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Abstract

We study robust reinforcement learning (RL) with the goal of determining a well-
performing policy that is robust against model mismatch between the training sim-
ulator and the testing environment. Previous policy-based robust RL algorithms
mainly focus on the tabular setting under uncertainty sets that facilitate robust pol-
icy evaluation, but are no longer tractable when the number of states scales up. To
this end, we propose two novel uncertainty set formulations, one based on double
sampling and the other on an integral probability metric. Both make large-scale
robust RL tractable even when one only has access to a simulator. We propose a
robust natural actor-critic (RNAC) approach that incorporates the new uncertainty
sets and employs function approximation. We provide finite-time convergence
guarantees for the proposed RNAC algorithm to the optimal robust policy within
the function approximation error. Finally, we demonstrate the robust performance
of the policy learned by our proposed RNAC approach in multiple MuJoCo envi-
ronments and a real-world TurtleBot navigation task.

1 Introduction

Training a reinforcement learning (RL) algorithm directly on a real-world system is expensive and
potentially risky due to the large number of data samples required to learn a satisfactory policy. To
overcome this issue, RL algorithms are typically trained on a simulator. However, in most real-
world applications, the nominal model used in the simulator model may not faithfully represent
the real-world system due to various factors, such as approximation errors in modeling or varia-
tions in real-world parameters over time. For example, the mass, friction, sensor/actuator noise,
and floor terrain in a mobile robot simulator may differ from those in the real world. This mis-
match, called simulation-to-reality-gap, can significantly degrade the performance of standard RL
algorithms when deployed on real-world systems [36, 44, 55, 51]. The framework of robust Markov
decision process (RMDP) [19, 40] is used to model this setting where the testing environment is
uncertain and comes from an uncertainty set around the nominal model. The optimal robust policy
is defined as the one which achieves the optimal worst-case performance over all possible models
in the uncertainty set. The goal of robust reinforcement learning is to learn such an optimal robust
policy using only the data sampled from the simulator (nominal) model.

The RMDP planning problem has been well studied in the tabular setting [63, 62, 35, 46, 16]. Also,
many works have developed model-based robust RL algorithms in the tabular setting [66, 69, 42,
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64, 49], focusing on sample complexity. Many robust Q-learning algorithms [45, 33, 39, 59, 30]
and policy gradient methods for robust RL [61, 27, 29, 58, 17] have been developed for the tabular
setting . Different from all these works, the main goal of this paper is to develop a computationally
tractable robust RL algorithm with provable convergence guarantees for RMDPs with large state
spaces, using linear and nonlinear function approximation for robust value and policy.

One of the main challenges of robust RL with a large state space is the design of an effective un-
certainty set that is amenable to computationally tractable learning with function approximation.
Robust RL algorithms, both in their implementation and technical analysis, require robust Bell-
man operator evaluations [19, 40] which involve an inner optimization problem over the uncertainty
set. Performing this inner optimization problem and/or getting an unbiased estimate of the robust
Bellman operator evaluation using only the samples from the nominal model can be intractable for
commonly considered uncertainty sets when the state space is large. For example, for f -divergence-
based uncertainty sets [66, 69, 64, 49, 33, 30], the robust Bellman operator estimate requires solving
for a dual variable associated with each state, which is prohibitive for large state spaces. For R-
contamination [61], the estimate requires calculating the minimum of the value function over state
space, which is impractical for large state spaces. It is also infeasible for ℓp norm-based uncertainty
sets [27], where the estimates require calculating the median, mean, or average peak of the value
function depending on the choice of p. Robust RL with function approximation has been explored in
a few works [53, 41, 45, 43, 60, 6]. However, these works explicitly or implicitly assume an oracle
that approximately computes the robust Bellman operator estimate, and the uncertainty set design
that facilitates computation and learning is largely ignored. We overcome this challenge by intro-
ducing two novel uncertainty set formulations, one based on double sampling (DS) and the other
on an integral probability metric (IPM). Both are compatible with large-scale robust MDP, with the
robust Bellman operators being amenable to unbiased estimation from the data sampled from the
nominal model, enabling effective practical robust RL algorithms.

Policy-based RL algorithms [47, 31, 18, 15], which optimize the policy directly, have been extremely
successful in learning policies for continuous control tasks. Value-based RL approaches, such as Q-
learning, cannot be directly applied to continuous action problems. Moreover, recent advances in
policy-based approaches can establish finite time convergence guarantees and also offer insights into
the practical implementation [3, 37, 4, 8]. However, most of the existing works on robust RL with
function approximation use value-based approaches [53, 41, 45, 43, 60, 34] that are not scalable to
continuous control problems. On the other hand, the existing works that use policy-based methods
for robust RL with convergence guarantees are limited to the tabular setting [61, 27, 29, 58, 17]. We
close this important gap in the literature by developing a novel robust natural actor-critic (RNAC)
approach that leverages our newly designed uncertainty sets for scalable learning.

Summary of Contributions: (i).We propose two novel uncertainty sets, one using double sampling
(Section 3.1) and the other an integral probability metric (Section 3.2), which are both compatible
for robust RL with large state space and function approximation. Though robust Bellman operators
require the unknown worst-case models, we provide unbiased empirical robust Bellman operators
that are computationally easy to utilize and only based on samples from the nominal model;

(ii). We propose a novel RNAC algorithm (Section 4) which to the best of our knowledge is the
first policy-based approach for robust RL under function approximation, with provable convergence
guarantees. We consider both linear and general function approximation for theoretical study, with
the latter relegated to Appendix E due to space constraints. Under linear function approximation,
the RNAC with a robust critic performing “robust linear-TD” (Section 5) and a robust natural actor
performing “robust Q-NPG” (Section 6) is proved to converge to the optimal robust policy within the
function approximation error. Specifically, Õ(1/ε2) sample complexity can be achieved, or Õ(1/ε3)
for policy update with a constant step size. For the robust linear-TD, we study the contraction
behavior of the projected robust Bellman operator for RMDPs with the proposed uncertainty sets
and the well-known f -divergence uncertainty sets, which we believe is of independent interest;

(iii).We implement the proposed RNAC in multiple MuJoCo environments (Hopper-v3, Walker2d-
v3, and HalfCheetah-v3), and demonstrate that RNAC with the proposed uncertainty sets results in
robust behavior while canonical policy-based approaches suffer significant performance degrada-
tion. We also test RNAC on TurtleBot [5], a real-world mobile robot, performing a navigation task.
We show that the TurtleBot with RNAC successfully reaches its destination while canonical non-
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robust approaches fail under adversarial perturbations. A video of the demonstration on TurtleBot
is available at [Video Link] and the RNAC code is provided in the supplementary material.

Due to the page limit, a detailed literature review and comparison of our work with the existing
robust RL algorithms are deferred to Appendix G.

2 Preliminaries

Notations: For any set X , denote by |X | its cardinality, by ∆X a (|X |− 1)-dimensional probability
simplex, and by Unif(X ) a uniform distribution over X . Let [m] := {1, . . . ,m}.
A Markov decision process (MDP) is represented by a tuple (S,A, κ, r, γ), where S is the
state space, A is the action space, κ = (κ0, κ1, . . .) is a possibly non-stationary transition ker-
nel sequence with κt : S × A → ∆S , r : S × A → [0, 1] is the reward function, and
γ ∈ (0, 1) is the discount factor. For a stationary policy π : S → ∆A, its value func-
tion is V π

κ (s) := Eκ,π [
∑∞

t=0 γ
tr(st, at)|s0 = s] , where the expectation is taken w.r.t. the tra-

jectory (s0, a0, s1, a1, . . .) with at|st ∼ πst and st+1|(st, at) ∼ κt,st,at
. We can similarly

define the state visitation distribution under initial distribution ρ ∈ ∆S , dπ,κρ (s) := (1 −
γ)Eκ,π [

∑∞
t=0 γ

t
1(st = s)|s0 ∼ ρ]; the state-action value function (Q function), Qπ

κ(s, a) :=
Eκ,π [

∑∞
t=0 γ

tr(st, at)|s0 = s, a0 = a] , and the advantage functionAπ
κ(s, a) := Qπ

κ(s, a)−V π
κ (s).

Robust MDP: A RMDP is represented by a tuple (S,A,P, r, γ), where P is a set of transition
kernels known as the uncertainty set that captures the perturbations around the nominal stationary
kernel p◦ : S ×A → ∆S , and its robust value function is defined as the corresponding worst case:

V π
P (s) := inf

κ∈
⊗

t≥0 P
V π
κ (s). (1)

We will assume the following key (s, a)-rectangularity condition that is commonly assumed to fa-
cilitate dynamic programming ever since the introduction of RMDPs [19, 40]:
Definition 1. P is (s, a)-rectangular, if P =

⊗
s,a Ps,a, for some Ps,a ⊆ ∆S .

The corresponding robust Bellman operator T π
P : RS → RS is

(T π
P V )(s) = Ea∼π(·|s)

[
r(s, a) + γ inf

p∈Ps,a

p⊤V
]
, ∀s ∈ S, V ∈ RS , (2)

and the Bellman equation for RMDPs is V = T π
P V , where V = V π is its unique solution from the

Banach fixed-point theorem. Typically, Ps,a is taken as a ball {ν ⊆ ∆S : d(ν, p◦s,a) ≤ δ} around
a nominal model p◦ of the training environment, where d(·, ·) is some divergence measure between
probability distributions, and δ > 0 controls the level of robustness.

There is a stationary optimal policy π∗ that uniformly maximizes the robust value function, i.e.,
V π∗

P (s) = sup{V π
P (s): history dependent π},∀s [19, 40]. Thus, without loss of generality, we only

need to optimize within stationary policies. Moreover, for any stationary policy π there exists a
stationary worst-case kernel κπ with V π

κπ
(s) = V π

P (s),∀s. We can define the robust Q-function
and robust advantage function as Qπ

P(s, a) := Qπ
κπ

(s, a) and Aπ
P(s, a) := Aπ

κπ
(s, a), respectively.

When the uncertainty set is clear from the context, we will omit the subscript P in V π
P , Q

π
P , andAπ

P .

To summarize, the motivation in the robust RL framework is to learn the optimal robust policy by
only training on a simulator implementing an (unknown) nominal model p◦ [53, 45, 41], with the
robust RL algorithms only having access to data generated from p◦, and not from any other model
in the uncertainty set P .

3 Uncertainty Sets for Large State Spaces

Evaluating the robust Bellman operator T π
P requires solving the optimization infp∈Ps,a p

⊤V , which
is challenging for arbitrary uncertainty sets. Moreover, since we only have access to data generated
by the nominal model p◦, estimating T π

P is not straightforward. Previously studied uncertainty sets,
such as R-contamination, f -divergence, and ℓp norm, are intractable for RMDPs with large state
spaces for these reasons (see Appendix B for detailed explanation). We therefore design two uncer-
tainty sets for RMDPs where the robust Bellman operator has a tractable form and can be unbiasedly
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estimated by the data sampled from the nominal model, thus making effective learning possible. We
will also use function approximation to tractably parameterize policy and value functions.

3.1 Double-Sampling (DS) Uncertainty Set

The central difficulty in employing the robust Bellman operator (2) is how to evaluate
infp∈Ps,a

p⊤V . Our first method is based on the following key idea for drawing samples
that produce an unbiased estimate for it. Let {s′1, s′2, . . . , s′m} be m samples drawn i.i.d. ac-
cording to the nominal model p◦s,a. Then, for any given divergence measure d(·, ·) and ra-
dius δ > 0, there exists an uncertainty set P = ⊗s,aPs,a such that infp∈Ps,a

p⊤V =

E
s′1:m

i.i.d.∼ p◦
s,a

[
infα∈∆[m]:d(α,Unif([m]))≤δ

∑m
i=1 αiV (s′i)

]
. (See Appendix B.1 for a brief explana-

tion.) We therefore define an empirical robust Bellman operator T̂ π
P corresponding to (2) by

(T̂ π
P V )(s, a, s′1:m) := r(s, a) + γ inf

α∈∆[m]:d(α,Unif([m]))≤δ

m∑
i=1

αiV (s′i). (3)

Since (T π
P V )(s) = E

a∼π(·|s), s′1:m
i.i.d.∼ p◦

s,a

[
(T̂ π

P V )(s, a, s′1:m)
]
, T̂ π

P gives an unbiased estimate,

which is one key property we use in our robust RL algorithm. We refer to this as “double sam-
pling” since

∑m
i=1 αiV (s′i) is the expected value when one further chooses one sample s′ from

{s′1, s′2, . . . , s′m} according to the distribution α on [m] and evaluates V (s′). Above, α is a per-
turbation of Unif([m]) and when δ = 0, α = Unif([m]) and s′ ∼ p◦s,a. The uncertainty set P
corresponding to the double sampling is implicitly defined by specifying the choices of m, d(·, ·),
and δ. Its key advantage is that samples can only be drawn according to the nominal model p◦.

Double sampling requires sampling multiple next states for a given state-action pair, which can be
implemented if the simulator is allowed to set to any state. (All MuJoCo environments [56] support
DS.) Since the calculation of α is within ∆[m], the empirical robust Bellman operator is tractable
for moderate values of m. We use m = 2 in experiments for training efficiency, where for almost
all divergences d(·, ·) we can explicitly write

(T̂ π
P V )(s, a, s′1:2) = r(s, a) + γ (0.5(V (s′1) + V (s′2))− δ|V (s′1)− V (s′2)|) . (4)

Bellman completeness (value function class closed under the Bellman operator) is a key property for
efficient reinforcement learning, whereas RMDP with canonical uncertainty sets may violate it. We
show in Appendix B.1 that for RMDP with DS uncertainty sets, the linear function approximation
class satisfies Bellman completeness if the nominal model is a linear MDP [22].

3.2 Integral Probability Metric (IPM) Uncertainty Set

Given some function class F ⊂ RS including the zero function, the integral probability metric
(IPM) is defined by dF (p, q) := supf∈F{p⊤f−q⊤f} ≥ 0 [38]. Many metrics such as Kantorovich
metric, total variation, etc., are special cases of IPM under different function classes [38].

The robust Bellman operator T π
P V (2) requires solving the optimization infq∈Ps,a

q⊤V . For an
IPM-based uncertainty set P with Ps,a = {q : dF (q, p

◦
s,a) ≤ δ}, we relax the domain q ∈ ∆S to∑

s q(s) = 1 as done in [28, 27], which incurs no relaxation error for small δ if mins′ p
◦
s,a(s

′) > 0.

One should choose F so that it properly encodes information of the MDP and its value functions.
We start by considering linear function approximation. Denote by Ψ ∈ RS×d the feature matrix
with rows ψ⊤(s), ∀s ∈ S. The value function approximation is Vw = Ψw ∈ RS . A good choice of
feature vectors encodes information about the state and transition. For example, vectors ψ(s), ψ(s′)
should be “close” when states s, s′ are “similar” and V π(s), V π(s′) have small differences. We
propose the following function class (with ℓ2 as the preferred norm but any other can be used):

F := {s 7→ ψ(s)⊤ξ : ξ ∈ Rd, ∥ξ∥ ≤ 1}. (5)

Without loss of generality, assume Ψ has full column rank since d≪ |S|, and let the first coordinate
of ψ(s) be 1 for any s, which corresponds to the bias term of the linear regressor.

Proposition 1. For the IPM with F in (5), we have infq∈Ps,a
q⊤Vw = (p◦s,a)

⊤Vw − δ∥w2:d∥.
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Algorithm 1: Robust Natural Actor-Critic
Input: T, η0:T−1,K,N
Initialize: θ0 for policy parameterization and winit for value function approximation
for t = 0, 1, . . . , T − 1 do

Robust critic updates wt; //E.g., wt = RLTD(πθt ,K) Algorithm 2
Robust natural actor updates θt+1;//E.g., θt+1 = RQNPG(θt, ηt, wt, N) Algorithm 3

We can thus design the empirical robust Bellman operator, which is an unbiased estimator of T π
P

with sample s′ drawn from the nominal model:

(T̂ π
P Vw)(s, a, s

′) := r(s, a) + γVw(s
′)− γδ∥w2:d∥. (6)

Guided by the last regularization term of the empirical robust Bellman operator (6), when consider-
ing value function approximation by neural networks we add a similar negative regularization term
for all the neural network parameters except for the bias parameter in the last layer.

4 Robust Natural Actor-Critic

We propose a robust natural actor-critic (RNAC) approach in Algorithm 1 for the robust RL problem.
As its name suggests, there are two components – a robust critic and a robust actor, which update
alternately for T steps. At each step t, there is a policy πt determined by parameter θt. The robust
critic updates the value function approximation parameter wt based on on-policy trajectory data
sampled by executing πt on the nominal model with length K. The robust actor then updates the
policy with step size ηt, and the critic returns wt by on-policy trajectory data with length N . In
practice, a batch of on-policy data can be sampled and used for both critic and actor updates.

We now give the main (informal) convergence results for our RNAC algorithm with linear function
approximation and DS or IPM uncertainty sets, where the robust critic performs robust linear-TD
and the robust natural actor performs robust-QNPG (as the comments in Algorithm 1). The formal
statements, proofs, and generalization to general function approximation are given in Appendix E.

Theorem 1 (Informal linear convergence of RNAC). Under linear function approximation, RNAC
in Algorithm 1 with DS or IPM uncertainty sets using an RLTD robust critic update and an RQNPG
robust natural actor update, with appropriate geometrically increasing step sizes ηt, achieves
E[V π∗

(ρ)− V πT

(ρ)] = O(e−T ) +O(ϵstat) +O(ϵbias) and an Õ(1/ε2) sample complexity.

The optimality gap is bounded in this theorem via three terms, where the first term, related to the
number of time steps T , is the optimization rate (linear convergence sinceO(e−T )), the second term
ϵstat = Õ( 1√

N
+ 1√

K
) is a statistical error that depends on the number of samplesK,N in the robust

critic and robust actor updates, and the last term ϵbias is the approximation error due to the limited
representation power of value function approximation and the parameterized policy class. Omitting
the approximation error ϵbias, the sample complexities for achieving ε robust optimal value are
Õ(1/ε2), which achieves the optimal sample complexity in tabular setting [64]. However, RNAC
with geometrically increasing step sizes induces a larger multiplicative constant factor (not shown
in big-O notation) and does not generalize well to general function approximation. We then analyze
RNAC with a constant step size.

Theorem 2 (Informal sublinear convergence of RNAC). RNAC under the same specification as
in Theorem 1 but with constant step size ηt = η has E[V π∗

(ρ) − 1
T

∑T−1
t=0 V πt

(ρ)] = O( 1
T ) +

O(ϵstat) +O(ϵbias), implying an Õ(1/ε3) sample complexity.

Although the theorem shows a slower optimization rate of RNAC with constant step size, this non-
increasing step size is preferred in practice. Moreover, the analysis can be generalized to a general
policy class with optimization rate O(1/

√
T ), and an Õ(1/ε4) sample complexity.
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Algorithm 2: Robust Linear Temporal Difference (RLTD)
Input: π,K
Initialize: w0, s0
for k = 0, 1, . . . ,K − 1 do

Sample ak ∼ π(·|sk), yk+1 according to p◦sk,ak
, and sk+1 from yk+1

Update wk+1 = wk + αkψ(sk)
[
(T̂ π

P Vwk
)(sk, ak, yk+1)− ψ(sk)⊤wk

]
// For DS: yk+1 = s′1:m

i.i.d.∼ p◦sk,ak
, sk+1 ∼ Unif(yk+1) and T̂ π

P in (3)

// For IPM: yk+1 = sk+1 ∼ p◦sk,ak
and T̂ π

P in (6)

Return: wK

5 Robust Critic

The robust critic estimates the robust value function with access to samples from the nominal model.
One may note that in many previous actor-critic analyses for canonical RL [61, 29, 9], the critic
learns the Q function, while realistic implementations in on-policy algorithms (e.g., proximal policy
optimization (PPO)) treat the V function as the target of the critic for training efficiency. We consider
a robust critic that learns the robust V function to align with such realistic implementations.

We present the robust linear temporal difference (RLTD) Algorithm 2, which is similar to the
canonical linear-TD algorithm, but with an empirical robust Bellman operator. It iteratively per-
forms the sampling and updating procedures. The sampling procedure differs for the uncertainty
set by double sampling and IPM as shown in the comments in Algorithm 2. Using the samples, the
parameter for the linear value function approximation Vwk

= Ψwk is updated with step size αk.
The following assumption is common [10, 9, 29]:
Assumption 1 (Geometric mixing). For any policy π, the Markov chain {sk} induced by applying
π in the nominal model p◦ is geometrically ergodic with a unique stationary distribution νπ .

The update procedure essentially minimizes the Mean Square Projected Robust Bellman Error
MSPRBEπ(w) = ∥Ππ(T π

P Vw) − Vw∥2νπ , where ∥V ∥νπ =
√∑

s ν
π(s)V (s)2 is the νπ weighted

norm, and Ππ = Ψ(Ψ⊤DπΨ)−1Ψ⊤Dπ is the weighted projection matrix with Dπ = diag(νπ) ∈
RS×S . The minimizer of MSPRBEπ(w), denoted by wπ , is the unique solution of the projected
robust Bellman equation Vw = ΠπT π

P Vw, which is equivalent to 0 = Ψ⊤Dπ(T π
P Ψw−Ψw). RLTD

is thus a stochastic approximation algorithm since the empirical operator T̂ π
P ((3) or (6)) is unbiased

with E(s,a,y′)∼νπ◦π◦p◦

[
ψ(s)

[
(T̂ π

P Vw)(s, a, y
′)− ψ(s)⊤w

]]
= Ψ⊤Dπ(T π

P Vw − Vw).

To ensure that RLTD converges to the optimal linear approximation Vwπ , it is crucial that the pro-
jected robust Bellman operator ΠπT π

P be a contraction map with some β < 1.
Definition 2. ΠπT π

P is a β-contraction w.r.t. ∥ · ∥νπ if ∥ΠπT π
P V −ΠπT π

P V
′∥νπ ≤ β∥V − V ′∥νπ .

Unlike in linear TD for MDP [57], Tamar et al. [53] make an additional assumption (Assumption 2)
to establish the contraction property of ΠπT π

P (Proposition 3) for RMDP.
Assumption 2. There exists β ∈ (0, 1) with γps,a(s′) ≤ βp◦s,a(s′) ∀s, s′ ∈ S, ∀a ∈ A, and ∀p ∈ P .

Proposition 2 (Prop.3 in [53]). Under Assumption 2, ΠπT π
P is a β-contraction w.r.t. ∥ · ∥vπ .

The implicit uncertainty set P of double-sampling satisfies Assumption 2 for small δ, and thus
guarantees contraction of ΠπT π

P . For example, for m = 2 as in (4), a δ < 1−γ
2γ is sufficient.

However, simply taking a small radius δ is not a panacea for all uncertainty sets:
Proposition 3. For any f -divergence and radius δ > 0, there exists a geometrically mixing nominal
model such that the f -divergence defined uncertainty set violates Assumption 2.

On the other hand, Assumption 2, though well-accepted [53, 45, 41], may not be necessary. The
proposed IPM uncertainty set relates robustness and regularization with an explicit formula for ro-
bust Bellman operator as in (6). The contraction behavior of ΠπT π

P for IPM uncertainty set can be
established without Assumption 2:
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Lemma 1. For IPM uncertainty set with radius δ < λmin(Ψ
⊤DπΨ) 1−γ

γ , there exists β < 1 that
ΠπT π

P is a β-contraction mapping w.r.t. norm ∥ · ∥vπ .

Since the contraction of ΠπT π
P is obtained by RMDP under DS or IPM uncertainty sets with small

radius δ, we have the first finite sample guarantee of RLTD by recent advances in Markovian stochas-
tic approximation [10]:
Theorem 3 (Informal convergence of robust critic: Details in Appendix C). RLTD with step sizes
αk = Θ(1/k) satisfies E[∥wK − wπ∥2] = Õ( 1

K ).

6 Robust Natural Actor

The robust natural actor updates the policy parameter θ along an ascent direction that improves the
value via preconditioning through the KL-divergence KL(p, q) := ⟨p, log(p/q)⟩. It has been well
explored for natural policy gradient (NPG)-like algorithms, such as TRPO and PPO in canonical
RL. The ascent direction is obtained by the policy gradient theorem in canonical MDP. We therefore
first discuss the policy gradient for RMDP, where policy πθ is differentiably parameterized by θ.

The robust value V πθ

P (ρ) =: J(θ) is typically Lipschitz under proper parameterization [61], and is
therefore differentiable a.e. by Rademacher’s theorem [14]. Where it is not differentiable, a Fréchet
supergradient ∇J of J exists if lim supθ′→0

J(θ′)−J(θ)−⟨∇J(θ),θ′−θ⟩
∥θ′−θ∥ ≤ 0 [25]. The following con-

tains the policy gradient theorem for canonical RL as a special case:
Lemma 2 (Policy supergradient). For a policy π = πθ that is differentiable w.r.t. parameter θ,

∇θV
π(ρ) =

Es∼dπ,κπ
ρ

Ea∼πs
[Qπ(s, a)∇θ log π(a|s)]
1− γ

=
Es∼dπ,κπ

ρ
Ea∼πs

[Aπ(s, a)∇θ log π(a|s)]
1− γ

is a Fréchet supergradient of V π(ρ), where κπ is the worst-case transition kernel w.r.t. π.

We consider log-linear policies πθ(a|s) =
exp(ϕ(s,a)⊤θ)∑
a′ exp(ϕ(s,a′)⊤θ)

, where ϕ(s, a) ∈ Rd is the feature

vector and θ ∈ Rd is the policy parameter. (The general policy class is treated in Appendix D).

In canonical RL, the training and testing environments follow the same nominal transition p◦. NPG
updates the policy by θ ← θ + ηFρ(θ)

†∇θV
πθ
p◦ (ρ), where Fρ(θ)

† is the Moore-Penrose inverse
of the Fisher information matrix Fρ(θ) := E

(s,a)∼d
πθ,p◦
ρ ◦πθ

[∇θ log πθ(a|s) (∇θ log πθ(a|s))⊤].
An “equivalent” Q-NPG was proposed in [3] to update the policy by θ ← θ + ηu′, where
u′ = argminu E(s,a)∼dπ,p◦

ρ ◦π[(Q
π
p◦(s, a) − u⊤ϕ(s, a))2]. Note that u determines a Q value func-

tion approximation Qu(s, a) := ϕ(s, a)⊤u, which is compatible with the log-linear policy class
[52]. Since Qπ contains the information on the ascent direction as suggested by Lemma 2, the
Q-NPG update can be viewed as inserting the best compatible Q-approximation Qu′

for the policy.

We adopt the Q-NPG to robust RL and propose the Robust Q-Natural Policy Gradient (RQNPG)
(Algorithm 3). Note that unlike canonical RL, where Qπ

p◦ can be estimated directly from a sample
trajectory of executing π in model p◦, the robust Qπ is hard to estimate with samples from p◦. A
value function approximation Vw from the critic comes to help, as we can approximate the robust Q
function via Qw(s, a) = r(s, a) + infp∈Ps,a

p⊤Vw, which exactly matches Qπ if Vw = V π . The
RQNPG obtains information on Qπ by first approximating it via a critic value Vw-guided function
Qw, and then estimating Qw by a policy-compatible robust Q-approximation Qu.

As shown in Algorithm 3, RQNPG estimates a compatible Q-approximation QuN by iteratively
performing sampling and updating procedures, where the sampling procedure follows that of
the RLTD (Algorithm 2). The update procedure essentially approaches the minimizer uπw :=
argminu E(s,a)∼νπ◦π

[
(Qw(s, a)− u⊤ϕ(s, a))2

]
by stochastic approximation with step size ζn

(stochastic gradient descent with Markovian data), since conditioned on (s, a), T̂ π
P Vw ((3) or (6)) is

an unbiased estimator for the Q function approximation Qw.

Now we look at a specific update θt+1 = RQNPG(θt, ηt, wt, N) with ζn = Θ(1/n), where wt =
RLTD(πθt ,K). The following theorem shows an approximate policy improvement property of the
RQNPG update:
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Algorithm 3: Robust Q-Natural Policy Gradient (RQNPG)
Input: θ, η, w,N
Initialize: u0, s0
for n = 0, 1, . . . , N − 1 do

Sample an ∼ πθ(·|sn), yn+1 according to p◦sk,ak
and determine sn+1 from y′n+1

Update un+1 = un + ζnϕ(sn, an)
[
(T̂ π

P Vw)(sn, an, yn+1)− ϕ(sn, an)⊤un
]

// For DS: yn+1 = s′1:m
i.i.d.∼ p◦sn,an

, sn+1 ∼ Unif(yn+1) and T̂ π
P in (3)

// For IPM: yn+1 = sn+1 ∼ p◦sn,an
and T̂ π

P in (6)

Return: θ + ηuN
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Figure 1: Cumulative rewards of RNAC-PPO(DS/IPM) and PPO on (a-c) stochastic MuJoCo Envs
and (d-f) deterministic MuJoCo Envs under perturbation.

Theorem 4 (Approximate policy improvement). For any t ≥ 0, we know

V πt+1

(ρ) ≥ V πt

(ρ) +

KL
d
πt+1,κ

πt+1
ρ

(πt, πt+1) + KL
d
πt+1,κ

πt+1
ρ

(πt+1, πt)

(1− γ)ηt
− ϵt

1− γ
, (7)

where KLν(π, π
′) :=

∑
s ν(s)KL(π(·|s), π′(·|s)) ≥ 0 and E[ϵt] = Õ( 1√

N
+ 1√

K
) +O(ϵbias).

7 Experimental Results

We demonstrate the robustness of our RNAC approach (Algorithm 1) with Double-Sampling (DS)
and IPM uncertainty sets on MuJoCo simulation environments [56]. We also perform real-world
evaluations using TurtleBot [5], a mobile robot, on navigation tasks under action/policy perturba-
tion. We implement a practical version RNAC using neural network function approximation, with
the robust critic minimizing squared robust TD-error and the robust natural actor performing a robust
proximal policy optimization (PPO) (see Algorithm 4 in Appendix A for details). We call this RNAC
algorithm as RNAC-PPO and compare it with the canonical PPO algorithm [48]. Additional exper-
imental results and details are deferred to Appendix A. We provide code with detailed instructions
at https://github.com/tliu1997/RNAC.

7.1 MuJoCo Environments

We present the experimental results for perturbed MuJoCo Envs (Hopper-v3, Walker2d-v3 and
HalfCheetah-v3) by changing their physical parameters (leg joint stiffness, foot joint stiffness and
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Figure 2: (a-b) show trajectories under balanced (nominal) / unbalanced noise perturbed envs; (c-d)
show trajectories under deterministic (nominal) / unbalanced noise perturbed envs.

back actuator range). We compare the performance of RNAC-PPO with that of the canonical
PPO algorithm in Fig. 1, where the curves are averaged over 30 different seeded runs and the
shaded region indicates the mean ± standard deviation. RNAC-PPO and PPO are trained with
data sampled from the nominal models (e.g., leg joint stiffness= 0.0, foot joint stiffness= 0.0, and
back actuator range= 1.0).

DS Uncertainty Set: MuJoCo environments have deterministic models. However, most uncertainty
sets are only reasonable for stochastic models, e.g., f -divergence uncertainty sets. So, we add a
uniform actuation noise ∼ Unif[-5e-3, 5e-3] in constructing stochastic MuJoCo environments as in
[65]. We use m = 2 and radius δ = 1/6 for RNAC-PPO in (4). The choice of m = 2 makes the
training time of RNAC-PPO with DS uncertainty set and PPO comparable. Fig. 1a-1c demonstrate
the robust performance of RNAC-PPO with Double-Sampling (DS) uncertainty sets in stochastic
MuJoCo environments. Compared to PPO, the cumulative rewards of RNAC-PPO decay much
slower as perturbations increase though they are slightly lower at the beginning (i.e., for the nominal
model). The slight drop in initial performance may stem from optimizing the robust value function
(1) under the worst-case transition models instead of the nominal models.

IPM Uncertainty Set: Since IPM with robust Bellman operator in (6) establishes robustness by
negative regularization, it applies to environments with deterministic transition kernels. We select
δ = 10−5 in (6) and evaluate RNAC-PPO with IPM uncertainty sets on deterministic MuJoCo envi-
ronments in Fig. 1d-1f. RNAC-PPO has more robust behaviors with slow cumulative reward decay
as perturbations increase. Notably, RNAC-PPO enjoys similar and sometimes even better initial
performance on the nominal model compared to PPO, which we believe is due to the regularization
of neural network parameters suggested by IPM (6) that can potentially improve neural network
training.

7.2 TurtleBot Experiments

We demonstrate the robustness of the policy learned by RNAC-PPO on a real-world mobile robot
(Fig. 3). We consider a navigation task as illustrated in Fig. 2, where the goal of the policy is to
navigate the TurtleBot from the origin (0, 0) to a target region centered at (1,−1).

Figure 3: TurtleBot Burger

DS Uncertainty Set: We train RNAC-PPO and PPO on a stochastic
nominal model with balanced actuation noise [54], and test the learned
policies in the nominal model (Fig. 2a) and an unbalanced perturbed
model (Fig. 2b). The policies learned by RNAC-PPO can reach the
target region in both the nominal model and the perturbed model, while
policies learned by PPO are fragile to perturbation and may not reach
the target, as shown in Fig. 2b.

IPM Uncertainty Set: The robustness of the policies learned by RNAC-
PPO trained on a deterministic nominal model is demonstrated in
Fig. 2c and 2d, where the RNAC-PPO learned policies drive the robot
to the target under perturbation, while the PPO-learned policies fail.

A video of this real-world demonstration TurtleBot is available at
[Video Link].
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8 Conclusion and Future Works

We have proposed two novel uncertainty sets based on double sampling and an integral probability
metric, respectively, that are compatible with function approximation for large-scale robust RL. We
propose a robust natural actor-critic algorithm, which to the best of our knowledge is the first policy-
based approach for robust RL under function approximation with provable guarantees on learning
the optimal robust policy. We demonstrate the robust performance of the proposed algorithm in
multiple perturbed MuJoCo environments and a real-world TurtleBot navigation task.

Although several new theoretical and empirical results about large-scale robust RL are presented
in this paper, there are still many open questions that need to be addressed. Current work focuses
on the (s, a)-rectangular RMDP (Def. 1). We leave extensions to more general s-rectangular and
non-rectangular RMDP for future works. Some theoretical analysis in this paper partly relies on
Assumption 2. Though it is commonly made and accepted in theoretical works as discussed in
paragraphs after Assumption 2, it is not a necessary condition. Further exploration of this can
potentially lead to more theoretical advances. Another natural future direction is to extend current
results to more complex settings such as robust constrained RL and robust multi-agent RL, following
recent developments of policy gradient-based approaches in safe RL [68, 32] and multi-agent RL
[67, 50].
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A Experimental Details and Additional Experimental Results

In this section, we provide details of the RNAC algorithm (Algorithm 1) implemented in the experi-
ments – robust natural actor-critic proximal policy optimization (RNAC-PPO) algorithm (Algorithm
4). We also demonstrate further experimental results evaluated on different perturbations of physical
hyperparameters in Hopper-v3, Walker2d-v3, and HalfCheetah-v3 from OpenAI Gym [7] compared
with soft actor-critic (SAC) [18] and soft-robust [11] PPO (SRPPO). Finally, we introduce experi-
mental details of the TurtleBot navigation task.

A.1 RNAC-PPO Algorithm

We provide the RNAC-PPO algorithm in Algorithm 4, where the robust critic is minimizing squared
robust TD error (MSRTDE) and the robust natural actor is performing the clipped version of robust
PPO (RPPO) for computational efficiency, and we name it RNAC-PPO for simplicity. We implement
RNAC-PPO employing neural network (NN) function approximation, where the robust natural actor
is utilizing a neural Gaussian policy [48] with two hidden layers of width 64, and the value function
in the robust critic is also parameterized by an NN with two hidden layers of width 64. Compared
with the canonical empirical Bellman operator in the PPO algorithm, we adopt the robust empirical
Bellman operator in the Robust PPO algorithm based on the double-sampling (DS) uncertainty set
and the integral probability metric (IPM) uncertainty set, which can be efficiently computed. For
a better comparison with SAC in the next subsection, we adopt several modifications (e.g., state
normalization, reward scaling, gradient clip, etc) in the implementation of PPO-based algorithms to
improve their performance under the nominal model. Note that for fairness we employ the same
modification for both PPO and RNAC-PPO algorithms.

We use the same hyperparameters across different MuJoCo environments. Specifically, we select
γ = 0.99 for the discount factor, ηt = αt = 3 × 10−4 for learning rates of both actor and critic
updates implemented by ADAM [24], T = 3× 106 for the maximum training steps, and B = 2048
for the batch size.

Algorithm 4: RNAC-PPO – MSRTDE + RPPO
Input: T,B, η0:T−1, α0:T−1

Initialize: θ0 for policy parameterization, w−1 for value function approximation
for t = 0, 1, . . . , T − 1 do

Collect set of trajectories Dt until |Dt| = B by running policy πθt under p◦
Update value function by minimizing mean-squared TD error with learning rate αt

wt = argmin
w

1

|Dt|
∑

(s,a,y′)∈Dt

[
Vw(s)− (T̂ π

P Vwt−1)(s, a, y′)
]2
.

// For DS: y′ = s′1:m
i.i.d.∼ p◦s,a, s′ ∼ Unif(y′) and T̂ π

P in (3)

// For IPM: y′ = s′ ∼ p◦s,a and T̂ π
P in (6)

Compute

Ât(s, a) = (T̂ π
P Vwt)(s, a, y′)− Vwt(s),∀(s, a, y′) ∈ Dt

Update policy via maximizing robust PPO objective with learning rate ηt

θt+1 = argmax
θ

1

|Dt|
∑

(s,a,y′)∈Dt

min

(
πθ(a|s)
πθt(a|s)

Ât(s, a), clip(ϵ, Ât(s, a))

)
,

where clip(ϵ, A) =
{
(1 + ϵ)A, if A ≥ 0

(1− ϵ)A, if A < 0

Output: θT
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Figure 4: Cumulative rewards of RNAC-PPO(DS/IPM) and PPO on (a-c) stochastic MuJoCo Envs
and (d-f) deterministic MuJoCo Envs under perturbation.

A.2 Perturbed Mujoco Environments with Other Hyperparameters

In this subsection, we provide more experimental results on different perturbations of physical hy-
perparameters (e.g., leg joint damping, leg joint stiffness, and front joint stiffness) in Hopper-v3,
Walker2d-v3, and HalfCheetah-v3. Figure 4 shows that the RNAC-PPO algorithm is consistently
robust compared to the PPO algorithm.

A.3 Comparison with Soft Actor-Critic and Soft-Robust PPO

In Section 7, we demonstrate the robust behavior of the RNAC-PPO algorithm compared with the
PPO algorithm in Figure 1. In this subsection, we add two more baselines for robust algorithms:
soft actor-critic (SAC) [18] and soft-robust [11] PPO (SRPPO). SAC is regarded as one of the robust
baselines since maximum entropy RL (e.g. SAC) was shown to solve some robust RL problems
by maximizing the lower bound on a robust RL objective [13]. Soft-robust RL learns an optimal
policy based on a distribution over an uncertainty set instead of considering the worst-case scenario
[11]. For a fair comparison, we implement the idea of soft robustness into the framework of PPO.
Specifically, we build an uncertainty set wrapping up four environments, including one nominal
environment and three perturbed environments with leg joint stiffness=5.0 (default=0.0), gravity=-
9.50 (default=-9.81), and actuator ctrlrange=(-0.95, 0.95) (default=(-1.0, 1.0)), respectively. Addi-
tionally, we select [0.85, 0.05, 0.05, 0.05] as the distribution over the above uncertainty set for the
SRPPO algorithm.

Figures 5c and 5d show that the cumulative rewards of RNAC-PPO decay much slower compared
with those of PPO, but similar to those of SAC under the perturbation of gravity. This verifies the
claim that SAC can solve some robust RL problems [13]. However, as shown in Figures 5a and
5b, SAC is not a panacea for all robust RL problems. Under the perturbation of leg joint stiffness,
SAC suffers faster cumulative rewards decay compared with RNAC-PPO. Since SRPPO considers
a distribution over an uncertainty set instead of only sampling from the nominal model, it doesn’t
perform well under the nominal model, but it shows a fairly robust behavior in Figures 5a and 5b
when leg joint stiffness values are perturbed.

Since the cumulative rewards of SAC (> 14000) are much higher than those of PPO-based al-
gorithms (< 3000) in HalfCheetah-v3, we only report the results of SAC in this subsection for
Hopper-v3 to prevent the information of robustness from being blurred. Additionally, the training
time of RNAC-PPO, PPO, and SRPPO is similar, which is at least 5 times less than that of SAC to

16



0 10 20 30 40 50
'leg_joint_stiffness' values (default=0.0)

500

1000

1500

2000

2500

3000

3500

4000

Cu
m

ul
at

iv
e 

re
wa

rd

RNAC-PPO(DS)
PPO
SAC
SRPPO

(a) DS, stochastic Hopper-v3

0 10 20 30 40 50
'leg_joint_stiffness' values (default=0.0)

1000

1500

2000

2500

3000

3500

4000

Cu
m

ul
at

iv
e 

re
wa

rd

RNAC-PPO(IPM)
PPO
SAC
SRPPO

(b) IPM, deterministic Hopper-v3

50 40 30 20 10 0
Percentage change in 'gravity' (default=0.0)

500

1000

1500

2000

2500

3000

3500

4000

Cu
m

ul
at

iv
e 

re
wa

rd

RNAC-PPO(DS)
PPO
SAC
SRPPO

(c) DS, stochastic Hopper-v3

50 40 30 20 10 0
Percentage change in 'gravity' (default=0.0)

0

1000

2000

3000

4000

Cu
m

ul
at

iv
e 

re
wa

rd

RNAC-PPO(IPM)
PPO
SAC
SRPPO

(d) IPM, deterministic Hopper-v3

Figure 5: Cumulative rewards of RNAC-PPO(DS/IPM), PPO, SAC, and SRPPO on perturbed
Hopper-v3 environments.

end the training of 3 million steps. This is due to the fact that PPO-based algorithms require fewer
updates for critic V , while SAC requires more updates for critic Q.

A.4 TurtleBot Experiment Details

The goal of this TurtleBot navigation task is to guide the robot to any desired target within a 2-meter
range. The state space is a 2-dimensional continuous space, comprising the distance and relative
orientation between the robot and the target. The robot is fixed to move towards its front with a
linear velocity of 15 cm/s, while its angular velocity is controlled by the algorithm. Action space is
1-dimensional and continuous, ranging from −2 to 2. The action signal is then linearly scaled into
[−1.5 rad/s, 1.5 rad/s]. The reward function is designed to be proportional to the product of distance
and action-scaled orientation between the robot and the target. Hitting the boundary or reaching the
target would cause a reward of -200 or 200 respectively. One trajectory would end when the robot
hits the boundary, reaches the goal, or the elapsed time is more than 150 seconds.

We train both PPO and RNAC-PPO(IPM) under the simulator Gazebo. To introduce stochasticity
into the originally deterministic Gazebo environment, we apply uniform action noise perturbation.
PPO and RNAC-PPO(DS) are trained under a balanced Unif[−0.5, 0.5] noise-perturbed environ-
ment. All algorithms undergo 400 epochs of training, and the policy with the highest speed is saved.
Subsequently, we evaluate all policies in an unbalanced Unif[1.0, 1.5] noise-perturbed environment.
We employ such a high noise since all learned algorithms are aggressive at fast turning, with action
close to the limit of −2 or 2. The trajectories of the robot under Gazebo simulator and a video for
the real-world experiment are demonstrated in Figure 2 and [Video Link].

Specifically, both PPO and RNAC-PPO are implemented by neural networks. The actor network is
defined by the Gaussian policy, with one hidden layer and tanh activation function, projecting the
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Figure 6: Turtlebot’s trajectories of RNAC-PPO(DS/IPM), PPO, dynamic randomization, and action
noise envelope. (ac) are trajectories under a nominal environment, (bd) are trajectories under an
unbalanced testing environment. In (b), target reaching rates are: 100% for RNAC-PPO(DS), 67.5%
for action noise envelope, 9% for dynamic randomization, 0% for PPO. In (d), target reaching rates
are: 100% for RNAC-PPO(IPM), 13% for action noise envelope, 2% for dynamic randomization,
0% for PPO

input state into a feature with dimension 100, then into the 1-dimensional action. Critic network
consists of one hidden layer, with a width 100, and a ReLU activation function. We choose discount
factor as 0.99, learning rate as 2.5× 10−4, batch size as 64, and optimizer ADAM.

Additionally, we also add more baselines (i.e., dynamics randomization [44] and action noise en-
velope [20]) to demonstrate the robustness of the proposed methods in the real-world TurtleBot
environment. As shown in Figure 6, the proposed algorithm RNAC-PPO (DS / IPM) enjoys higher
target reaching rates (100% / 100%), compared with action noise envelope (67.5% / 13%), dynamic
randomization (9% / 2%), and PPO (0% / 0%), under perturbed testing environments, which illus-
trates the robustness of the RNAC-PPO algorithm.

We end this section by illustrating our hardware configurations. All experimental results are carried
out on a Linux server with 48-core RTX 6000 GPUs, 48-core Intel Xeon 6248R CPUs, and 384 GB
DDR4 RAM.

B Discussions on Uncertainty Sets

R-contamination For R-contamination [60], the uncertainty set is P = ⊗s,aPs,a, where Ps,a =
{Rq + (1−R)pos,a : q ∈ ∆S}. It can be shown that

inf
p∈Ps,a

p⊤V = (1−R)(p◦s,a)⊤V +Rmin
s′

V (s′). (8)
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Its corresponding robust Bellman operator requires searching the entire state space S to calculate
the minimum value in V , and thus intractable for large state space.

ℓp norm [28] For any nominal model p◦, the uncertainty set is P = ⊗s,aPs,a with Ps,a = {p :
∥q − p◦s,a∥p ≤ δ,

∑
s′ q(s

′) = 1}, where ∥ · ∥p is an ℓp norm with its dual norm ∥ · ∥q satisfying
1
p + 1

q = 1, and the domain of q ∈ ∆S is relaxed to hyperplane
∑

s′ q(s
′) = 1 due to the difficulty

in handling the boundary of ∆S . It was shown [28] that

inf
p∈Ps,a

p⊤V = (p◦s,a)
⊤V −min

w
∥V − w1∥q, (9)

which requires solving a minimization problem via binary search. The minimum value may have a
closed-form representation (c.f. Table 1 in [27]). For example, the minimum value is the average
of V for ℓ2 norm, the median of V for ℓ1 norm, and the average peak of V (i.e., the average of the
maximum and minimum value of V ) for ℓ∞ norm. ℓp norm-based uncertainty set is thus intractable
in the large-scale scenario.

f -divergence Given a continuous strict convex function f : R+ → R with f(1) = 0, f -divergence
is defined by df (q, p) =

∑
s p(s)f(

q(s)
p(s) ). By distributionally robust optimization literature [12], we

have

inf
p∈Ps,a

p⊤V = sup
λ>0,η∈R

Es′

[
−λf∗

(
−V (s′)− η

λ

)
− λδ − η

]
, (10)

where f∗ is the Fenchel conjugate of f , i.e., f∗(y) = supx>0(yx − f(x)). Given such a formula,
the robust Bellman operator can be estimated given samples from the nominal model but requires
the optimal dual variables λ, η for each (s, a) pair.

Wasserstein distance Given some metric d(·, ·) on state space S, Wasserstein-σ distance is defined
for any p, q ∈ ∆S that

Wσ(p, q) := ( inf
µ∈U(p,q)

E(s,s′)∼µ[d(s, s
′)σ])

1
σ ,

where U(p, q) is the set of all couplings of p and q. Wasserstein RMDP has uncertainty set P =
⊗s,aPs,a with Ps,a = {q :Wσ(q, p

◦
s,a) ≤ δ} and we have

inf
p∈Ps,a

p⊤V = sup
λ>0

∑
s′

p◦s,a(s
′) inf

s̃
[V (s̃) + λ(d(s̃, s′)σ − δ)]. (11)

The Wasserstein RMDP has been previously studied [1, 26]. Kuang et al. [26] gives a state dis-
turbance view of Wasserstein RMDP, where the robust Bellman operator requires searching the
worst-case state in the vicinity of the next state sample, i.e., inf s̃:∥s̃−s′∥≤δ V (s̃). Although this ap-
proach can be applied to RMDP with large state space, the theoretical guarantee provided in [26] is
only for policy iteration (planning problem) in the tabular setting (i.e., the robust Bellman operator
is a contraction mapping under ∥ · ∥∞).

B.1 Double-Sampling Uncertainty Sets

When action a is taken at state s, the nominal model transits to the next state s′ ∼ p0s,a. It can
be viewed as a double-sampling process that the next state s′ is generated by uniformly sampling
one from m states s′1, s

′
2, . . . , s

′
m sampled i.i.d. according to p0s,a. The transition kernel in the DS

uncertainty set at (s, a)-pair can be viewed as selecting the next state s′ in {s′1, . . . , s′m} according
to a distribution α ∈ ∆(m) that is perturbed from a uniform distribution Unif(m) and potentially
depends on the samples {s′1, . . . , s′m}. The DS uncertainty set is implicitly defined by a choice of
m, divergence measure d(·, ·) and radius δ > 0.

Bellman completeness for robust linear MDP under DS uncertainty set: A Q function class
G ⊂ RS×A is said to be Bellman complete if it is closed, and for all g ∈ G, T ∗g also lies in G,
where

T ∗g(s, a) := r(s, a) + γ
∑
s′

ps,a(s
′)max

a
g(s′, a).
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Bellman completeness is critical for reinforcement learning. For RMDP with the Double-Sampling
(DS) uncertainty set, the linear function approximation can satisfy Bellman completeness if the
nominal model is a linear MDP. In linear MDP [22], we have

p◦s,a(s
′) = ϕ(s, a)⊤µ(s′), r(s, a) = ϕ(s, a)⊤θ,

where µ is a vector of (signed) measures over S. Then for any V ∈ RS

r(s, a) + γEs′∼p◦
s,a

[V (s′)] = r(s, a) + γ

∫
s′
ϕ(s, a)⊤µ(s′)V (s′)ds′

= ϕ(s, a)⊤
(
θ + γ

∫
s′
µ(s′)V (s′)ds′

)
∈ span(Φ).

For the DS uncertainty set P = ⊗s,aPs,a determined by m,d(·, ·), δ, let fV (s
′
1:m) :=

infα∈∆[m]:d(α,Unif([m]))≤δ

∑m
i=1 αiV (s′i), and f̄V (s′1) := E

s′2:m
i.i.d.∼ p◦

s,a

[fV (s
′
1:m)]. It then follows

that for any V

r(s, a) + γ inf
p∈Ps,a

p⊤V = r(s, a) + γE
s′1:m

i.i.d.∼ p◦
s,a

[fV (s
′
1:m)]

= ϕ(s, a)⊤θ + γEs′1∼p◦
s,a

[f̄V (s
′
1)] = ϕ(s, a)⊤

(
θ + γ

∫
s′
µ(s′)f̄V (s

′)ds′
)
∈ span(Φ).

The Bellman completeness for DS-based RMDP with linear MDP nominal model is thus proved.

B.2 Integral Probability Metric Uncertainty Sets

Under the linear value function approximation, Vw(s) = ψ(s)⊤w. Denote Ψ ∈ RS×d as the
feature matrix by stacking up ψ(s)⊤, and the value function approximation is a linear regressor
Vw = Ψw ∈ RS . Let Ψ = [ψ1, . . . ψd] with ψi ∈ RS , without loss of generality, assume ψ1 is an
all-one vector, which corresponds to the bias term of the linear regressor, and Ψ is full column rank.

We propose the IPM dF (p, q) = supf∈F{p⊤f − q⊤f} determined by function class

F = {Ψξ : ξ ∈ Rd, ∥ξ∥ ≤ 1} restatement of Eq (5) in matrix form.

The robust Bellman operator T π
P V (2) requires solving the optimization infq∈Ps,a q

⊤V , which is
equivalent to

minq∈∆S q⊤V s.t. supf∈F q
⊤f − (p◦s,a)

⊤f ≤ δ.

We relax the domain constraint q ∈ ∆S to
∑

s q(s) = 1 and define Ps,a = {q : dF (q, p
◦
s,a) ≤

δ,
∑

s q(s) = 1}. This relaxation omits the boundary effect of ∆S , which facilitates the following
analysis. The relaxation is also made for ℓp norm-based uncertainty set [28], and one can argue that
it does not introduce any relaxation error for p◦s,a(s

′) > 0,∀s, a, s′ and small δ.

Restatement of Proposition 1. For the IPM withF in (5), we have infq∈Ps,a
q⊤Vw = (p◦s,a)

⊤Vw−
δ∥w2:d∥.

Proof of Proposition 1. Denote u = q − p◦s,a. The infq∈Ps,a
q⊤V under the relaxation is

min
u

(p◦s,a)
⊤Ψw + u⊤Ψw, s.t. sup

∥ξ∥≤1

u⊤Ψξ ≤ δ, u⊤1 = 0.

Since Ψ is full column rank and ψ1 is an all 1 vector, we know {Ψ⊤u : u⊤1 = 0, u ∈ RS} = {y ∈
Rd : y1 = 0}. The optimization problem can then be written as

min
y

(p◦s,a)
⊤Ψw + y⊤2:dw2:d, s.t. sup

∥ξ2:d∥≤1

y⊤2:dξ2:d ≤ δ.

The constraint is equivalent to ∥y2:d∥∗ ≤ δ and the optimal value can then be written as (p◦s,a)
⊤Vw−

δ∥w2:d∥, which concludes the proof of Proposition 1.

The IPM has many merits due to its capability to take advantage of the geometry of the domain
(state space) through the function class.
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C Robust Critic Analysis

We analyze the robust critic component in the RNAC algorithm (Algorithm 1). This section would
also be of independent interest for the robust policy evaluation problem, where one aims to estimate
the robust value of some policy given Markovian data.

The first two subsections focus on the linear function approximation and prove the main theorems
as stated in Section 5 of the main paper. The last subsection focuses on the general function approx-
imation.

C.1 Linear Robust Value Function Approximation

Setting: We aim to approximate the robust value function V π thorough linear function class

Vw(s) = ψ(s)⊤w, ∀s ∈ S. (12)

The “optimal” linear value approximation Vwπ is the solution of the projected robust Bellman equa-
tion i.e.,

ΠπT π
P Vwπ = Vwπ ,

where the projection matrix is Ππ = Ψ(Ψ⊤DπΨ)−1Ψ⊤Dπ withDπ = diag(νπ) and νπ is the state
stationary distribution of executing policy π on the nominal model p◦.
Definition 3 (Linear value approximation error). ϵV,bias := supπ ∥ΠπV π − V π∥νπ .

wπ is the solution of the projected robust Bellman equation ΠπT π
P Vw = Vw. When ΠπT π

P is
β-contraction w.r.t. ∥ · ∥νπ , we have (according to Corollary 4 in [53])

∥Vwπ − V π∥νπ ≤ 1

1− β
∥ΠπV π − V π∥νπ ≤ ϵV,bias

1− β
. (13)

C.1.1 Contraction of Projected Robust Bellman Operator

The contraction property of the projected robust Bellman operator is the key to guaranteeing the
convergence of linear TD algorithms. The contraction property can be guaranteed when Assumption
2 is satisfied, and we show that the DS uncertainty set with a small δ indeed satisfies this assumption.

We refer to a divergence d(·, ·) as C-continuous at uniform distribution Unif([m]), if {α ∈ ∆[m] :
d(α,Unif([m])) ≤ ϵ} ⊆ {α ∈ ∆[m] : ∥α− Unif([m])∥∞ ≤ Cϵ},∀ϵ > 0.

Proposition 4. Uncertainty set implicitly defined by double sampling with divergence d(·, ·) that is
C-continuous at uniform distribution Unif([m]) and δ < 1−γ

γmC satisfies Assumption 2.

Proof. For the uncertainty set P implicitly defined by double-sampling with robust Bellman opera-
tor 3

(T π
P V )(s) := Ea∼π(·|s),s′1:m∼p◦

s,a

[
r(s, a) + γ inf

α∈∆[m]:d(α,Unif([m]))≤δ

m∑
i=1

αiV (s′i)

]
.

Since d(·, ·) is C-continuous at uniform distribution, take arbitrary (s, a, s′), we know

sup
q∈Ps,a

q(s′) = Es′1:m∼p◦
s,a

[
sup

α∈∆[m]:d(α,Unif(m))≤δ

m∑
i=1

αi1(s
′
i = s′)

]

≤ Es′1:m∼p◦
s,a

[
sup

α∈∆[m]:∥α−Unif(m)∥∞≤Cδ

m∑
i=1

αi1(s
′
i = s′)

]

≤ Es′1:m∼p◦
s,a

[
m∑
i=1

(
1

m
+ Cδ)1(s′i = s′)

]
= p◦s,a(s

′)(1 +mCδ).

To guarantee γ supq∈Ps,a
q(s′) ≤ βp◦s,a with some β < 1, we know need (1 +mCδ) < 1

γ , which
can be achieved by δ < 1−γ

γmC .
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The following theorem shows that choosing a small δ is not a panacea for the well-known f -
divergence uncertainty set. Note that many well-known metrics, such as KL-divergence, total varia-
tion, and χ2-divergence are special cases of f -divergence.
Proposition 5 (Restatement of Proposition 3). For any f -divergence and radius δ > 0, there exists
a geometrically mixing nominal model such that the f -divergence defined uncertainty set violates
Assumption 2.

Proof of Proposition 3. Given a continuous strict convex function f : R+ → R with f(1) = 0, the
f -divergence is defined as df (q, p) =

∑
s p(s)f(

q(s)
p(s) ).

Given a nominal model p◦ and a radius δ > 0, the f -divergence-based uncertainty set is P
with Ps,a = {q : df (q, p

◦
s,a) ≤ δ}. For any f and δ > 0, consider a nominal model

p◦, which has a uniform transition probability, i.e., transits to a uniformly and randomly se-
lected next state at any state-action pair, except for (s, a). The transition probability at (s, a) is
p◦s,a = (α, 1−α

|S|−1 ,
1−α
|S|−1 , . . . ,

1−α
|S|−1 ), where α is some parameter to be determined later. It is clear

that this nominal model p◦ is well mixed for any α ∈ [0, 1]. Consider another model q which
coincides with p◦ except for states (s, a) with qs,a = (α/γ, 1−α/γ

|S|−1 ,
1−α/γ
|S|−1 , . . . ,

1−α/γ
|S|−1 ). Note that

qs,a(1)
p◦
s,a(1)

= 1
γ , thus if q ∈ P , the Assumption 2 of β < 1 is violated. Since as α→ 0, by the continuity

of f and f(1) = 0, we have

df (qs,a, p
◦
s,a) =

∑
s′

p◦s,a(s
′)f(

qs,a(s
′)

p◦s,a(s
′)
) = αf(1/γ) + (1− α)f(1− α/γ

1− α
)

= αf(1/γ) + (1− α)f(1− 1/γ − 1

1− α
α)→ 0 < δ.

Therefore, with a sufficiently small α, we have qs,a ∈ Ps,a and clearly q ∈ P . Thus there does not
exist a universal choice of δ for f -divergence-based uncertainty set to guarantee Assumption 2.

We next prove Lemma 1, which shows the contraction of robust Bellman operator for IPM-based
RMDP without Assumption 2.

Proof of Lemma 1. Let Pπ(s′|s) :=
∑

a p
◦
s,π(a|s)(s

′) be the state transition kernel of executing
policy π on the nominal model p◦. We can view Pπ ∈ RS×S as a matrix. Recall Dπ = diag(νπ),
we have

∥T π
P Ψw − T π

P Ψw′∥νπ =
∥∥∥γPπΨw − γδ∥w2:d∥1− γPπΨw′ + γδ∥w′

2:d∥1
∥∥∥
νπ

≤γ∥Ψw −Ψw′∥νπ + γδ
∣∣∥w∥ − ∥w′∥

∣∣ ≤ γ∥Ψw −Ψw′∥νπ +
γδ

λmin(Ψ⊤DπΨ)
∥Ψw −Ψw′∥νπ .

Since Ππ is a non-expansion mapping w.r.t. ∥ · ∥νπ , ΠπT π
P is a contraction mapping if γ(1 +

δ
λmin(Ψ⊤DπΨ)

) < 1, which is equivalent to the condition δ < λmin(Ψ
⊤DπΨ) 1−γ

γ .

C.1.2 Convergence of Robust Linear TD

As discussed in the paragraph under Assumption 1, robust linear TD (RLTD) is a stochastic approx-
imation (c.f. Section F.3 for a brief overview of stochastic approximation) since empirical operator
T̂ π
P ((3) or (6)) is unbiased with

E(s,a,y′)∼νπ◦π◦p◦

[
ψ(s)

[
(T̂ π

P Vw)(s, a, y
′)− ψ(s)⊤w

]]
= Ψ⊤Dπ(T π

P Vw − Vw).

We can then let F (w, x) = ψ(s)
[
(T̂ π

P Vw)(s, a, y
′)− ψ(s)⊤w

]
with x = (s, a, y′) and RLTD is

solving the following equation

F̄ (w) := Ψ⊤D(T π
P Ψw −Ψw) = 0,
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through stochastic approximation:

wk+1 = wk + αkF (wk, xk), xk = (sk, ak, yk+1).

It is clear that {xk} is also a Markov chain with domain X = S × A × Y , Y = Sm for the
double-sampling uncertainty set with m samples and Y = S for the IPM uncertainty set.
Theorem 5 (Formal statement of Theorem 3). Take δ as in Lemma 1 and in Proposition 4, for the
DS uncertain set or the IPM uncertainty set, respectively. Under Assumption 1, RLTD with step
sizes αk = Θ(1/k) guarantees E[∥wK − wπ∥2] = Õ( 1

K ) and E[∥VwK
− Vwπ∥2νπ ] = Õ( 1

K ).

Proof of Theorem 5. By Proposition 4 and Lemma 1, DS or IPM with small δ can guarantee ΠπT π
P

is a β-contraction w.r.t. ∥ · ∥νπ for some β < 1. The theorem can be proved by applying Lemma 12.
For this purpose, we only need to show that Assumption 8 is satisfied for RLTD. We check the three
conditions in Assumption 8 as follows.

1. The geometric mixing property of {xk = (sk, ak, yk+1)}k≥0 is straightforward given geo-
metrically mixed {sk}k≥0.

2. Since r ∈ [0, 1] and ∥ψ(s)∥ is bounded ∀s ∈ S , we have ∥F (0, x)∥ = ∥ψ(s)r(s, a)∥ ≤
∥ψ(s)∥ is also bounded for any x = (s, a, y′).

For double-sampling (3) and any x = (s, a, s′1:m),

F (w, x) = ψ(s)

(
r(s, a) + γ inf

α∈∆[m]:d(α,Unif(m))≤δ

m∑
i=1

αiVw(s
′
i)− ψ(s)⊤w

)
.

Let Ψs′1:m
∈ Rm×d be the matrix by stacking up ψ(s′1)

⊤, . . . , ψ(s′m)⊤, we have

∥F (w1, x)− F (w2, x)∥

≤ γ∥ψ(s)∥
∣∣∣inf
α
α⊤Ψs′1:m

w1 − inf
α
α⊤Ψs′1:m

w2

∣∣∣+ γ∥ψ(s)ψ(s)⊤(w1 − w2)∥

≤ γ∥ψ(s)∥| sup
α
α⊤Ψs′1:m

(w1 − w2)|+ γ∥ψ(s)∥2∥w1 − w2∥

≤ max
s′

2γ∥ψ(s′)∥2∥w1 − w2∥,

where supα, infα are taking in {α ∈ ∆[m] : d(α,Unif([m])) ≤ δ}. Thus there exists L1 =

max(maxs ∥ψ(s)∥, 2γmaxs ∥ψ(s)∥2) that guarantee ∥F (0, x)∥ ≤ L1 and ∥F (w, x) −
F (w′, x)∥ ≤ L1∥w − w′∥ for the double-sampling RMDP.

For IPM (6) and any x = (s, a, s′),

F (w, x) = ψ(s)
(
r(s, a) + γψ(s′)⊤w − γδ∥w2:d∥ − ψ(s)⊤w

)
.

We have

∥F (w, x)− F (w′, x)∥ ≤ max
s

(
(γ + 1)∥ψ(s)∥2 + γδ∥ψ(s)∥

)
∥w − w′∥,

which also satisfies the second item of Assumption 8 by setting L1 =
max(maxs ∥ψ(s)∥,maxs

(
(γ + 1)∥ψ(s)∥2 + γδ∥ψ(s)∥

)
).

3. Note that for small δ, ΠπT π
P is a β-contraction w.r.t. ∥ · ∥νπ . Since there exists wπ with

F̄ (wπ) = 0, let D := Dπ = diag(νπ), we have

⟨w − wπ, F̄ (w)⟩ = ⟨w − wπ, F̄ (w)− F̄ (wπ)⟩
= ⟨w − wπ,Ψ⊤D(T πΨw − T πΨwπ)⟩ − ∥Ψ(w − wπ)∥2νπ

= ⟨Ψ⊤DΨ(w − wπ), (Ψ⊤DΨ)−1Ψ⊤D(T πΨw − T πΨwπ)⟩ − ∥Ψ(w − wπ)∥2νπ

= ⟨D1/2Ψ(w − wπ), D1/2Ψ(Ψ⊤DΨ)−1Ψ⊤D(T πΨw − T πΨwπ)⟩ − ∥Ψ(w − wπ)∥2νπ

≤ ∥Ψ(w − wπ)∥νπ∥ΠπT π
P Ψw −ΠπT π

P Ψwπ∥νπ − ∥Ψ(w − wπ)∥2νπ

≤ −(1− β)∥Ψ(w − wπ)∥2νπ ≤ −(1− β)λmin(Ψ
⊤DΨ)∥w − wπ∥2,

where the first inequality is due to the Cauchy-Schwarz inequality and the second inequality
is due to the β-contraction property of ΠπT π

P .
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In addition, we have

E[∥VwK
− Vwπ∥2νπ ] = E[(wK − wπ)⊤(Ψ⊤Dππ

Ψ)(wK − wπ)]

≤ λmax(Ψ
⊤DπΨ)E[∥wK − wπ∥2] = Õ(1/K).

C.2 Extension of General Value Function Approximation

Setting: In the general function approximation setting, we consider a known finite and bounded
function class G ⊂ RS to fit the robust value function V π , i.e.,

G ⊂ RS , |G| <∞, |g(s)| <∞, ∀g ∈ G,∀s ∈ S. (14)

Note that IPM-based RMDP with empirical robust Bellman operator (6) only applies to linear func-
tion approximation. We implement it similarly by adding a negative regularization with neural
network approximating the robust values, which also induces robust behavior of the learned policy
as illustrated in the experiments (Section 7). However, it may not directly match any specific uncer-
tainty set. We thus only consider the DS-based RMDP in this general value function approximation
setting.

We define the robust Bellman error as follows.

Definition 4 (Robust Bellman Error). ϵg,bias := maxπ maxg∈G ming′∈G ∥T π
P g − g′∥νπ .

If ϵg,bias = 0, then the robust value is realizable within the function class, i.e., V π ∈ G for any
π ∈ G.

C.2.1 Fitted Robust Value Evaluation Algorithm

We propose the fitted robust value evaluation (FRVE) in Algorithm 5, a robust version of the fitted
value evaluation commonly used in offline RL. This algorithm first samples a batch of data from
the nominal model, then select the last half as training data for analytical purpose without losing
the order while the Markovian data are close to the stationary distribution due to geometric mixing
Assumption 1, and iteratively solve for a better robust value approximation based on the current
approximation gk and its robust value estimate T̂ π

P (gk).

Algorithm 5: Fitted Robust Value Evaluation (FRVE)
Input: π,K
Initialize: g0, s0
for k = 0, 1, . . . ,K − 1 do

Sample ak ∼ π(·|sk), yk+1 according to p◦sk,ak
, and sk+1 from yk+1

// For DS: yk+1 = s′1:m
i.i.d.∼ p◦sk,ak

, sk+1 ∼ Unif(yk+1) and T̂ π
P in (3)

Let D = {(sk, ak, yk+1)}K−1
k=K/2 be the dataset

for k = 0, 1, . . . ,K − 1 do

Update gk+1 = argming∈G
1

|D|
∑

(s,a,y′)∈D

(
(T̂ π

P gk)(s, a, y
′)− g(s)

)2
.

Return: gK

Theorem 6 (Convergence of FRVE). For DS RMDP with δ suggested by Proposition 4, T π
P is a

β-contraction mapping for some β < 1. Under Assumption 7, the return of FRVE Algorithm 5 has

E[∥V π − gK∥νπ ] ≤ βK(Gmax +
1

1− γ
) +

ϵg,stat
1− β

+
ϵg,bias
1− β

,

where Gmax := maxg∈G((T̂ π
P g)(s, a, y

′), ∥T π
P g∥νπ , ∥g∥νπ ) and ϵg,stat = Õ(1/

√
K). Thus

E[∥V π − gK∥νπ ] = Õ(1/
√
K) +O(ϵg,bias).
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Proof. By the contraction mapping of T π
P

∥V π − gK∥νπ ≤ ∥T π
P V

π − T π
P gK−1∥νπ + ∥T π

P gK−1 − gK∥νπ

≤ β∥V π − gK−1∥νπ + ∥T π
P gK−1 − gK∥νπ

≤
K∑

k=1

βK−k∥T π
P gk−1 − gk∥νπ + βK∥V π − g0∥νπ

≤
K∑

k=1

βK−k∥T π
P gk−1 − gk∥νπ + βK(∥g0∥νπ +

1

1− γ
).

Note that T π
P gk−1 is a target that gk is an approximation through MSE with Markovian data. If the

data is stationary, i.e., sK/2 ∼ νπ , applying Lemma 11 and the union bound over G (taking T π
P g as

a target for each g ∈ G), we know with probability at least 1− δ,

∥T π
P gk−1 − gk∥νπ = O

(
Gmax

√
log(|G|) + log(1/δ)

K

)
+O(ϵg,bias), ∀k = 1, 2, . . . ,K.

Let Pµ be a distribution on D with xK/2 ∼ µ, and let Pνπ be a distribution on D with xK/2 ∼ νπ .
Take µ as the true distribution of xK/2 according to the data sampling process as in Algorithm 5.
We know ∥µ− νπ∥TV = O(e−K) by Assumption 1, and thus

ED∼Pµ
[∥T π

P gk−1 − gk∥νπ ] ≤ 2Gmax∥Pµ − Pνπ∥TV + ED∼Pνπ [∥T π
P gk−1 − gk∥νπ ]

= 2Gmax∥µ− νπ∥TV + ED∼Pνπ [∥T π
P gk−1 − gk∥νπ ]

= O(Gmaxe
−K) +O

(
Gmax

√
log(|G|) + log(K)

K

)
+O(ϵg,bias).

The proof of the theorem is thus concluded.

D Robust Natural Actor Analysis

We analyze the robust natural component in the RNAC algorithm (Algorithm 1).

We first discuss the Fréchet supergradient of the robust value function in the first subsection. The
second subsection focuses on the linear function approximation and proves the main theorems as
stated in Section 5 of the main paper. The last subsection focuses on the general function approxi-
mation.

D.1 Policy Gradient and Performance Difference

The robust value function J(θ) = V πθ (ρ) is in general not differentiable. But since it is Lipschitz
(w.r.t. to Lipschitz policy parameterization), it is differentiable almost everywhere according to
Rademacher’s theorem [14]. At the place not differentiable, Fréchet supergradient ∇J of J is then
defined as

lim sup
θ′→0

J(θ′)− J(θ)− ⟨∇J(θ), θ′ − θ⟩
∥θ′ − θ∥

≤ 0.

When function J is differentiable, J at any point θ has a unique Fréchet supergradient, which is the
gradient of J at θ.

Proof of Lemma 2. The Fréchet supergradient exists for tabular RMDP [29], which is

[∇πV
π(ρ)]s,a =

1

1− γ
dπ,κπ
ρ (s)Qπ(s, a), ∀s, a,

where [∇πV
π(ρ)]s,a indicates the (s, a) coordinate of vector ∇πV

π(ρ). π = πθ is a policy param-
eterized by θ.

∇θV
πθ (ρ) =

∑
s,a

[∇πV
π(ρ)]s,a∇θπθ(a|s)
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=
1

1− γ
Es∼dπ,κπ

ρ
Ea∼πs

[Qπ(s, a)∇θ log πθ(a|s)]

=
1

1− γ
Es∼dπ,κπ

ρ
Ea∼πs

[Aπ(s, a)∇θ log πθ(a|s)],

where the first relation is by the chain rule of supergradient.

D.2 Linear Function Policy Approximation

Setting: This subsection considers the log-linear policy with

πθ(a|s) =
exp
(
ϕ(s, a)⊤θ

)∑
a′ exp(ϕ(s, a′)⊤θ)

, ∀(s, a) ∈ S ×A, (15)

where ϕ(s, a) ∈ Rd is some known feature vector and θ ∈ Rd is the policy parameter. Let Φ ∈
R|S||A|×d be the feature matrix by stacking up the feature vectors ϕ(s, a)⊤.

Recall the discussion of the proposed RQNPG in Section 6. We approximate the robust Q
function Qπ via Qw(s, a) = r(s, a) + infp∈Ps,a p

⊤Vw given a value function approximation
Vw from the robust critic, and then approximate Qw by a policy-compatible [52] robust Q-
approximation Qu = Φu. In other words, we project Qw onto span(Φ). Denote by Ππ

Φ :=

Φ(Φ⊤diag(νπ ◦π)Φ)−1Φ⊤diag(νπ ◦π) ∈ R|S||A|×|S||A| the projection matrix onto space span(Φ)
w.r.t. norm ∥ · ∥νπ◦π . We then define the approximation error ϵQ,bias below. When realizable, i.e.,
Qπ ∈ span(Φ), the approximation error ϵQ,bias = 0.
Definition 5. ϵQ,bias := maxπ,π′ max

d=d
π′,κ

π′
ρ ,dπ∗,κπ

ρ or νπ∗ ∥Ππ
ΦQ

π −Qπ∥d◦Unif.

We assume a finite relative condition number (Assumption 3) (similar to that in [3]). The relative
condition number is not necessarily related to the size of the state space (details are shown in Remark
6.3 of [3]).

Assumption 3. maxπ,π′ max
d=d

π′,κ
π′

ρ ,dπ∗,κπ
ρ or νπ∗ supu

∥Φu∥d◦Unif

∥Φu∥νπ◦π
≤ ξ <∞ for some ξ.

Now we look at a specific update θt+1 = RQNPG(θt, ηt, wt, N), where wt = RLTD(πθt ,K).

D.2.1 RQNPG One-Step Analysis – Robust Q Function Approximation

In this update θt+1 = RQNPG(θt, ηt, wt, N), where wt = RLTD(πθt ,K). RQNPG first approximates
Qwt(s, a) = r(s, a) + γ infp∈Ps,a

p⊤Vwt = E[(T̂ π
P Vwt)(s, a, y′)|s, a] by Qu(s, a) = ϕ(s, a)⊤u, as

the caculation of uN in Algorithm 3. Let

ut∗ := argmin
u

E(s,a)∼νt◦πt [(Qwt(s, a)−Qu(s, a))2].

be the optimal approximation for the target Qwt . ut∗ is approximated by stochastic approximation
(c.f. Section F.3 for a brief overview of stochastic approximation) with a mean squared error loss

L(u;Vwt , π) = E(s,a,y′)∼νπ◦π◦p◦

[(
(T̂ π

P Vwt)(s, a, y′)− ϕ(s, a)⊤u
)2]

.

We know ut∗ is the unique solution of

0 = −∇uL(u;Vwt , π) = E(s,a,y′)∼νπ◦π◦p◦

[
ϕ(s, a)

(
(T̂ π

P Vwt)(s, a, y′)− ϕ(s, a)⊤u
)]
.

Let F (u, x) be the function inside the expectation with x = (s, a, y′), and F̄ (u) be the negative gra-
dient−∇uL(u;V, π). We then solve this stochastic zero point problem by stochastic approximation
as in

un+1 = un + ζnϕ(sn, an)
[
(T̂ π

P Vw)(sn, an, yn+1)− ϕ(sn, an)⊤un
]
= un + ζnF (un, xn),

where xn = (sn, an, yn+1).
Lemma 3 (Convergence of compatible Q function approximation (SGD with Markovian data)).
Under Assumption 1, RQNPG (Algorithm 3) with step sizes ζn = Θ(1/n) guarantees E[∥uN −
ut∗∥2] = Õ( 1

N ) and E[∥QuN −Qut
∗∥2νt◦πt ] = Õ( 1

N ).
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Proof of Lemma 3. The lemma is implied by Lemma 12. To see this, we only need to show that
Assumption 8 is satisfied. We check the three conditions in Assumption 8 as follows.

1. The geometric mixing property of {xk}k≥0 is straightforward given geometrically mixed
{sk}k≥0.

2. Since ∥ϕ(s, a)∥ is bounded ∀(s, a) ∈ S ∈ A, similar proof follows as in the proof of 5.

3. Since there exists uπ with F̄ (uπ) = 0 and L(u;V, π) is λmin(Es,a[ϕs,aϕ
⊤
s,a])-strongly

convex, we have

⟨u− uπ, F̄ (u)⟩ = ⟨u− uπ, F̄ (u)− F̄ (uπ)⟩
=− ⟨u− uπ,∇L(u;V, π)−∇L(uπ;V, π)⟩ ≤ −λmin(Σνπ◦π)∥u− uπ∥2,

where Σνπ◦π := Es∼νπ,a∼π[ϕs,aϕ
⊤
s,a].

Denote by Ππ
Φ := Φ(Φ⊤diag(νπ ◦π)Φ)−1Φ⊤diag(νπ ◦π) ∈ R|S||A|×|S||A| the projection matrix of

function Q ∈ R|S||A| onto matrix Φ ∈ R|S||A|×d under norm ∥ · ∥νπ◦π . We know Qut
∗ = Ππt

Φ Qwt .
We have

E[∥QuN −Qut
∗∥2νt◦πt ] = E[(ut∗ − uN )⊤(Φ⊤diag(νt ◦ πt)Φ)(ut∗ − uN )]

≤ λmax(Φ
⊤diag(νt ◦ πt)Φ)E[∥ut∗ − uN∥2] = Õ(1/N).

For the update at step t, θt+1 = RQNPG(θt, ηt, wt, N) and wt = RLTD(πθt ,K), let πt = πθt be
the policy at step t. Let ut = uN (uN in Algorithm 3) and Lemma 3 above shows that E[∥Qut −
Qut

∗∥2νt◦πt ] = Õ( 1
N ). This does not necessarily implies that Qut

and Qπt

are close since the
property of the critic returned wt is required. We measure the difference between Qut

and Qπt

in
the following lemma.

Let wt
∗ = wπt

and wt = RLTD(πθt ,K) is the output of RLTD at step t. Define ϵV,stat :=

maxt=0,1,...,T−1{
√
E[∥Vwt

∗
− Vwt∥2νt ]}, and ϵV,stat = Õ(1/

√
K) by Theorem 3.

Lemma 4. Under the conditions in Theorem 5 and Assumption 3, there is some ϵ = ϵstat + ϵbias

that for any π, π′ and any d = d
π′,κπ′
ρ , dπ

∗,κπt
ρ or νπ

∗
,∣∣∣E [E(s,a)∼d◦π[Q

ut

(s, a)−Qπt

(s, a)]
]∣∣∣ ≤ ϵ, (16)

where the outside expectation is taken w.r.t. the randomness of the data collected in wt =
RLTD(πθt ,K) and θt+1 = RQNPG(θt, ηt, wt, N). Moreover, ϵstat =

√
|A| (ξβϵV,stat + ξϵQ,stat)

with ϵV,stat = Õ( 1√
K
) and ϵQ,stat = Õ( 1√

N
); ϵbias =

√
|A|
(

ξβ
1−β ϵV,bias + ϵQ,bias

)
with ϵV,bias

and ϵQ,bias in Definitions 3 and 5, respectively.

Proof of Lemma 4. For any d = dπ
t+1,κt+1

s , dπ
∗,κt

ρ or νπ
∗

and for any π, we know for any Q,Q′∣∣∣E [E(s,a)∼d◦π[Q(s, a)−Q′(s, a)]
] ∣∣∣ ≤ E

[√
|A|E(s,a)∼d◦Unif[(Q(s, a)−Q′(s, a))2]

]
=
√
|A|E [∥Q−Q′∥d◦Unif] .

To quantify the error between Qut −Qπt

, recall Qut
∗ = Ππt

Φ Qwt and we decompose it into

Qut

−Qπt

= (Qut

−Qut
∗) + (Ππt

Φ Qwt −Ππt

Φ Qwt
∗
) + (Ππt

Φ Qwt
∗
−Ππt

Φ Q
πt

) + (Ππt

Φ Q
πt

−Qπt

),

and bound each term respectively. We can transfer the norm within the space spanned by Φ via the
assumption that ∥Φu∥d◦Unif ≤ ξ∥Φu∥νπ◦π . Note that the first three terms all lie in the span(Φ), we
have the first term bounded by

E
[
∥Qut

−Qut
∗∥d◦Unif

]
≤ ξE

[
∥Qut

−Qut
∗∥νπt◦πt

]
≤ ξ
√
E
[
∥Qut −Qut

∗∥2
νπt◦πt

]
≤ ξϵQ,stat,

27



for some ϵQ,stat = Õ( 1√
N
) as in Lemma 3. The second term is bounded by

E
[
∥Ππt

Φ Qwt −Ππt

Φ Qwt
∗
∥d◦Unif

]
≤ ξE

[
∥Ππt

Φ Qwt −Ππt

Φ Qwt
∗
∥νπt◦πt

]
≤ ξE

[
∥Qwt −Qwt

∗
∥νπt◦πt

]
≤ ξβE[∥Vwt − Vwt

∗
∥νt ] ≤ ξβ

√
E[∥Vwt − Vwt

∗
∥2νt ] ≤ ξβϵV,stat

for some ϵV,stat = Õ( 1√
K
) as in Theorem 5. The third term is bounded by

E
[
∥Ππt

Φ Qwt
∗
−Ππt

Φ Q
πt

∥d◦Unif

]
≤ ξE

[
∥Ππt

Φ Qwt
∗
−Ππt

Φ Q
πt

∥νπt◦πt

]
≤ ξE

[
∥Qwt

∗
−Qπt

∥νπt◦πt

]
≤ ξβE[∥Vwt

∗
− V t∥νπ ] ≤ ξβE[∥Π

tV t − V t∥νπ ]

1− β
≤ ξβϵV,bias

1− β
,

where the last inequality is by Definition 3 and inequality (13). The last term is then bounded by
Definition 5 E[∥Ππt

Φ Q
πt −Qπt∥d◦Unif] ≤ ϵQ,bias. We thus have∣∣∣E [E(s,a)∼d◦π[Q

ut

(s, a)−Qπt

(s, a)]
]∣∣∣ ≤√|A|(ξϵQ,stat + ξβϵV,stat +

ξβ

1− β
ϵV,bias + ϵQ,bias

)
,

which concludes the proof.

D.2.2 RQNPG One-step Analysis – Mirror Ascent Update

Now we look at the policy improvement of the update θt+1 = RQNPG(θt, ηt, wt, N) with ζn =
Θ(1/n) (Algorithm 3), where wt = RLTD(πθt ,K). Let ut = uN (uN in Algorithm 3), and we
know the RQNPG update is θt+1 = θt + ηtut.

This RQNPG update is equivalent to a certain mirror ascent update. Specifically, recall Qut

(s, a) =
ϕ(s, a)⊤ut is the approximated robust Q function, the RQNPG update θt+1 = θt+ηtut is equivalent
to [4]

πt+1
s ← arg max

π∈∆A
{ηt⟨Qut

s , π⟩ −KL(π, πt
s)} ∀s ∈ S, (17)

where we let πs := π(·|s) and Qs := Q(s, ·) for simplicity. Note that this update can be viewed
as a mirror descent step with KL-divergence as Bregman divergence. Given this mirror descent
formulation of policy update in Eq (17), the pushback property indicates that for any policy π (Eq
(2) in [68]),

ηt⟨Qut

s , π
t+1
s ⟩ −KL(πt+1

s , πt
s) ≥ ηt⟨Qut

s , πs⟩ −KL(πs, π
t
s) + KL(πs, π

t+1
s ),

which is equivalent to the following fundamental inequality

ηt⟨Qut

s , πs − πt
s⟩+ ηt⟨Qut

s , π
t
s − πt+1

s ⟩ ≤ KL(π, πt
s)−KL(π, πt+1

s )−KL(πt+1
s , πt

s). (18)

Restatement of Theorem 4 (Approximate policy improvement) For any t ≥ 0, we know

V πt+1

(ρ) ≥ V πt

(ρ) +

KL
d
πt+1,κ

πt+1
ρ

(πt, πt+1) + KL
d
πt+1,κ

πt+1
ρ

(πt+1, πt)

(1− γ)ηt
− ϵt

1− γ
, (19)

where KLν(π, π
′) :=

∑
s ν(s)KL(π(·|s), π′(·|s)) ≥ 0 and E[ϵt] = Õ( 1√

N
+ 1√

K
) +O(ϵbias).

Proof of Theorem 4. Let κt+1 = κπt+1 be the worst-case transition kernel w.r.t. policy πt+1, and
let ϵt = E

s∼dπt+1,κt+1
ρ

[⟨Qπt

s −Qut

s , π
t+1
s − πt

s⟩]. We have

V πt+1

(ρ)− V πt

(ρ) ≥ 1

1− γ
E
s∼dπt+1,κt+1

ρ
[⟨Qπt

s , π
t+1
s − πt

s⟩]

=
1

1− γ
E
s∼dπt+1,κt+1

ρ
[⟨Qut

s , π
t+1
s − πt

s⟩] +
1

1− γ
E
s∼dπt+1,κt+1

ρ
[⟨Qπt

s −Qut

s , π
t+1
s − πt

s⟩]
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Algorithm 6: Robust Natural Policy Gradient (RNPG)
Input: θ, η, w,N
Initialize: u0, s0, let π = πθ
for n = 0, 1, . . . , N − 1 do

Sample an ∼ πθ(·|sn), yn+1 according to p◦sk,ak
and determine sn+1 from y′n+1

Update un+1 = (1− λ)un +

ζn∇θ log πθ(an|sn)
[
(T̂ π

P Vw)(sn, an, yn+1)− Vw(sn)−∇θ log πθ(an|sn)⊤un
]
.

// For DS: yn+1 = s′1:m
i.i.d.∼ p◦sn,an

, sn+1 ∼ Unif(yn+1) and T̂ π
P in (3)

// For IPM: yn+1 = sn+1 ∼ p◦sn,an
and T̂ π

P in (6)

Return: θ + ηuN

≥
KL

dπt+1,κt+1
ρ

(πt, πt+1) + KL
dπt+1,κt+1
ρ

(πt+1, πt)

(1− γ)ηt
− ϵt

1− γ
,

where the first inequality is by Lemma 8, and the last inequality is by taking π = πt in the funda-
mental inequality Eq (18), which implies

ηt⟨Qut

s , π
t+1
s − πt

s⟩ ≥ KL(πt
s, π

t+1
s ) + KL(πt+1

s , πt
s).

ϵt can then be bounded by Lemma 4 with E[ϵt] ≤ 2ϵ = 2ϵstat + 2ϵbias, where ϵstat, ϵbias are
specified in Lemma 4 with ϵstat = Õ( 1√

N
+ 1√

K
).

D.3 Extension of General Function Approximation of Policy

Setting: In this subsection, we consider a general policy class of form{
πθ(a|s) =

exp (fθ(s, a))∑
a′∈A exp (fθ (s, a′))

| θ ∈ Rd

}
, (20)

where fθ is a differentiable function. This general policy class contains the log-linear policy class
as a special case by fθ(s, a) = ϕ(s, a)⊤θ.

D.3.1 Robust Natural Policy Gradient with General Function Approximation

For the general policy class in Eq (20), we propose a Robust NPG (RNPG) algorithm.

This algorithm can be applied to RNAC (Algorithm 1) for the robust natural actor update. Now we
look at a specific update θt+1 = RNPG(θt, ηt, wt, N), where wt is the output of the robust critic at
step t. Note that for the critic with general function approximation Eq. (14), we slightly abuse the
notation by Vwt = gt, where gt is the output of the FRVE (Algorithm 5) at step t of RNAC. We can
view g ∈ G is parameterized by some w, as indicated in the RNAC algorithm Algorithm 1.

Denote by ϕθ(s, a) := ∇θ log πθ(an|sn) and Φθ ∈ R|S||A|×d as the feature matrix stacking up
feature vector ϕθ. For each t = 0, 1, . . . , T − 1, we let ϕt := ϕθ

t

and Φt := Φθt

for simplicity. The
RNPG update is θt+1 ← θt + ηtut, where ut = uN as the output of the stochastic gradient descent
in Algorithm 6,

un+1 = (1− λ)un + ζn∇θ log πθt(an|sn)
[
(T̂ πθt

P Vwt)(sn, an, yn+1)− Vwt(sn)−∇θ log πθ(an|sn)⊤un
]
.

RNPG approximates the value approximated advantage function Awt(s, a) := r(s, a) +

γ infp∈Ps,a p
⊤Vwt − Vwt(s) by Au

t := Φtu. Note that (T̂ πt

P Vwt)(sn, an, yn+1) − Vwt(sn) is an
unbiased estimate of Awt(sn, an), i.e.,

E[(T̂ πt

P Vwt)(sn, an, yn+1)− Vwt(sn)|sn, an] = Awt(sn, an).

RNPG thus is iteratively solving the following optimization

1

2
∥Awt − Φtu∥2νt◦πt +

λ

2
∥u∥2, (21)
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by stochastic approximation (stochastic gradient descent with Markovian data). Denote by uπ
t

∗ the
optimal value of the optimization, which is also a solution of the equation

0 = (Φt)⊤(Awt − Φtu)− λu

= E(s,a,y′)∼νπ◦π◦p◦

[
ϕt(s, a)

(
(T̂ πt

P Vwt)(s, a, y′)− Vwt(s)− ϕt(s, a)⊤u
)]
− λu.

Theorem 7 (Convergence of compatible advantage function approximation (SGD with Markovian
data)). Under assumption 1, RNPG(θt, ηt, wt, N) (Algorithm 6) with step sizes ζn = Θ(1/n) guar-

antees E[∥uN − ut∗∥2] = Õ( 1
N ) and E[∥AuN

t −Aut
∗

t ∥2νt◦πt ] = Õ( 1
N ).

Proof of Theorem 7. The theorem can be proved in the same manner as that for Lemma 3, since the
objective function in Eq (21) is strongly convex.

With slight abuse of notation, denote by Σt
ν,π := E(s,a)∼ν◦π

[
ϕt(s, a)ϕt(s, a)⊤

]
. The opti-

mal value ut∗ = (λI + (Φt)⊤diag(νt ◦ πt)Φt)−1((Φt)⊤diag(νt ◦ πt)Awt) satisfies ∥ut∗∥ ≤
∥Awt∥νt◦πt

√∑d
i=1 ∥ϕt

i∥2
νt◦πt

λ+λmin(Σt
νt◦πt )

. Let ut = uN , Theorem 7 gives E[∥ut∥2] ≤ 2E[∥ut∗∥2] + Õ( 1
N ). We

then have E[∥ut∥2] ≤ U under the following assumption.

Assumption 4 (Bounded feature). Assume supθ
∑d

i=1 ∥ϕθi ∥2νπθ◦πθ
<∞. Since G (14) is bounded,

∥Awt∥vt◦πt <∞ and there exists 0 < U <∞ that maxt E[∥ut∥2] ≤ U .

D.3.2 Robust General Advantage Function Approximation

Denote by Πt
Φt the projection mapping to the space {Φtu : ∥u∥ ≤ ∥ut∗∥} under metric ∥ · ∥νt◦πt .

Definition 6. ϵA,bias := maxt=0,1,...,T−1 E [∥Πt
ΦtAt −At∥νπ∗◦π∗ ].

Note that ϵA,bias also implicitly depends on the choice of λ since ut∗ depends on λ. If the realizable
case, i.e., Aπt ∈ span(Φt), ϵA,bias = 0 if λ = 0.

Assumption 5. There is some 0 < ξ′ <∞ that for any θ, supu
∥Φθu∥

νπ∗◦π∗
∥Φθu∥νπθ ◦πθ

≤ ξ′.

Lemma 5. Under the conditions in Theorems 7 and 6 and Assumption 5, for any t,∣∣∣E [E(s,a)∼νπ∗◦π∗ [Aut

(s, a)−Aπt

(s, a)]
]∣∣∣ ≤ ϵ′ = ϵ′stat + ϵ′bias, (22)

where the outside expectation is taken w.r.t. the randomness of the data collected the robust natural
actor and robust critic update. Moreover, ϵ′stat = Õ( 1√

K
+ 1√

N
); ϵ′bias = O(ϵA,bias + ϵg,bias) or

O(ϵA,bias + ϵV,bias) for linear robust critic.

Proof of Lemma 5. To quantify the error between Aut −At, we decompose it into

Aut

−At = (Aut

−Aut
∗) + (Πt

ΦtAwt −Πt
ΦtAwt

∗
) + (Πt

ΦtAwt
∗
−Πt

ΦtAt) + (Πt
ΦtAt −At),

and bound each term respectively. The proof follows similarly to that in Lemma 4 by applying
Theorem 7 and Theorem 6.

E Robust Natural Actor-Critic Analysis

In this section, we first state and prove the formal versions of the main theorems Theorem 1 and
Theorem 2 in Theorem 8 and Theorem 9, respectively. We then give the convergence of RNAC
employing general function approximation in Theorem 10.
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E.1 Linear Function Approximation

We introduce the detailed setup of the RNAC algorithm with linear function approximation, based
on which the theorems are stated and proved.

RNAC-Linear Setting: We study the RNAC (Algorithm 1) with robust critic performing RLTD
(Algorithm 2 with ξn = Θ(1/k) as in Theorem 5) and robust natural actor performing RQNPG
(Algorithm 3 with ζn = Θ(1/n) as in Lemma 3) under linear value function approximation as in
Eq (12) and log-linear policy as in Eq (15), for DS or IPM uncertainty sets taking δ suggested by
Proposition 4 or Lemma 1, respectively. We assume Assumption 1 and Assumption 3 hold.

For each time t = 0, 1, . . . , T − 1, the value approximation and policy in RNAC are updated
as wt = RLTD(πθt ,K) and θt+1 = RQNPG(θt, ηt, wt, N), respectively. Denote by ut as uN in
RQNPG(θt, ηt, wt, N) (Algorithm 3), which defines a robust Q-function approximation Qut

. Let
πt = πθt , κt = κπt , V t = V πt

for simplicity. We have the following lemma.

Lemma 6. Under the RNAC-Linear Setting, for any t = 0, 1, . . . , T − 1, we have ⟨Qut

s , π
t+1
s −

πt
s⟩ ≥ 0,∀s ∈ S and

E[Es∼ρ[⟨Qut

s , π
t
s − πt+1

s ⟩]] ≥ E[V t(ρ)]− E[V t+1(ρ)]− 2ϵ

1− γ
,

where the expectation E is taken w.r.t. the data sampled by RNAC, and ϵ = ϵstat + ϵbias is the same
as that in Lemma 4.

Proof of Lemma 6. Taking π = πt in the fundamental inequality Eq (18) gives

ηt⟨Qut

s , π
t
s − πt+1

s ⟩ ≤ −KL(πt
s, π

t+1
s )−KL(πt+1

s , πt
s) ≤ 0,

which implies πt+1 is indeed improving πt along Qut

direction. We then have

⟨Qut

s , π
t
s − πt+1

s ⟩ ≥ 1

1− γ
E
s′∼dπt+1,κt+1

s
[⟨Qut

s′ , π
t
s′ − πt+1

s′ ⟩]

=− 1

1− γ
E
s′∼dπt+1,κt+1

s
[⟨Qπt

s′ , π
t+1
s′ − π

t
s′⟩] +

1

1− γ
E
s′∼dπt+1,κt+1

s
[⟨Qut

s′ −Qπt

s′ , π
t
s′ − πt+1

s′ ⟩]

=− 1

1− γ
E
s′∼dπt+1,κt+1

s ,a′∼πt+1

s′
[At(s′, a′)⟩] + 1

1− γ
E
s′∼dπt+1,κt+1

s
[⟨Qut

s′ −Qπt

s′ , π
t
s′ − πt+1

s′ ⟩]

≥V t(s)− V t+1(s) +
1

1− γ
E
s′∼dπt+1,κt+1

s
[⟨Qut

s′ −Qπt

s′ , π
t
s′ − πt+1

s′ ⟩],

where the second inequality is by Lemma 8. The proof of the lemma is then concluded by taking
expectation E[Es∼ρ[·]] on both sides and applying Lemma 4.

Assumption 6. For initial state distribution ρ, there exists M that supκ∈P ∥
d∗,κ
ρ

ρ ∥∞ ≤M <∞.

Theorem 8 (Formal statement of Theorem 1). Under RNAC-Linear Setting and Assumption 6,

RNAC with geometrically increasing step sizes ηt ≥
M

1−γ

1− 1−γ
M

ηt−1 for each t = 1, 2, . . . , T , satisfies

V ∗(ρ)− E[V T (ρ)] ≤
(
1− 1− γ

M

)T−1(
(1− 1− γ

M
)(V ∗(ρ)− V 0(ρ)) + log |A|

)
+

(
2

1− γ
+

2M

(1− γ)2

)
ϵ,

where ϵ = ϵstat + ϵbias as in Lemma 4 with ϵstat = Õ( 1√
K

+ 1√
N
). Omitting the approximation

ϵbias, the sample complexity for achieving ε robust optimal value (i.e., V ∗(ρ) − E[V T (ρ)] ≤ ε) is
Õ(1/ε2) by taking N = K = Θ̃(1/ε2) and T = Θ(log(1/ε)).

Proof of Theorem 8. Taking π = π∗ in inequality (18), we have

⟨Qut

s , π
∗
s − πt

s⟩+ ⟨Qut

s , π
t
s − πt+1

s ⟩ ≤ 1

ηt
KL(π∗

s , π
t
s)−

1

ηt
KL(π∗

s , π
t+1
s ). (23)

31



We then take the expectation E[E
s∼d∗,κt

ρ
[·]] on both sides. Note that

E[E
s∼d∗,κt

ρ
[⟨Qut

s , π
∗
s − πt

s⟩]] = E[E
s∼d∗,κt

ρ
[⟨Qπt

s , π
∗
s − πt

s⟩]] + E[E
s∼d∗,κt

ρ
[⟨Qut

s −Qπt

s , π
∗
s − πt

s⟩]]

≥ (1− γ)(V ∗(ρ)− E[V t(ρ)])− 2ϵ,

where the inequality is by Lemma 8 and Lemma 4. Then by Lemma 6 and Assumption 6 that
M = supκ ∥

d∗,κ
ρ

ρ ∥∞, we have

E[E
s∼d∗,κt

ρ
[⟨Qut

s , π
t
s − πt+1

s ⟩]] ≥M
(
E[V t(ρ)]− E[V t+1(ρ)]− 2ϵ

1− γ

)
,

since ⟨Qut

s , π
t
s − πt+1

s ⟩ ≤ 0. The outside expectation E is taken w.r.t. the data sampled by RNAC,
and since all the following statements are under expectation E, we omit E in the proof for simplicity
and bring it back at the end. Combining the inequality above and Eq (23), we have

(1− γ)(V ∗(ρ)− V t(ρ))− 2ϵ+M

(
V t(ρ)− V t+1(ρ)− 2ϵ

1− γ

)
≤ 1

ηt
KL

d∗,κt
ρ

(π∗, πt)− 1

ηt
KL

d∗,κt
ρ

(π∗, πt+1).

It follows that

V ∗(ρ)− V t+1(ρ) ≤
(
1− 1− γ

M

)
(V ∗(ρ)− V t(ρ)) +

1

Mηt
KL

d∗,κt
ρ

(π∗, πt)

− 1

Mηt
KL

d∗,κt
ρ

(π∗, πt+1) + 2

(
ϵ

M
+

ϵ

1− γ

)
,

which implies

V ∗(ρ)− V T (ρ) ≤
(
1− 1− γ

M

)T

(V ∗(ρ)− V 0(ρ)) +

(
1− 1− γ

M

)T−1 KLd∗κ0
ρ

(π∗, π0)

Mη0

+

T−1∑
t=1

(
1− 1− γ

M

)T−1−t
(

1

Mηt
KL

d∗,κt
ρ

(π∗, πt)−
1− 1−γ

M

Mηt−1
KL

d∗,κt−1
ρ

(π∗, πt)

)

+
2M

1− γ

(
ϵ

M
+

ϵ

1− γ

)
.

Take geometrically increasing step sizes ηt ≥
M

1−γ

1− 1−γ
M

ηt−1 for each t. Since M = supκ ∥
d∗,κ
ρ

ρ ∥∞ ≥

(1− γ) supκ,κ′ ∥ d∗,κ
ρ

d∗,κ′
ρ

∥∞, we have

1

Mηt
KL

d∗,κt
ρ

(π∗, πt)−
1− 1−γ

M

Mηt−1
KL

d∗,κt−1
ρ

(π∗, πt)

≤
1− 1−γ

M

Mηt−1

(
1− γ
M

KL
d∗,κt
ρ

(π∗, πt)−KL
d∗,κt−1
ρ

(π∗, πt)

)
≤ 0.

We bring back the expectation E over the data and finally arrive at

V ∗(ρ)− E[V T (ρ)] ≤
(
1− 1− γ

M

)T

(V ∗(ρ)− V 0(ρ)) +

(
1− 1− γ

M

)T−1 KLd∗κ0
ρ

(π∗, π0)

Mη0

+
2M

1− γ

(
ϵ

M
+

ϵ

1− γ

)
,

where KLd∗κ0
ρ

(π∗, π0) ≤ log |A| when π0 is a uniform policy.

Theorem 9 (Formal statement of Theorem 2). Under RNAC-Linear Setting and Assumption 6 when
IPM uncertainty set is considered, take ρ = νπ

∗
and ηt = η = (1− γ) log(|A|), RNAC satisfies

V ∗(ρ)− 1

T

T∑
t=1

E[V t(ρ)] ≤ 2

(1− γ)(1− β)T
+

2

1− β
2− γ
1− γ

ϵ,
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where β is in Assumption 6 (guaranteed by Proposition 4 for DS uncertainty set and assumed for
IPM uncertainty set), and ϵ = ϵstat+ ϵbias as in Lemma 4 with ϵstat = Õ( 1√

K
+ 1√

N
). Omitting the

approximation ϵbias, the sample complexity for achieving ε robust optimal value on average (i.e.,
V ∗(ρ)− 1

T

∑T
t=1 E[V t(ρ)] ≤ ε) is Õ(1/ε3) by N = K = Θ̃(1/ε2) and T = Θ(1/ε).

Proof of Theorem 9. Taking π = π∗ in inequality (18), we have

⟨Qut

s , π
∗
s − πt

s⟩+ ⟨Qut

s , π
t
s − πt+1

s ⟩ ≤ 1

η
KL(π∗

s , π
t
s)−

1

η
KL(π∗

s , π
t+1
s ).

Since all the following statements are under expectation E over the data, we omit E in the proof for
simplicity and bring it back at the end. According to Lemma 9 and Lemma 4, we have

Es∼ρ[⟨Qut

s , π
∗
s − πt

s⟩] = Es∼ρ[⟨Qπt

s , π
∗
s − πt

s⟩] + Es∼ρ[⟨Qut

s −Qπt

s , π
∗
s − πt

s⟩]
≥ (1− β)(V ∗(ρ)− V t(ρ))− 2ϵ.

Based on Lemma 6, we have

Es∼ρ[⟨Qut

s , π
t
s − πt+1

s ⟩] ≥ V t(ρ)− V t+1(ρ)− 2ϵ

1− γ
.

It then follows that

(1− β)(V ∗(ρ)− V t+1(ρ)) ≤ V t+1(ρ)− V t(ρ) +
KLρ(π

∗, πt)−KLρ(π
∗, πt+1)

η
+

2− γ
1− γ

2ϵ.

Taking summation from t = 0 to T − 1 from both sides we have

V ∗(ρ)− 1

T

T∑
t=1

V t(ρ) ≤ V T (ρ)

(1− β)T
+

KLρ(π
∗, π0)

η(1− β)T
+

2ϵ

1− β
2− γ
1− γ

.

We then conclude the theorem by choosing η = (1− γ) log(|A|) and bringing back the expectation
E over data,

V ∗(ρ)− 1

T

T∑
t=1

E[V t(ρ)] ≤ 2

(1− γ)(1− β)T
+

2

1− β
2− γ
1− γ

ϵ.

Discussion: The linear convergence for NPG with linear function approximation has been previ-
ously studied in canonical MDP [4]. We present the linear convergence of RNAC (Algorithm 1) in
Theorem 8. Compared to Theorem 8, Theorem 9 utilizing constant step sizes and leads to sublinear
convergence, and it is proved only for initial state distribution ρ = νπ

∗
. Moreover, Theorem 9 does

not require Assumption 6 though may need Assumption 2 for IPM uncertainty set.

E.2 General Function Approximation

RNAC-General Setting. We study the RNAC (Algorithm 1) with robust critic performing FRVE
(Algorithm 5) and robust natural actor performing RNPG (Algorithm 6 with ζn = Θ(1/n) as in
Theorem 7) under general value function approximation as in Eq (14) and general policy class as
in Eq (20), for DS uncertainty set taking δ suggested by Proposition 4. We assume Assumption 1,
Assumption 5 and Assumption 4 (∥ut∗∥ ≤ U ), hold.
Theorem 10. Under RNAC-General Setting, suppose log πθ(a|s) is an L-smooth function of θ.

Take ρ = νπ
∗

and ηt = η =
√

2KLρ(π∗,π0)
LU2T for each t, RNAC satisfies

V ∗(ρ)− E

[
1

T

T−1∑
t=0

V t(ρ)

]
≤
√

2LU2KLρ(π∗, π0)

(1− β)
√
T

+
ϵ′

1− β
,

where β is in Assumption 6 (guaranteed by Proposition 4 for DS uncertainty set), and ϵ′ = ϵ′stat +

ϵ′bias as in Lemma 5 with ϵ′stat = Õ( 1√
K

+ 1√
N
). Omitting the approximation ϵ′bias, the sample

complexity for achieving ε robust optimal value is Õ(1/ε4) by N = K = Θ̃(1/ε2) and T =
Θ(1/ε2).
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Proof. We have

(1− β)(V ∗(ρ)− E[V t(ρ)]) ≤ E[E(s,a)∼ρ◦π∗ [At(s, a)]]

= E[E(s,a)∼ρ◦π∗ [∇θ log π
t(a|s)⊤ut] + E[E(s,a)∼ρ◦π∗ [At(s, a)−Aut

(s, a)]]

≤ E
[
E(s,a)∼ρ◦π∗

[
1

η
log

πt+1(a|s)
πt(a|s)

]]
+
ηLE[∥ut∥2]

2
+ ϵ′

≤ 1

η
E[KLρ(π

∗, πt)−KLρ(π
∗, πt+1)] +

ηLU2

2
+ ϵ′,

where the first inequality is by Lemma 9, the first equality is by the definition of Aut

(s, a) =
∇ log πt(a|s)⊤ut, and the second inequality is by the L-smoothness of log πθ(a|s) and Lemma 5.

We then conclude the proof by summing from t = 0 to T − 1 from both sides and taking η =√
2KLρ(π∗,π0)

LU2T .

Note that in RNAC-General Setting, the critic is employing general function approximation, where
the IPM uncertainty set is not defined (c.f. Section C.2 for more discussion). It is not hard to show
a similar result as in Theorem 10 for the RNAC with robust critic performing RLTD (Algorithm 2)
and robust natural actor performing RNPG (Algorithm 6) for both DS and IPM uncertainty sets.

F Supporting Lemmas

We introduce some supporting lemmas for proving the results of this paper.

F.1 Performance Difference Lemmas

A key supporting lemma in the proof of convergence of policy gradient-based methods is the perfor-
mance difference lemma. In the canonical RL with a fixed transition kernel κ, we have the following
performance lemma.
Lemma 7 (Performance difference [23]). For any policy π, π′, and transition κ, we have

V π′

κ (ρ)− V π
κ (ρ) =

1

1− γ
E
s∼dπ′,κ

ρ
Ea∼π′(·|s)[A

π(s, a)].

However, due to the non-singleton uncertainty set P , the worst-case transition kernel is a function
of policy π, and we have the following performance difference inequality lemma.
Lemma 8 (Robust performance difference). For any policy π, π′, denote κ′ = κπ′ and κ = κπ be
their worst-case transition kernels, respectively. Then

1

1− γ
E
s∼dπ′,κ′

ρ
Ea∼π′(·|s)[A

π(s, a)] ≤ V π′
(ρ)− V π(ρ) ≤ 1

1− γ
E
s∼dπ′,κ

ρ
Ea∼π′(·|s)[A

π(s, a)].

Proof of Lemma 8. The LHS is by

V π′

κ′ (ρ)− V π(ρ) = Eκ′,π′

∑
t≥0

γt(r(st, at) + V π(st)− V π(st))

− V π(ρ)

= Eκ′,π′

∑
t≥0

γt(r(st, at) + γV π(st+1)− V π(st))


≥ 1

1− γ
E
s∼dπ′,κ′

ρ
Ea∼π′(·|s)[A

π(s, a)].

The RHS is by

V π′

κ′ (ρ)− V π
κ (ρ) ≤ V π′

κ (ρ)− V π
κ (ρ) =

1

1− γ
E
s∼dπ′,κ

ρ
Ea∼π′(·|s)[A

π(s, a)].
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Moreover, the optimality gap between the optimal policy π∗ and any policy π is upper bounded as
in the lemma below.
Lemma 9 (Robust optimality gap lemma). Under Assumption 2, for any π and any ρ,

V ∗(ρ)− V π(ρ) ≤ 1

1− β
E
s∼dπ∗,p◦

ρ ,a∼π∗
s
[Aπ(s, a)].

Proof of Lemma 9.

V ∗(ρ)− V π(ρ) = Es∼ρEa∼π∗
s
[r(s, a) + γ

∑
s′

κπ∗(s′|s, a)V ∗(s′)]− V π(ρ)

= Es∼ρEa∼π∗ [r(s, a) + γ
∑
s′

κπ(s
′|s, a)V π(s′)− V π(ρ)]

+ γEs∼ρEa∼π∗

∑
s′

(κπ∗(s′|s, a)V ∗(s′)− κπt(s′|s, a)V π(s′))

≤ Es∼ρEa∼π∗ [Aπ(s, a)] + γEs∼ρEa∼π∗

∑
s′

κπt(s′|s, a)(V ∗(s′)− V π(s′))

≤ Es∼ρEa∼π∗ [Aπ(s, a)] + βEs∼ρEa∼π∗

∑
s′

p◦s,a(s
′)(V ∗(s′)− V π(s′))

≤ · · ·

≤ 1

1− β
E
s∼dπ∗,p◦

ρ ,a∼π∗
s
[Aπ(s, a)].

F.2 Concentration Lemmas with Markov samples

Assumption 7 (Uniformly geometric mixing, quantitative restatement of Assumption 1). There
exists some 0 < λ < 1 and C > 0 such that for any policy π, the Markov chain {sk} induced by
applying π in the nominal model p◦ is geometrically ergodic with unique stationary distribution νπ ,
i.e., maxs ∥P(sk ∈ ·|s0 = s)− νπ∥TV ≤ Cλk, ∀k. The uniform convergence to unique stationary
distribution implies that for any policy π the spectral gap (i.e., the difference between the largest
and the second largest eigenvalues) of the state transition kernel has a strictly positive lower bound.

Lemma 10 (Bernstein’s inequality for stationary Markovian data, Theorem 2 in [21]). Suppose
Z1, Z2, . . . , Zn follow some stationary Markovian data in space Z with stationary distribution ν ∈
∆Z and spectral gap of the Markov chain strictly greater than 0. For any function f : Z → [−c, c]
that, EZ∼ν [f(Z)] = 0 and EZ∼ν [f(Z)

2] = σ2, with probability at least 1− δ,

1

n

n∑
i=1

f(Zi) ≤ C1

√
σ2 ln(1/δ)

n
+ C2

c ln(1/δ)

n
,

for some spectral gap-dependent multiplicative factors C1, C2.

Since we assume Assumption 7 throughout the paper during the analysis, the spectral gap is uni-
formly lower bounded by some constant great than zero, and we view C1, C2 as some constant that
can be omitted in the big-O notation. We refer to [21] for further details of Bernstein’s inequality
for stationary Markovian data.

Lemma 11 (Lemma A.11 in [2] with Markovian data). Consider a stationary Markov chain on
domain X × Z that is geometrically mixing with transition p(x′, z′|x, z) = pX′|Z(x

′|z)pZ|X(z′|x)
and stationary distribution ν ◦ pZ|X . Let D = {(X1, Z1), (X2, Z2), . . . , (Xn, Zn)} be station-
ary Markovian data sampled with X1 ∼ ν. Given a function class G ⊂ RX and a func-
tion G : X × Z → R that EZ∼pZ|X(·|x)[G(x, Z)] = g∗(x) and |G(x, z)| ≤ Gmax. Let
ĝ = argming∈G

1
2

∑
(x,z)∈D(G(x, z) − g(x))2 be the MSE estimate of g∗ within G, then with

probability at least 1− δ,√
Ex∼ν

[
(ĝ(x)− g∗(x))2

]
≤ O

(
Gmax

√
log(|G|/δ)

n

)
+O(ϵbias), (24)
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where ϵbias = ming∈G ∥g − g∗∥ν .

Proof. The proof follows the same as [2]. The only difference is replacing the canonical Bernstein’s
inequality with i.i.d. data by Bernstein’s inequality for stationary Markovian data in Lemma 10.

F.3 Convergence of Stochastic Approximation

F : Rd × Z → Rd is a stochastic operator. The stochastic approximation algorithm updates the
parameter by wk+1 = wk + αkF (w,Zk), where (Z0, Z1, . . .) is a Markov chain, that is geometri-
cally ergodic for some C > 0, 1 > λ > 0 with stationary distribution ν, i.e., maxz ∥P(Zk ∈ ·|Z0 =
z) − ν∥TV ≤ Cλk, ∀k. (c.f. Assumption 1). The stochastic approximation algorithm solves the
following equation

0 = F̄ (w) := EZ∼ν [F (w,Z)],

under the following assumption and appropriate step sizes (α1, α2, . . .).
Assumption 8. 1. (Z0, Z1, . . .) are geometrically mixed to the stationary distribution.

2. ∃L1 > 0 that ∥F (w, z) − F (w′, z)∥ ≤ L1∥w − w′∥, ∥F (0, z)∥ ≤ L1 for any w,w′ ∈
Rd, z ∈ Z .

3. F̄ (w) = 0 has unique solution w∗ and there exists c0 > 0 that (w − w∗)⊤F̄ (w) ≤
−c0∥w − w∗∥2 for any w ∈ Rd.

The second condition of Assumption 8 is a Lipschitz condition of the operator F , and the third
condition is the “strongly-concavity” structure of the averaged operator F̄ .
Lemma 12 (Big-O version of Corollary 2.1.2 in [10]). Under Assumption 8, taking appropriate
αk = Θ(1/k) gives E[∥wK − w∗∥2] = Õ(1/K).

To apply the lemma above, we need to show that the proposed operator F satisfies Assumption 8.

G More Related Works

The framework of the robust Markov decision process (RMDP) is proposed by [19, 40] to learn the
optimal robust policy that achieves the optimal worst-case performance over all possible models in
the uncertainty set. For the planning problem of RMDP, Iyengar [19] and Nilim et al. [40] show that
value iteration achieves linear convergence to the optimal robust values.

When the transition model is unknown, several model-based and value-based approaches have been
proposed and studied for robust RL in both the tabular setting and the function approximation set-
ting. Under the tabular setting, Xu et al. [64] design the model-based robust phase value learning
algorithm and demonstrates an O(1/ϵ2) sample complexity bound. Under the function approx-
imation setting, Panaganti et al. [43] develop a robust fitted Q-iteration with the total variation
uncertainty set and show an O(1/ϵ2) sample complexity to achieve approximate optimality and [6]
develop a model-based method with the same sample complexity under certain coverage assump-
tion. However, these methods are not scalable to continuous control problems. Instead, policy-based
approaches directly parameterize policy and have more representation power in modeling stochas-
tic policies, more flexibility for policy manipulation, and a better ability to solve robotics control
problems with large action space.

The existing policy-based methods with convergence guarantees mainly focus on the tabular setting.
Wang et al. [61] show an O(1/ϵ7) sample complexity for robust actor-critic with R-contamination
uncertainty sets. Li et al. [29] prove an Õ(1/ϵ2) sample complexity for robust natural actor-critic
assuming the existence of an oracle to solve the inner optimization problem. Kumar et al. [27] de-
velop a robust policy gradient method based on ℓp norm uncertainty sets and extends its formulation
under the s-rectangular assumption. All works mentioned above are limited to the tabular case with
critic Q and adopt computationally infeasible uncertainty sets in the case of the large state space.
Kuang et al. [26] illustrate a state disturbance view of Wasserstein metric-based RMDP, which can
be generalized to the large state space. However, they only provide a policy iteration guarantee in
the tabular setting (contraction under ∥ · ∥∞). Instead, we focus on large-scale robust RL, propose
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two computationally efficient uncertainty sets, and demonstrate an Õ(1/ϵ2) (resp., Õ(1/ϵ4)) sam-
ple complexity under linear (resp., general) function approximation. Additionally, we regard V as
a critic instead of Q, which is closer to the actual implementation of on-policy natural actor-critic
algorithms.
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