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We study the sample complexity of learning in average-reward weakly-coupled Markov decision
processes (WCMDPs) and Restless Bandits (RBs) under a generative model. Naive reduction to a
tabular MDP leads to high complexity bounds as the state-action space is exponentially large in the
number of arms N . By exploiting the weakly coupled structure, we show that near-optimal policies
can be learned with sample and computational complexities that are polynomial in N . Specifically,
we analyze the plug-in approach, which applies an efficient planning algorithm to an empirical
model estimated from data. For fully heterogeneous WCMDPs, we establish the first finite-sample
PAC guarantee with polynomial complexity and an O(1/

√
N) optimality gap. For homogeneous

RBs, we further prove that a smaller optimality gap is achievable under mild structural assumptions.
Our main results can be summarized as follows.

Theorem 1 (Informal) Consider an N -armed WCMDP or RB satisfying specific assumptions. Let
π̂ be the learned policy obtained by applying a reference planning algorithm to the empirical model
and n be the number of samples per state-action pair. Then, for any initial state s0,

ρ⋆(s0)− ρπ̂(s0) ≤ Õ
(
N/

√
n
)
+ ε(N).

Here ε(N) = O(1/
√
N) when the ID policy is used as the reference policy for WCMDP, and

ε(N) = O(exp(−cN)) when the two-set policy is used as the reference policy for RB.

A main technical contribution of our work is a novel framework based on Lyapunov drift trans-
fer. Classical approaches use simulation lemmas that rely on difficult-to-control bias function. We
replace the bias function with an explicitly constructed Lyapunov function. Specifically, we first
perform a Lyapunov drift analysis of the planning algorithm in the true system, and then employ
a drift-transfer technique to analyze the empirical system by bounding the norm of the Lyapunov
function. This framework applies to any planning algorithm admitting a drift analysis, providing a
powerful tool for average-reward weakly-coupled systems.

Another technical contribution is a perturbation analysis for the LP relaxation used in RBs. The
two-set policy depends on several structural properties of this LP, such as the support pattern, the
neutral state, local stability, and the ergodicity of the induced single-armed Markov chain. We show
that these properties are preserved when the empirical transition kernel is close to the true kernel.
We also bound the distance between true and perturbed LP solutions. This result may be useful
more broadly for analyzing LP-based policies under model perturbations.1

1. Extended abstract. Full version can be found at [arXiv:2606.14095, v2].
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