such issue, we
now consider the subtask problem in meta-RL. We define the subtask meta-RL generalization error as

gensub = EMNTE97M1:n,

i

1 & . :
R ZEUi []1{./\/1?1 = M}]E¢U‘\9,Mf]‘ J(7T¢7UL,MZUL)
1=1

_ ]]_{M;Ui — M}Ed);Ui‘H,M;UiJ(TFd);Ui7M;Ui)i|:| (®)]

where J(ﬂ'qgi , MUy = EWNPW‘M%W% {Zj:() ’YJTJ}‘
Theorem 5. The subtask meta-RL generalization error defined in eq. (5) is upper-bounded by

<E +Ean | —
geng, = M~T HMiin [nM ; (1 _7)2



where

fii= My = M}Eqb;\a,/vt; J(%;»Mz‘_) — M = M}Ew\e,MjJ(%jan)

This bound for the subtask meta-RL setting provides an interpretation analogous to that of Theorem 2.
A low conditional mutual information implies that the learned meta-parameter provides a strong prior,
making the adapted policy’s performance less sensitive to the specific trajectories experienced during
adaptation. Besides, simply increasing the total number of training tasks without a proportional
increase in tasks relevant to the target environment may fail to improve generalization. Lastly, unlike
Theorem 2, this result focuses on task-level samples and does not involve the within-task sample size
m.

4.2 Generalization Bounds for Gradient-Based Meta-RL Algorithm

Many existing meta-RL methods, particularly black-box and task-inference approaches, struggle
to generalize effectively outside their training distribution. While parameterized policy gradient
methods like MAML have theoretical potential to adapt eventually as they retain the structure of a
standard RL algorithm, a theoretical understanding of their performance is limited.

In this subsection, we analyze a variant of the meta-gradient RL algorithm, where both the policy
gradient and meta-gradient updates are perturbed with isotropic Gaussian noise. Meta-gradient RL
[Xu et al., 2018, 2020] optimizes task-specific and meta parameters through a two-level optimization
process: an inner loop that updates task-specific parameters using the current meta parameter and
collected trajectories, and an outer loop that updates the meta parameter after inner-loop updates. In
this variant, both updates are performed using noisy gradients, where isotropic Gaussian perturbations
are added to each step. This approach can be viewed as an application of stochastic gradient Langevin
dynamics (SGLD) [Welling and Teh, 2011] to the meta-RL setting. The injected noise helps the
algorithm escape local minima and converge to global optima under sufficiently regular non-convex
objectives. Additionally, the stochastic perturbations naturally encourage exploration in reinforcement
learning [Ishfaq et al., 2025].

Suppose 6 € R, and the inner loop performs 7" updates. Given a specific task M, under MAML
[Finn et al., 2017], the inner-loop is a policy gradient algorithm whose initial parameter ¢! is the
meta-parameters 6. At iteration ¢, the algorithm collects data

H
wit = {8h, n, Th, Sha1th—o ~ pi(s0) H Tyt (anlsn)Pi(snt1sn, an)
h=0

where p; and P; are associated with M,. We assume each step uses one trajectory of horizon H. For
a trajectory w; ;, the inner gradient estimator can be computed by

H-1 H-1
VJ(W@,./\/Q) = Z ’YhTh Z Vlogﬂd); (ak|sk).
h=0 k=0

We then update the task parameter by
G = 6L+ B,V T (g, Mi) + G

where £3; is the learning rate and ¢; ~ N(0, k71,) is an isotropic Gaussian noise. Suppose the outer
loop performs M updates. At iteration m, we sample a batch 5, C Mj., of size b. The meta
parameter is then updated as

1
9m+1 —gm +amg Z VJM1(9m> +£m
MiE€Bm

where oy, is the learning rate and &, ~ N(0,%2,1,). Explicit formulations of the meta-gradient
estimators can be found in Al-Shedivat et al. [2017], Stadie et al. [2018]. In the previous sections,
we identified task-level and environmental uncertainties in the upper bound. Beyond improving
exploration and optimization, the injected noise also help mitigating these two sources of uncertainty.



Theorem 6. The OOD meta-RL generalization error for the noisy iterative meta-gradient RL
algorithm is upper-bounded by

2D (P, Qi) + €1+ &
n(l—7)?

Eg My [IMy., (0) — Ju(0)] < \/

M—1 o -
o= 5 o 0 (25 1))

m

i /8% 1)—t ]
& = ZEQ,,L@T(WLH) t [log (det (UHHET(M_,_D ++ ]-nd)) s

where

m=0 t=1 KT(m—&-l) t

7T¢1 1

S —cov< Z VJm ), and X = cov

M;€Bm,

VJ (g, My,) |

We have established an OOD generalization bound for a noisy iterative meta-gradient RL algorithm.
The term &; reflects environmental uncertainty and depends on the meta-learning rate, the injected
noise variance, and the covariance of the meta-gradients. The term &, reflects task-level uncertainty
and depends on the inner-loop learning rate, the noise variance, and the covariance of the inner-loop
gradients. The SGLD algorithm analyzed in Chen et al. [2021], Liu et al. [2025] assumes bounded
gradients. However, policy gradients are often unbounded in practice. Thus, we incorporate the
gradient variances X,,, and X, into the upper bound [Wen et al., 2025], which captures the sharpness
of the optimization landscape [Jiang et al., 2019].

4.3 From Generalization to Suboptimality

We now demonstrate how the meta-RL generalization error can be related to the suboptimality
gap in the target task environment. Let genood(e) denote the OOD meta-RL generalization error

associated with the meta-parameter 6. Let 0 = A(M3.,) be the meta-parameter output by a meta-
learner that maximizes the empirical meta-RL objective. Define 6* € arg maxy Jy,(6) as the optimal
meta-parameter with respect to the population objective. Then, by Theorem 3, we have

E[Ju(8%) = Ju(0)] < E[Ju(07) = Intron (607) + Tats (07) = Tnt (0) + Tt (6) = Jua(6)]

< g€N50q (0) 8€MN50q (0* ) . (6)
Next, we turn to the discussion of the offline RL setting. Note that the analyzed generalization
error thus far is task-level. The same framework can be extended to the offline RL setting, where
the generalization error additionally accounts for within-task samples. In particular, for the offline
meta-RL setting under episodic MDPs with horizon H, the expected discounted return in eq. (2) can
be replaced by an unbiased estimator of the Bellman error. For a given task M, let ¢; = (¢, ]) =1
denote the estimated optimal (J-value functions, and let 7,4, denote the policy induced by ¢;. The
Bellman error is then defined as

E(di) = HZH@ =T bt

where 7,* is the Bellman operator that propagates value functions forward by one step under the
greedy policy. Let Z; = {S; ; };"Zl denote the in-task training dataset for task M;. An unbiased
estimator of the mean squared empirical Bellman error can be constructed using the double-sampling
trick (i.e., sampling two next states s’ and s” for each transition) [Duan et al., 2021]

1 1
L(¢ia ZZ) = ﬁ Z |:(¢i,h($7 CL) -r—= V¢i,h+1 (S/))Q - §(V¢i,h+1 (Sl) - V¢i,h+1 (8//))2

(s,a,r,s’,s"" \h)EZ;

Under this setting, the meta-learner aims to maximize the empirical meta-RL objective

1 n
JZl:n (9) = E ZE¢1~P¢‘Z%9[L(¢’U ZZ)]?
i=1



while the corresponding population meta-risk is defined as
Ju (9) = EMNUEZNM]E¢NP¢\Z.,9 [5(¢)]

Consequently, the OOD generalization error is given by gen,.y = Eg z,.. [Jz,.,. (6) — Ji(6)]. Since
L(¢i, Z;) € [-2H?,4H?), it follows under our proof framework that

64H2(I(97 D1:n; Zl:n) + D(le:n ”QZlm,))
nm '

o020, 6) ~ )] <

Let V(1) and V{(s1) denote, respectively, the optimal value function and the value function
induced by policy 7 at the initial state s; and step 1 in MDP M. By relating the Bellman error to
value suboptimality [Duan et al., 2021], we obtain

EMNU]EZNME(z’NPMZ,e [Vj\k/l (51) - V/(r/[d) (51)} <2H V C- gen,q + 2H\/C : E97Z1:n [lezn (0)]
@)
where C' is the concentrability coefficient, which quantifies the adequacy of dataset coverage for

off-policy evaluation. Thus, from eq. (6) and eq. (7), we establish the connection between the meta-RL
generalization error and the suboptimality gap in both standard and offline settings.

5 Conclusion

In this paper, we provided an information-theoretic analysis for OOD generalization in both meta-
supervised learning and meta-RL. We investigated two distinct scenarios: the classical distribution
mismatch setting and a “broad-to-narrow" subtask setting. Our generalization bound for meta-RL
explicitly decouples the distribution shift, measuring the divergence across the initial state distribution,
transition kernel, and reward function. Besides, we derived a generalization bound for a gradient-
based meta-RL algorithm and discussed the connection between the generalization error and the
suboptimality gap in both standard and offline meta-RL.
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