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Abstract
Reinforcement learning (RL) faces significant challenges
in real-world deployments due to the sim-to-real gap,
where policies trained in simulators often underperform in
practice due to mismatches between training and deployment
conditions. Distributionally robust RL addresses this issue
by optimizing worst-case performance over an uncertainty
set of environments and providing an optimized lower
bound on deployment performance. However, existing studies
typically assume access to either a generative model or
offline datasets with broad coverage of the deployment
environment—assumptions that limit their practicality in
unknown environments without prior knowledge. In this work,
we study the more realistic and challenging setting of online
distributionally robust RL, where the agent interacts only
with a single unknown training environment while aiming
to optimize its worst-case performance. We focus on general
f -divergence-based uncertainty sets, including χ2 and KL
divergence balls, and propose a computationally efficient
algorithm with sublinear regret guarantees under minimal
assumptions. Furthermore, we establish a minimax lower
bound of online learning, demonstrating the near-optimality
of our approach. Extensive experiments across diverse
environments further confirm the robustness and efficiency
of our algorithm, validating our theoretical findings.

1 Introduction
Reinforcement learning (RL) is a powerful framework for
solving complex decision-making problems and has achieved
major success in simulation-based domains like video games
(Silver et al. 2016; Zha et al. 2021) and generative AI
(Ouyang et al. 2022; Du et al. 2023; Cao et al. 2024).
However, applying RL to real-world domains such as
autonomous driving (Kiran et al. 2021) and healthcare (Wang
et al. 2018) remains challenging. The major challenge is due
to the infeasibility of direct real-world training under these
environments, where RL agents are instead generally trained
in simulation and then deployed in the real world. However,
real-world deployments are often susceptible to environment
uncertainties from, e.g., unpredictable noise, unmodeled
perturbations, and even adversarial attacks, which cannot
be fully captured by the training environments (Padakandla,
KJ, and Bhatnagar 2020; Rajeswaran et al. 2017), resulting
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in the sim-to-real gap and severe performance degradation
in practical deployments (Kober, Bagnell, and Peters 2013;
Peng et al. 2018; Zhao, Queralta, and Westerlund 2020).

Distributionally robust RL (Iyengar 2005; Pinto et al.
2017) offers a promising way to bridge the sim-to-real gap
by training policies that remain reliable under environment
shifts. It handles uncertainty by defining a set of plausible
environments centered around the training model and then
optimizing for the worst-case scenario conservatively. This
strategy ensures a guaranteed lower bound on performance
when the true environment lies within the uncertainty
set, while also enhancing generalization and robustness to
unforeseen conditions (Vinitsky et al. 2020; Hou et al. 2020;
Rajeswaran et al. 2017; Pattanaik et al. 2018).

Despite its extensive studies, most existing methods on
distributionally robust RL cannot be directly adapted to
real-world applications due to their restrictive assumptions
on data collection. Most studies either rely on a generative
model of the training environment (Panaganti and Kalathil
2022; Xu, Panaganti, and Kalathil 2023; Shi et al. 2023)
that can freely generate data, or assume offline datasets
that comprehensively cover the unknown optimal policy
(Blanchet et al. 2023; Shi and Chi 2024; Tang, Liu, and
Xu 2024; Wang, Sun, and Zou 2024; Liu and Xu 2024b;
Panaganti et al. 2022; Wang, Shi, and Chi 2024), which
generally cannot be guaranteed in practice, as the practical
environments are unknown and data is often sparse, and the
agent needs to explore the environments by itself.

This motivates the studies of distributionally robust RL
with online interactions (Liu, Wang, and Xu 2024; Lu et al.
2024; Liu and Xu 2024a; He et al. 2025), where the agent
strategically explores the unknown training environment
and optimizes for the worst-case performance. Due to the
mismatch between the environment that generates training
data (nominal), and the one used to evaluate robustness
(worst-case), online distributionally robust RL is an off-target
problem (Liu and Xu 2024b; Holla 2021), leading to a major
challenge known as the information deficit: the states covered
by the worst-case or deployment environment may not be
visited during training, yet the agent must still act reliably in
these unfamiliar states (He et al. 2025). This lack of exposure
can significantly increase the difficulties of online learning.

Existing studies of online distributionally robust RL
generally addresses the challenges through additional
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structural assumptions, e.g., existence of fail-states (Liu,
Wang, and Xu 2024; Liu and Xu 2024a; Lu et al. 2024).
These assumptions greatly simplify the problem by making
worst-case shifts predictable, effectively eliminating the
information deficit and allowing efficient learning. A more
recent work (He et al. 2025) bypasses these structural
assumptions, but relies on some coverage-type assumption.
However, in realistic settings where deployment dynamics
are unknown, these assumptions are impractical or hard to
justify, greatly limiting the practical use of these studies. A
critical question hence naturally arises:

Can we develop an online distributionally robust RL
algorithm with near-optimal sample-complexity?

1.1 Contributions
In this paper, we answer this question by designing
algorithms for online distributionally robust RL with
near-optimal sample complexity, without relying on structural
assumptions such as fail-states. Our major contributions are
summarized as follows 1.
• We propose an optimistic model-based meta-algorithm

for online distributionally robust RL, named f -ORVIT,
with implementations under two important uncertainty set
structures: χ2-ORVIT and KL-ORVIT. These algorithms
use plug-in estimates of the nominal kernel and introduce
data-driven penalty terms tailored to the respective
uncertainty sets. Notably, our algorithm is simpler and
admits a more efficient implementation than the one in
(He et al. 2025), which requires an additional optimization
oracle.

• We prove that χ2-ORVIT and KL-ORVIT
are data-efficient: they achieve an ε-optimal
robust policy with Õ

(
H5(1 + σ)SA/ε2

)
and

Õ
(
H5 exp(2H2)SA/(P ⋆

minε
2)
)

samples, respectively.
Here, P ⋆

min denotes the minimum positive entry of the
nominal transition probability induced by the optimal
robust policy. Our results do not require any additional
assumptions and achieve improved complexity compared
to previous work (He et al. 2025) (Refer to Table 1 for
details and Section 3 for relevant notation).

• We further develop hard instances to derive the minimax
lower bound for online distributionally robust RL,
highlighting the fundamental difficulty of the problem.
Our results show that for any online algorithm, there
exists a hard instance requiring a sample complexity of at
least Ω

(
H5(1 + σ)SA/ε2

)
and Ω

(
H5SA/(P ⋆

minε
2)
)

to
find an ε-optimal policy under χ2-RMDP and KL-RMDP.
This demonstrates the near-optimality of our algorithm,
which is minimax-optimal up to logarithmic factors under
the χ2 set, and matches the lower bound up to the
dependency on H under the KL set.

• We validate our methods through extensive experiments
on the Gambler’s problem and Frozen Lake,
demonstrating strong performance under significant
distribution shifts and supporting our theoretical findings.
1The extended and complete version of our paper can be found

at https://arxiv.org/abs/2508.03768.

2 Related Work
In this section, we briefly review the most relevant literature
on distributionally robust and risk-sensitive RL.

Distributionally Robust RL. The framework of
distributionally robust RL is first proposed and studied in
(Iyengar 2005; Nilim and El Ghaoui 2005; Wiesemann,
Kuhn, and Rustem 2013; Mannor, Mebel, and Xu 2016).
Subsequent learning results for distributionally robust RL
under generative models (Yang, Zhang, and Zhang 2022;
Panaganti and Kalathil 2022; Xu, Panaganti, and Kalathil
2023; Shi et al. 2023) or offline data (Shi and Chi 2024;
Blanchet et al. 2023; Tang, Liu, and Xu 2024; Wang, Sun,
and Zou 2024; Liu and Xu 2024b; Panaganti et al. 2022;
Wang, Shi, and Chi 2024) achieve sample complexity
guarantees but rely on strong data-access assumptions and
do not address the purely online, single-environment setting
considered here.

Online Distributionally Robust RL and Our
Contributions. Recent advances move toward interactive,
robust RL with unknown dynamics. Several works study
online robust RL or robust control under structural or
coverage conditions: (Liu and Xu 2024a; Liu, Wang, and
Xu 2024; Lu et al. 2024) analyze TV-based uncertainty
sets and obtain upper/lower bounds by assuming, for
example, fail-states or vanishing minimal robust values,
which restrict how the worst-case model can differ from
the nominal one and mitigate the information-deficit issue.
(He et al. 2025) further removes such structural constraints
but requires a supremal visitation ratio (a strong coverage
condition) to ensure sufficient exploration. In contrast,
we study finite-horizon online robust RL with general
(s, a)-rectangular f -divergence ambiguity and develop
algorithms specialized to χ2 and KL sets that achieve
near-optimal regret and sample complexity without fail-state
assumptions, vanishing-value conditions, or visitation-ratio
requirements.

Risk-Sensitive RL. Our f -divergence-based formulation
is mathematically connected to dual representations used
in coherent and entropic risk measures (Ahmadi-Javid
2012; Cheridito and Li 2009) and to risk-sensitive RL
methods based on entropic or alternative risk criteria (e.g.,
entropic-VaR and Gini deviation) (Ni and Lai 2022; Luo et al.
2023). However, these approaches typically assume known
or generative models, or focus on asymptotic performance,
and do not provide online, instance-wise regret guarantees
under f -divergence uncertainty sets. By contrast, our work
operationalizes these dual ideas in the fully online setting
with unknown dynamics and provides sharp guarantees
tailored to χ2 and KL ambiguity.

3 Preliminaries and Problem Formulation
Distributionally Robust Markov Decision Process
(RMDPs). Distributionally robust RL can be formulated as
an episodic finite-horizon distributionally RMDP (Iyengar
2005), represented by (S,A,H,P, r), where the set S =
{1, . . . , S} is the finite state space, A = {1, . . . , A} is the
finite action space, H is the horizon length, r = {rh}Hh=1 is
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the collection of reward functions, where each rh : S ×A →
[0, 1], and P = {Ph}Hh=1 is an uncertainty set of transition
kernels. At step h, the agent is at state sh and takes an action
ah, receives the reward rh(sh, ah), and is transited to the next
state sh+1 following an arbitrarily transition kernel Ph ∈ Ph.

We consider the standard (s, a)-rectangular uncertainty
set with divergence ball-structure (Wiesemann, Kuhn, and
Rustem 2013). Specifically, there is a collection of nominal
transition kernels P ⋆ = {P ⋆

h}Hh=1, where each P ⋆
h : S ×

A → ∆(S). The uncertainty set, centered around the
nominal transition kernel, is defined as P = Uσ(P ⋆) =⊗

(h,s,a)∈[H]×S×A Uσ
h (s, a), and Uσ

h (s, a) =
{
P ∈ ∆(S) :

D(P, P ⋆
h (·|s, a)) ≤ σ

}
, containing all the transition kernels

that differ from P ⋆ up to some uncertainty level σ ≥ 0,
under some probability divergence functions (Iyengar 2005;
Panaganti and Kalathil 2022; Yang, Zhang, and Zhang 2022).
We mainly focus on the f -divergence uncertainty set, as
defined below (a more detail discussion is provided in (Ghosh,
Atia, and Wang 2025, Sec. 3)):
Definition 1 (f -Divergence Uncertainty Set). For each (s, a)
pair, the uncertainty set is defined as:

Uσ
h (s, a) =

{
P ∈ ∆(S) : Df

(
P, P ⋆

h (·|s, a)
)
≤ σ

}
, (1)

where Df

(
P, P ⋆

h (·|s, a)
)
=

∑
s′∈S

f
(

P (s′)
P⋆

h (s′|s,a)

)
P ⋆
h (s

′|s, a)

is the f -divergence (Sason and Verdú 2016).
We refer to the distributionally RMDP (S,A,H,P, r)

with P being a f -divergence uncertainty set as an f -RMDP.
Policy and Robust Value Function. The agent’s strategy of
taking actions is captured by a Markov policy π := {πh}Hh=1,
with πh : S → ∆(A) for each step h ∈ [H], where
πh(·|s) is the probability of taking actions at the state s in
step h. In RMDPs, the performance of a policy is captured
by the worst-case performance, defined as the robust value
functions. Specifically, for any policy π and step h ∈ [H], we
define the robust value function and the robust state-action
value function as the expected cumulative reward under the
worst-case transition kernel within the uncertainty set:

V π,σ
h (s) = inf

P∈Uσ(P⋆)
Eπ,P

[ H∑
t=h

rt(st, at)
∣∣∣sh = s

]
, (2)

Qπ,σ
h (s, a) = inf

P∈Uσ(P⋆)
Eπ,P

[ H∑
t=h

rt(st, at)
∣∣∣

sh = s, ah = a

]
,

where the expectation is taken with respect to the state-action
trajectories induced by policy π under the transition P .

The goal of RMDP is to find the optimal robust policy
π⋆ := {π⋆

h} that maximizes the robust value function:

π⋆ = argmax
π∈Π

V π,σ
1 (s1), ∀s1 ∈ S, (3)

where Π is the set of policies. In other words, the optimal
robust policy π⋆ maximizes the worst case expected total
rewards in all possible testing environments. For simplicity

Algorithm 1: Optimistic Robust Value Iteration with
f -Divergence Uncertainty Set (f -ORVIT)

1: Input: uncertainty level σ > 0.
2: Initialize: Dataset D = ∅
3: for episode k = 1, . . . ,K do

* NOMINAL TRANSITION ESTIMATION *
4: Compute the transition kernel estimator P̂ k

h (s, a, s
′)

as given in (6).
* OPTIMISTIC ROBUST PLANNING *

5: Set V
k

H+1(·) = V k
H+1(·) = 0

6: for step h = H, . . . , 1 do
7: for ∀(s, a) ∈ S ×A do
8: Update Q

k

h(s, a) by (7) and Qk

h
(s, a) by (8).

9: end for
10: for ∀s ∈ S do
11: Update πk

h(·), V
k

h(·) and V k
h(·) by (12).

12: end for
13: end for

* EXECUTION OF POLICY AND DATA COLLECTION *
14: Receive initial state sk1 ∈ S
15: for step h = 1, . . . , H do
16: Take action akh ∼ πk

h(· | skh), observe reward
rh(s

k
h, a

k
h) and next state skh+1.

17: end for
18: Set D = D ∪ {(skh, akh, skh+1)}Hh=1.
19: end for
20: Output: Randomly (uniformly) return a policy from

{πk}Kk=1.

and without loss of generality, we assume in the sequel that
the initial state s1 ∈ S is fixed.
Online Distributionally Robust RL. In this work, we
consider distributionally robust RL with online interaction.
In particular, the agent aims to learn the optimal robust
policy π⋆ in (3), through active interactions with the nominal
environment P ⋆ over K ∈ N episodes. At the beginning of
episode k, the agent observes initial state sk1 and selects a
policy πk based on its history. It then collects a trajectory
by executing πk in P ⋆, and updates the policy for the next
episode. Therefore, the goal of the agent is to minimize the
cumulative robust regret over K episodes, defined as

Regret(K) :=

K∑
k=1

[
V ⋆,σ
1 (sk1)− V πk,σ

1 (sk1)
]
. (4)

Note that this robust regret extends the regret in standard
MDPs (Auer, Jaksch, and Ortner 2008) by measuring the
cumulative robust value gap between the optimal policy π⋆

and the learner’s policies {πk}Kk=1.
We also evaluate performance through sample complexity,

defined as the minimum number of samples T = KH needed
to learn an ε-optimal robust policy π̂ that satisfies

V ⋆,σ
1 (s1)− V π̂,σ

1 (s1) ≤ ε. (5)
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4 Optimistic Robust Value Iteration (ORVIT)
In this section, we introduce Optimistic Robust Value
Iteration with f -Divergence Uncertainty Set (f -ORVIT),
a meta-algorithm for episodic finite-horizon RMDPs with
interactive data collection under f -divergence uncertainty
sets, as defined in Definition 1. f -ORVIT is flexible and
can be applied to various f -divergences, with a focus on the
χ2-divergence and KL-divergence. The algorithm, detailed
in Algorithm 1, balances exploration and exploitation by
building confidence intervals directly around the robust
value function, avoiding the complexity of modeling full
transition dynamics. By leveraging the structure of the
f -divergence, it uses adaptive bonuses that reflect both
uncertainty and robustness. Inspired by UCB-VI (Azar,
Osband, and Munos 2017), this leads to tighter confidence
bounds, less dependence on state space size, and more
efficient learning in uncertain environments.

4.1 Algorithm Design: f -ORVIT
Our algorithm follows a value iteration framework and
integrates optimistic estimation to derive an optimistic
estimation of the robust value function. In each episode k,
f -ORVIT proceeds in three stages as follows.

Stage 1: Nominal Transition Estimation (Line 4). At the
beginning of each episode k ∈ [K], we maintain an estimate
of the transition kernel P ⋆ of the training environment
by using the historical data D = {(sτh, aτh, sτh+1)}

k−1,H
τ=1,h=1

collected from the interaction with the training environment.
Specifically, f -ORVIT updates the empirical transition kernel
for (h, s, a, s′) ∈ [H]× S ×A× S, as follows

P̂ k
h (s

′|s, a) =

{
Nk

h (s,a,s′)

Nk
h (s,a)

, if Nk
h (s, a) > 0

1/|S|, if Nk
h (s, a) = 0,

(6)

where the counts Nk
h (s, a, s

′) and Nk
h (s, a) are

calculated on the current dataset D by Nk
h (s, a, s

′) =
k−1∑
τ=1

1{(sτh, aτh, sτh+1) = (s, a, s′)} and Nk
h (s, a) =∑

s′∈S
Nk

h (s, a, s
′). Our algorithm follows a model-based

approach, as it requires explicit model estimation. While
this incurs a large memory cost, we emphasize that
distributionally robust RL is inherently challenging in the
model-free setting: the worst-case expectation is non-linear
in the nominal transition kernel, making model-free
estimation either biased or extremely sample-inefficient
(Wang et al. 2023; Liu et al. 2022; Wang, Zou, and Wang
2024; Zhang et al. 2025).

Stage 2: Optimistic Robust Planning (Lines 5–13). Given
the empirical transition model P̂ k obtained, f -ORVIT
performs optimistic robust planning to construct the policy
πk for episode k. Specifically, we construct an optimistic
estimation of the robust value function for policy execution.
Such an approach, known as the Upper-Confidence-Bound
(UCB) method, is shown to be effective in online interactive
learning in vanilla RL (Azar, Osband, and Munos 2017;
Zanette and Brunskill 2019; Zhang, Ji, and Du 2021; Ménard

et al. 2021; Domingues et al. 2021). Specifically, interacting
based on an optimistic estimation encourages the agent to
explore the less visited state-action pairs.

Toward this goal, we update our estimation as follows,
to ensure the estimation is optimistic. At each episode
k, f -ORVIT maintains a bonus term to account for the
difference between the robust value function of the estimated
model P̂ and the true robust value function. We then add this
term to the estimation, which is constructed following the
robust Bellman equation, to ensure its optimism. Namely, for
each (h, s, a) ∈ [H]× S ×A, we update the estimation as

Q
k

h(s, a) = min
{
R

k

h(s, a) +Bf
k,h(s, a), H

}
, (7)

Qk

h
(s, a) = max

{
Rk

h(s, a)−Bf
k,h(s, a), 0

}
. (8)

Each of these estimates (7) and (8) consists of two
components: an estimated robust Bellman operator R

k

h(s, a)

or Rk
h(s, a), computed as

R
k

h(s, a) = rh(s, a) + EÛσ
h
(s, a)[V

k

h+1], (9)

Rk
h(s, a) = rh(s, a) + EÛσ

h
(s, a)[V k

h+1], (10)

and a bonus term Bf
k,h(s, a) ≥ 0. We denote EUσ(s,a)[V ] :=

infP∈Uσ(s,a) EP [V ]. The bonus term is constructed (we
will discuss the construction later) to ensure the estimation
becomes a confidence interval of the true robust value
function, i.e., Q⋆,σ

h ∈ [Qk

h
(s, a), Q

k

h(s, a)], with high
probability.

With the optimistic estimation Q
k

h, we then set the
execution policy for the k-th episode as the greedy policy
with respect to the optimistic Q-estimate:

πk
h(· | s) = argmax

a∈A
Q

k

h(s, a), (11)

and update the robust value function estimation of V ⋆,σ
h as

V
k

h(s) = max
a∈A

Q
k

h(s, a), V k
h(s) = max

a∈A
Qk

h
(s, a). (12)

We remark that although the lower estimation in (8)
does not affect the choice of the execution policy, it is
critical for constructing valid exploration bonus terms and for
establishing strong theoretical guarantees, and the algorithm
leverages both upper and lower bounds to guide exploration.
This strategy–optimistic robust planning–enables structured,
uncertainty-aware exploration, effectively balancing the
competing objectives of exploration, exploitation, and
distributional robustness.

Stage 3: Execution of Policy and Data Collection (Lines
14–20). After evaluating the policy {πk

h}Hh=1 for episode
k, the learner takes action based on πk

h and observes reward
rh(s

k
h, a

k
h) and next state skh+1, which gets appended to the

historical dataset collected till episode k − 1.

4.2 Bonus of f -ORVIT Under RMDP
We then instantiate our meta-algorithm for RMDPs
under both χ2-divergence and KL-divergence by explicitly
constructing the corresponding bonus terms and estimation
procedures.
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• χ2-RMDP: We denote Bf
k,h(s, a) := Bχ2

k,h(s, a) as√√√√√σc1LVarP̂k
h (·|s,a)

[(
V

k
h+1+V k

h+1

2

)]
Nk

h (s, a) ∨ 1
+

√
σ

K
(13)

+
2
√
σEP̂k

h (·|s,a)

[
V

k

h+1 − V k
h+1

]
H

+
3c2

√
σH2SL√

Nk
h (s, a) ∨ 1

,

where L = log
(

S3AH2K3/2

δ

)
, and c1, c2 > 0 are

absolute constants. The term δ is a pre-selected failure
probability.

• KL-RMDP: We denote Bf
k,h(s, a) := BKL

k,h(s, a) as

2cfH

σ

√
L(

Nk
h (s, a) ∨ 1

)
P̂ k
min,h(s, a)

+

√
1

K
, (14)

where P̂ k
min,h(s, a) = min

s′∈S
{P̂ k

h (s
′|s, a) : P̂ k

h (s
′|s, a) >

0}, L = log
(

S3AH2K3/2

δ

)
, and cf > 0 is an absolute

constant.

Under these constructions, Q
k

h and Qk

h
remain valid

confidence bounds (as shown in Lemma K.1 and K.5 in
(Ghosh, Atia, and Wang 2025)). Importantly, we will also
show that the carefully designed bonus (13) and (14) ensure
the confidence region is tight, resulting in a near-optimal
regret bound for our algorithm.

4.3 Theoretical Guarantees
We then develop theoretical analysis of our algorithm, under
both χ2 and KL divergence uncertainty sets.

Regret Bound. We first study the regret bound of our
method. For the KL-divergence uncertainty set, we adopt
the following standard assumption (Yang, Zhang, and Zhang
2022; Shi et al. 2023), which ensures the regularity of the
dual formulation of the distributionally robust optimization
over the KL-divergence uncertainty set.
Assumption 1. We assume there exists a constant P ⋆

min >
0, such that for any (h, s, a, s′) ∈ [H] × S × A × S , if
P ⋆
h (s

′|s, a) > 0, then P ⋆
h (s

′|s, a) > P ⋆
min.

We then present the regret bound of our algorithm.
Theorem 1 (Regret Bound of f -ORVIT). Consider the χ2

and KL divergence uncertainty sets. For any δ ∈ (0, 1) and
uncertainty radius σ > 0, with probability at least 1− δ, the
regret of our f -ORVIT algorithm with corresponding bonus
term as (13) and (14) can be bounded as:
• For χ2 divergence uncertainty set,

Regret(K) = Õ
(√

H4(1 + σ)SAK
)
; (15)

• For KL divergence uncertainty set, under Assumption 1,

Regret(K) = Õ

√
H4 exp

(
2H2

)
SAK

P ⋆
minσ

2

 . (16)

where f(K) = Õ(g(K)) means f(K) ≤ c · g(K) ·
Poly(log(K)) for some constant c and some polynomial of
log(K).

Our results imply that our algorithm achieves a sublinear
regret of Õ(

√
K) in both uncertainty sets, ensuring efficient

robust policy learning from interactive data. Notably, the
exponential term in the KL case is standard due to the
complicated structure of the uncertainty set, e.g., (Blanchet
et al. 2023; Panaganti and Kalathil 2022).

Sample Complexity. As a direct consequence, we derive
the sample complexity to learn an ε-optimal policy through
χ2-ORVIT and KL-ORVIT. Using a standard online-to-batch
conversion (Cesa-Bianchi, Conconi, and Gentile 2001), we
have the following results.
Corollary 1 (Sample Complexity of f -ORVIT). Under the
same setup in Theorem 1, with probability at least 1 − δ,
f -ORVIT obtains an ε-optimal policy with

T = KH =


Õ
(

H5(1+σ)SA
ε2

)
, χ2-RMDP

Õ
(

H5 exp
(
2H2

)
SA

P⋆
minσ

2ε2

)
, KL-RMDP

(17)

number of samples.
The sample complexity bound for χ2-RMDP shows linear

dependence on the uncertainty radius σ, consistent with
prior generative model results (Shi et al. 2023; Yang, Zhang,
and Zhang 2022). In particular, Shi et al. (2023, Theorem
3) proved a near-optimal sample complexity of order

O
(

SA(1+σ)H4
γ

ε2

)
for infinite-horizon stationary χ2-RMDP

with the effective horizon Hγ = 1
1−γ , thus our bound aligns

with this result while requiring no access to a generative
model (note that the non-stationary nature of finite horizon
MDPs generally requires an additional H in complexity (Shi
and Chi 2024)), showing the tightness of our algorithm.

Our sample complexity bounds for KL-RMDP align with
known KL-robust results under generative and offline settings
(Yang, Zhang, and Zhang 2022; Panaganti and Kalathil 2022;
Wang, Sun, and Zou 2024; Shi and Chi 2024; Blanchet
et al. 2023); for example, (Blanchet et al. 2023) obtains
Õ
(

S2C⋆H4eH

σ2ε2

)
for offline setting, and our bounds exhibit

comparable KL-specific dependence while requiring only
online interaction. The exponential and P ⋆

min-dependent
terms in our analysis follow directly from the dual form
of the KL ball, where robust expectations involve log-MGFs;
this equivalently induces (P ⋆

min)
−2-type factors (Blanchet

et al. 2023), reflecting the genuine difficulty of protecting
against adversarial mass on extremely low-probability
states. Because our guarantees hold uniformly for all
σ > 0, they are conservative when σ is very small (the
ambiguity set is near-nominal), while necessarily incurring a
1/(P ⋆

minσ
2)-type cost when rare transitions dominate, as also

observed in (Blanchet et al. 2023; Shi and Chi 2024). Overall,
these dependencies capture the fundamental hardness of
KL-robust control rather than proof artifacts, indicating that
our KL-RMDP bounds are effectively tight relative to the
best-known KL-robust benchmarks.
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5 Lower Bound for Online RMDP
To further understand the hardness of online distributionally
robust RL and assess the tightness of the upper bounds
presented in theorem 1, we now study corresponding
minimax lower bounds for χ2-RMDP and KL-RMDP.

Theorem 2 (Minimax Lower Bound of Online
Distributionally Robust RL). For any learning algorithm ξ,
there exist an f -RMDP M with the following regret bound
with ξ, as long as K ≥ A:

E[RegretM(ξ,K)]

=

Ω
(√

H4(1 + σ)SAK
)
, χ2-RMDP

Ω
(√

H4SAK
(1−P⋆

min)σ
2

)
, KL-RMDP

(18)

where f(K) = Ω(g(K)) means lim supK→∞
f(K)
g(K) > 0.

Noting that the previous results are all for generative model
settings (Shi et al. 2023) or offline setting (Shi and Chi 2024;
Liu and Xu 2024b), our results stand for the first minimax
lower bound for the more involved online setting. We also
note that our upper bounds in Theorem 1 match with the
lower bound in Theorem 2 in parameters K,S,A, up to some
logarithmic factors. This implies that our f -ORVIT is nearly
minimax optimal. Hence, our algorithm is the first online
distributionally robust RL algorithm to achieve near-optimal
sample complexity without structural assumptions.

6 Comparisons with Prior Works
We then compare our results with two most related prior
studies on online distributionally robust RL (Lu et al. 2024;
He et al. 2025). Other related works are discussed in (Ghosh,
Atia, and Wang 2025, Sec. 2). Compared to the existing works
(Lu et al. 2024; He et al. 2025), our results enjoy two major
advantages: better applicability, and better sample efficiency.

The work (Lu et al. 2024) studies online learning under
the TV-divergence uncertainty set. Their results and methods
heavily rely on the additional assumption of the fail-state
condition and vanishing minimal states, which effectively
addresses the information deficit in their case. However,
such simplifications do not extend to general f -divergences,
such as χ2 or KL, whose worst-case solutions become more
difficult (Iyengar 2005). More recent work (He et al. 2025)
studies all three uncertainty sets, however, their studies also
rely on an assumption of the coverage of the worst-case
kernel by the nominal environment. Specifically, they assume
a supremal visitation ratio between the visitation distributions
under the nominal and the worst-case kernels which is
polynomial in S,A,H: Cvr = Poly(S,A,H). Such an
assumption similarly bypasses the information deficit as in
(Lu et al. 2024), inspired by the offline RL literature (Li
et al. 2024; Shi et al. 2023). However, both assumptions
can be infeasible in practice, as there is no such prior
knowledge on the distributionally RMDPs. Moreover, their
implementations require an additional optimization oracle. In
contrast, our method makes no additional assumptions. We
design confidence-aware updates that are fully data-driven
and based on the dual representation of uncertainty sets,

without any oracle. As a result, our analysis applies broadly
to RMDPs with general f -divergences, providing robust
learning guarantees while addressing the information deficit.

Moreover, our method has a better data efficiency
(also see Table 1). Specifically, ORBIT incurs
a regret of Õ

(√
CvrS3AH4K

)
for χ2 and

Õ
((

1 + H
√
S

σP⋆
min

) (√
CvrSAH2K

))
for KL, which

are largely sub-optimal. In contrast, our regret bound does
not depend on Cvr, providing more general results, and
improve scaling in parameters, leading to tighter guarantees.

On the other hand, our studies on the minimax lower bound
provide an assumption-free result, specifying the dependence
on S,A,H, σ, which presents a more detailed and accurate
study on distributionally robust online learning compared to
(He et al. 2025). Moreover, our lower bounds indicate the
near-optimality of our method.

Our method hence leads to both sharper theoretical bounds
and more applicable and efficient learning in practice.

7 Numerical Experiments
In this section, we evaluate the effectiveness of f -ORVIT
using two challenging environments: the Gambler’s problem
(Sutton, Barto et al. 1998; Shi and Chi 2024) and the Frozen
Lake environment (Brockman et al. 2016). We defer the
detailed environment setup to (Ghosh, Atia, and Wang 2025,
Sec 7.1). We compare with two baselines: (i) the standard
non-robust UCB-VI algorithm (Azar, Osband, and Munos
2017), and (ii) the robust ORBIT algorithm (χ2-ORBIT
for χ2-RMDP; KL-ORBIT for KL-RMDP) for online
distributionally robust RL (He et al. 2025). For all methods,
we set σ = 0.05/0.1 in χ2-RMDP/KL-RMDP, obtain their
output policies, and evaluate them under the corresponding
RMDPs. We mainly focus on two performance criteria: robust
regret (w.r.t. episode number K) and sample complexity
to learn an ε-optimal robust policy. Our simulations are
averaged over 10 independent runs and reported with
confidence intervals.

Robust Regret. We first evaluate and compare the
robust regrets of all algorithms. For both the χ2-divergence
and KL-divergence uncertainty models, our proposed
algorithms–χ2-ORVIT and KL-ORVIT–consistently
demonstrate superior performance in terms of robust regret.
As shown in Figures 1a (for χ2-RMDP), and Figures 1b
(for KL-RMDP), the cumulative regret of all considered
algorithms grows sub-linearly with the number of episodes
K for a fixed horizon H . Compared to the non-robust
UCB-VI, χ2-ORVIT and KL-ORVIT consistently achieve
lower regret across all configurations. The performance
gap between our algorithms and UCB-VI becomes even
more pronounced as the horizon increases, highlighting
the effectiveness of our distributionally robust approach in
managing model uncertainty. This strong and consistent
performance makes χ2-ORVIT and KL-ORVIT more
efficient and effective choices for complex and uncertain
environments, verifying our theoretical results.

Sample Complexity. The sample complexity behavior
further reinforces the advantages of our proposed algorithms.
Figures 1a (for χ2-RMDP), along with Figures 1b (for
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Model assumption Algorithm Regret Lower bound
Vanishing minimal

value (Lu et al. 2024)
TV-OPROVI Õ

(√
min{H,σ−1}H2SAK

)
N/A

Supremal visitation ratio
Cvr (He et al. 2025)

TV-ORBIT Õ
(
CvrS

2AH2 +
√
CvrH4S3AK

)
Ω
(√

CvrK
)

χ2-ORBIT Õ
(
CvrS

2AH2 +
√
CvrH4S3AK

)
KL-ORBIT Õ

((
1 + H

√
S

σP⋆
min

)
(CvrSAH +

√
CvrH2SAK)

)
No additional
assumption (our work)

χ2-ORVIT Õ
(√

H4(1 + σ)SAK
)

Ω
(√

H4(1 + σ)SAK
)

KL-ORVIT Õ
(√

H4 exp(2H2)SAK
/
P ⋆
minσ

2
)

Ω
(√

H4SAK
/
P ⋆
minσ

2
)

Table 1: Comparison between f -ORVIT and prior results on online RMDPs.
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Figure 1: Performance on Gambler’s problem (S = 20) and Frozen Lake (4× 4) under χ2-RMDP and KL-RMDP.

KL-RMDP), illustrate the number of episodes K required
to achieve a given accuracy level ε. In both the Gambler
and Frozen-Lake environments, χ2-ORVIT and KL-ORVIT
consistently require fewer episodes to reach the same level
of accuracy compared to the benchmark algorithms. This
advantage is especially noticeable at higher accuracy levels,
i.e., for larger values of ε. This sample-efficiency advantage
becomes more significant as the horizon H increases,
indicating that the robust formulation of both χ2-ORVIT
and KL-ORVIT is more sample-efficient and scales better
in deeper decision-making scenarios. Overall, the results
highlight the superior sample complexity of χ2-ORVIT and
KL-ORVIT, reinforcing their effectiveness in efficiently
learning robust policies under distributional uncertainty,
specifically χ2/KL-divergence uncertainty sets.

8 Conclusion
In this paper, we studied online distributionally robust RL
under χ2 and KL divergence uncertainty sets. Our algorithm,

f -ORVIT, does not require strong structural assumptions yet
still achieves a sub-linear robust regret bound. Moreover, we
derived the minimax regret lower for online distributionally
robust learning, verifying the near-optimality of our
algorithm. Hence, we provided the first tight performance
guarantees for online distributionally robust RL under
these uncertainty sets. Extensive experiments on diverse
environments validate our theoretical results and demonstrate
the practical robustness and efficiency of our method.
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