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Summary
Distributional shifts between training and deployment environments pose a significant chal-

lenge in reinforcement learning, often leading to brittle policies. While Distributionally Robust
Reinforcement Learning (DRRL) addresses this by optimizing for worst-case performance un-
der an uncertainty set of transition kernels, training with a fixed robustness budget is notori-
ously unstable and prone to over-conservatism. To overcome this, we propose Distributionally
Robust Self-Paced Curriculum Reinforcement Learning (DR-SPCRL), a novel framework that
automates the scheduling of the uncertainty set size ϵ. By leveraging the dual structure of
the robust value function and the Envelope Theorem, DR-SPCRL utilizes the marginal cost
of robustness to dynamically adjust the curriculum based on the agent’s competency. Empiri-
cal evaluations across continuous control benchmarks demonstrate that our approach improves
training and achieves a 24.1% increase in robust returns under observation, action, and en-
vironmental perturbations compared to state-of-the-art baselines in curriculum reinforcement
learning, fixed-budget DRRL, and robust model-based RL.

Contribution(s)
1. We motivate and formalize the scheduling of the robustness budget ϵ in Distributionally

Robust Reinforcement Learning (DRRL) as a continuous, contextual curriculum learning
problem.
Context: Prior work in DRRL (Smirnova et al., 2019; Liu et al., 2022) typically relies on
a fixed robustness budget, which necessitates a difficult trade-off between nominal perfor-
mance and robustness.

2. We introduce Distributionally Robust Self-Paced Curriculum Reinforcement Learning (DR-
SPCRL), a novel automated curriculum algorithm that leverages the dual structure of the
robust value function to adaptively adjust the uncertainty set size.
Context: DR-SPCRL instantiates the self-paced learning framework (Klink et al., 2020)
for the specific structure of DRRL, utilizing the Envelope Theorem (Milgrom & Segal,
2002) to derive the marginal cost of robustness as a learning signal.

3. We provide a theoretical analysis of DR-SPCRL, establishing finite-time convergence
bounds to an approximate stationary point and bounding the curriculum approximation gap.
Context: While recent works have extended DRRL to continuous settings (Cui et al.,
2026), they often lack the convergence guarantees provided by our curriculum-based for-
mulation.

4. Through comprehensive experiments on continuous control environments in MuJoCo with
observation, action, and environmental perturbations, we demonstrate that DR-SPCRL sta-
bilizes training and achieves a 24.1% average improvement in robust returns.
Context: None
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Abstract

A central challenge in reinforcement learning is that policies trained in controlled en-
vironments often fail under distribution shifts at deployment into real-world environ-
ments. Distributionally Robust Reinforcement Learning (DRRL) addresses this by op-
timizing for worst-case performance within an uncertainty set defined by a robustness
budget ϵ. However, fixing ϵ results in a tradeoff between performance and robustness:
small values yield high nominal performance but weak robustness, while large values
can result in instability and overly conservative policies. We propose Distributionally
Robust Self-Paced Curriculum Reinforcement Learning (DR-SPCRL), a method that
overcomes this limitation by treating ϵ as a continuous curriculum. DR-SPCRL adap-
tively schedules the robustness budget according to the agent’s progress, enabling a
balance between nominal and robust performance. Empirical results across multiple en-
vironments demonstrate that DR-SPCRL not only stabilizes training but also achieves
a superior robustness–performance trade-off, yielding an average 24.1% increase in
episodic return under varying perturbations compared to fixed or heuristic scheduling
strategies. We release our code here: https://anirudhsatheesh.com/dr-spcrl/.

1 Introduction

Curriculum Reinforcement Learning (CRL) has emerged as a powerful paradigm for accelerating
and stabilizing the training of reinforcement learning (RL) agents. By structuring training from
simpler to progressively harder tasks, CRL allows agents to acquire complex skills more reliably
and to generalize better to unseen situations (Bengio et al., 2009; Narvekar et al., 2020). Instead
of exposing an agent to the full complexity of a target task from the beginning, CRL gradually
introduces a series of intermediate tasks tailored to the agent’s current level of proficiency.

While CRL improves learning efficiency and stability, it primarily focuses on generating and learn-
ing semantic or goal-specific tasks and, as a result, cannot provide guarantees on performance across
arbitrary environment parameterizations. In many real-world applications, policies must contend
with unmodeled dynamics, sensor noise, and physical variations between training and deployment,
known as the sim-to-real problem. These sources of uncertainty can cause dramatic performance
degradation even for policies that performed well during training. To address this, Distributionally
Robust Reinforcement Learning (DRRL) Smirnova et al. (2019) provides a principled framework
for learning policies that maximize worst-case returns over a prescribed uncertainty set. The result-
ing policies are explicitly designed to be resilient to model mismatch, in contrast to standard RL
approaches that optimize performance only in the nominal environment.

In DRRL, the size of the uncertainty set is determined by a robustness budget ϵ, which specifies
the allowable deviation between the nominal model and its perturbations. As illustrated in Figure 1,

https://anirudhsatheesh.com/dr-spcrl/
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small values of ϵ yield high nominal performance but weak robustness, whereas large values guar-
antee robustness but lead to overly pessimistic value estimates that can slow or destabilize learning.
Thus, training policies with a large fixed ϵ forces the agent to optimize against a severely depressed
value function, while training with small ϵ produces policies that are insufficiently robust at deploy-
ment. This inherent trade-off motivates the use of curriculum learning in DRRL, where we treat the
robustness budget ϵ as the context of a curriculum: beginning with manageable uncertainty set and
gradually expanding it as the agent’s performance and robustness increases.

1.1 Challenges and Contributions

The main challenge of training an effective DRRL policy is to automatically schedule the robustness
budget ϵ so that an agent can efficiently learn a policy guaranteed to maintain performance under any
environment uncertainty. Designing such a schedule is non-trivial: the task difficulty parameterized
by ϵ lacks an intuitive or direct link to semantic properties of the RL task, and poor scheduling either
undermines robustness or slows and destabilizes training. This motivates an approach in which the
agent itself determines how quickly to expand the uncertainty set based on its learning progress and
robustness level.

To address this problem, we introduce Distributionally Robust Self-Paced Curriculum Rein-
forcement Learning (DR-SPCRL), a novel algorithm that automates curriculum generation for ϵ.
We derive DR-SPCRL by instantiating a general curriculum learning framework for the specific
mathematical structure of DRRL, with the novelty that the curriculum update is guided directly by
the agent’s current robustness to environmental uncertainty, enabling it to adaptively balance robust-
ness and performance compared to heuristic-based approaches. By applying the Envelope Theorem
to the primal DRRL problem, we formally show that the gradient of the robust value function with
respect to the curriculum parameter ϵ is equal to the negative of the optimal dual variable, β� (Mil-
grom & Segal, 2002). This dual variable represents the marginal cost of robustness, a theoretically
grounded measure of how much the agent is struggling at its current robustness level. DR-SPCRL
leverages this signal to create an adaptive update rule that automatically balances the agent’s com-
petence with the need to progress the curriculum.

In summary, our main contributions are:

• We are the first to motivate and formalize the scheduling of the robustness budget ϵ in DRRL as
a continuous, contextual curriculum learning problem to improve the stability of training DRRL
policies.

• We introduce DR-SPCRL, a novel automated curriculum algorithm that leverages the dual struc-
ture of distributionally robust reinforcement learning (DRRL) to adaptively adjust the robustness
budget ϵ based on the agent’s learning and robustness progress.

• Empirical evaluations across diverse continuous control environments show that DR-SPCRL sta-
bilizes training and achieves superior robustness–performance trade-offs, yielding a 24.1% aver-
age improvement in episodic returns compared to both non-robust baselines and DRRL agents
trained with fixed or heuristic robustness schedules.

2 Related Work

2.1 Curriculum Reinforcement Learning

Curriculum Learning (Bengio et al., 2009) enhances generalization by structuring agent training
from simpler to more complex tasks. Early approaches relied on manually ordered tasks or easily
parameterized task sets (Narvekar et al., 2020; Soviany et al., 2022). Modern methods automate this
process, such as Self-Paced Contextual RL (Klink et al., 2020), which formulates the problem as
an active optimization of an intermediate context distribution, balancing local reward maximization
with a KL-divergence penalty to ensure progress towards a target distribution. This idea is grounded
in information-theoretic frameworks like contextual relative entropy policy search. Other automated
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Figure 1: Robustness evaluation of DRPPO under action, observation, and environment perturba-
tions for the Hopper environment. Each panel shows episodic returns as a function of noise levels.
Policies trained with smaller �xed robustness budgets (�) fail to handle perturbations effectively,
while larger � values produce overly conservative behavior, leading to suboptimal policies. This
highlights the tradeoff between robustness and nominal performance for �xed � settings.

methods include using intrinsic motivation (Sukhbaatar et al., 2018), generative models for the envi-
ronment (Satheesh et al., 2025; Florensa et al., 2018), and self-play (Du et al., 2022). However, the
key limitation of these existing CRL methods is that they are speci�c to a narrow class of contexts,
such as prede�ned semantic tasks or goal-conditioned settings, and offer no systematic mechanism
or guarantees for handling broader or adversarial environmental variations. This motivates our work
on Distributionally Robust Self-Paced Curriculum Reinforcement Learning (DR-SPCRL), which
explicitly integrates robustness into the curriculum design so that the resulting policies maintain
strong performance even under signi�cant deviations from the training conditions.

2.2 Distributionally Robust Reinforcement Learning

Distributionally Robust Optimization (Kuhn et al., 2025; Huber, 1981) refers to optimization in
which the underlying parameters are unknown. For Reinforcement Learning (Smirnova et al., 2019;
Liu et al., 2022), this is formalized as a robust Markov Decision Process (Iyengar, 2005; Wiesemann
et al., 2013). Existing literature on DRRL focuses on extending RL methods such as Q-learning (Liu
et al., 2022; Wang et al., 2024), value iteration (Lu et al., 2024), and policy gradient methods (Wang
& Zou, 2022; Kumar et al., 2023; Zhou et al., 2023; Wang et al., 2023). Additional research has
focused on the model-based (Ramesh et al., 2024) and of�ine setting (Ma et al., 2022; Blanchet et al.,
2023; Liu & Xu, 2024). However, DRRL is largely limited to the tabular setting (Lu et al., 2024; Liu
et al., 2022; Clavier et al., 2024). Recently, some works (Cui et al., 2026) have extended DRRL to
the continuous setting by leveraging the closed form of the KL divergence uncertainty set. However,
the primary pitfall of existing deep DRRL methods is their reliance on a �xed robustness budget
�. These methods lack an adaptive mechanism to manage this dif�culty parameter during training,
which can lead to the instability or overly conservative policies that our work aims to resolve.

3 Problem Formulation

3.1 Markov Decision Processes

We formalize the Distributionally Robust Self-Paced Curriculum Reinforcement Learning (DR-
SPCRL) problem by starting from the standard Markov Decision Process (MDP) M =
(S; A; P; r; 
; � 0) where S is the state space, A is the action space, P : S � A ! �(S) is the
transition kernel (with �(S) denoting the probability simplex over S), r : S � A ! R is the
bounded reward function, 
 2 [0; 1) is the discount factor, and �0 2 �(S) is the initial state dis-
tribution. The standard RL objective is to �nd a policy that maximizes the expected discounted
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Q� (s; a) = r(s; a) + 
E s0�P (�js;a) [V � (s0)]: (3)

3.2 Distributionally Robust MDPs

In many applications the true transition kernel is not exactly known; instead, we assume it lies in an
uncertainty set P(�) around a nominal model P0. For a divergence measure D : �(S) � �(S) !
R+ , we de�ne:

P(�) =
�

P : S � A ! �(S)
�
� D(P (�js; a); P 0(�js; a)) � �; 8(s; a) 2 S � A

	
(4)

where � � 0 is the robustness budget controlling the size of the uncertainty set. The resulting robust
MDP objective seeks a policy that maximizes the worst-case expected return:

max
�

Vrobust(� � ; �); V robust(� � ; �) = inf
P 2P(�)

J(� � ; P ): (5)

For a �xed policy �, the robust value function satis�es the robust Bellman equation:

V �
robust(s; �) = E a��(�js)

�
Q�

robust(s; a; �)
�

(6)

where the robust Q-function is given by:

Q�
robust(s; a; �) = r(s; a) + 
 inf

p2P s;a (�)
Es0�p [V �

robust(s
0; �)] (7)

and Ps;a (�) = fp 2 �(S) j D(p; P 0(�js; a)) � �g is the local uncertainty set for state-action pair
(s; a).

3.3 Curriculum Learning for Robust RL

To model multiple robustness levels within a single framework, we view the robustness budget as a
context variable c 2 C with

C = [0; �budget]; c � �:

Each context speci�es a different uncertainty set P(c) and thus a distinct robust control problem,
yielding a contextual robust MDP de�ned by a family of robust MDPs fM(c)gc2C . Rather than
training directly from the most challenging context �budget, distributionally robust curriculum rein-
forcement learning organizes learning through a curriculum of increasing budgets

E = (� 1; � 2; : : : ; � T ); 0 � � 1 � � 2 � � � � � � T � � budget; (8)

where each �t+1 represents a more dif�cult level of uncertainty than �t . At stage t, the agent trains
on uncertainty set P(�t ) to learn policy �� t :

max
� t

Vrobust(� � t ; � t ); t = 1; : : : ; T; (9)

and the budget is increased only when suf�cient progress is achieved. Our objective is therefore to
jointly learn a sequence of policies f�� t g

T
t=1 and the curriculum E so that the �nal policy attains

strong robust performance at the target uncertainty level �budget.
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4 Method

In this section, we detail our proposed algorithm. We begin by establishing how DRRL can be used
in the deep reinforcement learning setting. We then formally derive our curriculum reinforcement
learning algorithm, which we term Distributionally Robust Self-Paced Curriculum Reinforcement
Learning (DR-SPCRL), by starting with the general curriculum reinforcement learning framework
and integrating the distributionally robust formulation.

4.1 Deep Distributionally Robust RL

We consider a DRRL setting where the transition model P is unknown but belongs to a KL-
divergence ball P(�) of radius � around a nominal model P0. The goal is to �nd a policy �� with
parameters � that maximizes the robust value function. For a �xed policy �, the robust value function
is de�ned by:

V �
robust(s; �) = E a��(�js)

�
r(s; a) + 
 inf

p2P s;a (�)
Es0�p [V �

robust(s
0; �)]

�
(10)

where Ps;a (�) = fp 2 �(S) j D KL (pkP0(�js; a)) � �g is the local uncertainty set for state-action
pair (s; a). However, solving the in�mum in Eq. (10) directly is intractable, but strong duality holds
for KL-divergence uncertainty sets. Thus, the inner minimization problem is:

min
p2�(S)

Es0�p [V �
robust(s

0; �)] s.t. D KL (pkP0(�js; a)) � �

We can also write the associated robust Q-function as

Q�
robust(s; a; �) = sup

�>0

�
r(s; a) + 


�
�� log E s0�P 0 (�js;a)

�
exp

�
�

V �
robust(s

0; �)
�

��
� ��

��
(11)

where � > 0 is the dual variable. In practice, we approximate the optimal dual variable �� (s; a)
using a neural network �� (s; a) with parameters �. The agent's policy �� is then trained using any
RL algorithm, with policy updates computed using the robust value function V�

robustevaluated via the
dual formulation in Eq. (11).

4.2 The DR-SPCRL Algorithm

We derive our curriculum generation method from the inference-based self-paced learning frame-
work of Klink et al. (2020), which poses curriculum generation as a joint optimization problem over
the policy parameters � and curriculum parameters �:

max
�;�

Ep(cj�) [J(�; c)] � �D KL (p(cj�) k �(c))

s.t. DKL (p(cj�) k p(cj� 0)) � �
(12)

Here, J(�; c) is the performance on context c, �(c) is the target task distribution, � is a pacing
parameter controlling the speed of curriculum progression, and � is a trust region limiting large
jumps between contexts. We instantiate this framework for distributionally robust RL by setting
c = �, �(�) = �(� � � budget), and p(�j�) as the curriculum distribution.

We �x the policy � and focus on the curriculum update step. The objective is to �nd the new
curriculum distribution p(�j�) that solves:

max
p(�j�)

Z
p(�j�)V robust(� � ; �) d� � �D KL (p(�j�)k�(�)) (13)

Because the target distribution �(�) = �(� � � budget) is concentrated at a single point, the KL-
divergence term strongly incentivizes the optimal curriculum p(�j�) to also concentrate around a



Reinforcement Learning Journal 2026

single point. We therefore model the curriculum as a single-point estimate: p(�j�) = �(� � �),
where � is the current value of the curriculum's �. With this simpli�cation, the expectation
Ep(�j�) [Vrobust(� � ; �)] reduces to Vrobust(� � ; �).

The KL-divergence DKL (�(� � �)k�(� � � budget)) is ill-de�ned (in�nite) between Dirac distribu-
tions. To obtain a tractable objective, we approximate both Dirac distributions as narrow isotropic
Gaussians: �(� � �) � N (�; � 2) and �(� � � budget) � N (� budget; � 2) with small variance �2. The
KL-divergence between these Gaussians is:

DKL (N (�; � 2)kN (� budget; � 2)) =
(� � � budget)2

2� 2 (14)

Absorbing the constant12� 2 into the pacing parameter �, we obtain a squared Euclidean penalty
term �(� � � budget)2. By the Dirac delta de�nition and our use of the pointwise parameterization,
we can replace � with �. This transforms the distributional optimization problem into an equivalent
optimization over the point-wise curriculum parameter, reducing our curriculum learning problem
to

max
�

Vrobust(� � ; �) � �(� � � budget)2 s.t. (� � � t )2 � � (15)

where the constraint ensures the curriculum does not jump too far from the current budget �t . To
solve this, let f (�; �) = V robust(� � ; �) � �(� � � budget)2 be our objective. The Lagrangian for this
constrained optimization is:

L curr(�; �) = f (�; �) � �
�
(� � � t )2 � �

�
(16)

where � � 0 is the Lagrange multiplier for the trust-region constraint. The �rst-order optimality
condition is:

@Lcurr

@�
=

@f(�; �)
@�

� 2�(� � � t ) =
@Vrobust(� � ; �)

@�
� 2�(� � � budget) � 2�(� � � t )

set= 0 (17)

The key challenge is computing@Vrobust(� � ;�)
@� . Recall that Vrobust(� � ; �) is de�ned implicitly as a �xed

point of the robust Bellman operator. We leverage the Envelope Theorem (Milgrom & Segal, 2002)
to differentiate the operator. Let the objective inside the supremum of the robust Bellman operator
be G(�; �; V 0). The Envelope Theorem states that the derivative with respect to � is the partial
derivative of the objective evaluated at the optimum �� :

@Q�robust(s; a; �)
@�

= 


 
@G
@�

�
�
�
�
� �

+ E s0�P �
�

�
@V�

robust(s
0; �)

@�

� !

(18)

= 

�

�� � (s; a; �) + E s0�P �
�

�
@V�

robust(s
0; �)

@�

��
(19)

Here, the explicit derivative with respect to � yields ��� , while the dependence via the next-state
value function produces the expectation under the worst-case transition model P�

� . Unrolling this re-
cursive de�nition over the in�nite horizon, we obtain the total sensitivity as the expected discounted
sum of the dual variables:

@Vrobust(� � ; �)
@�

= �E � �(�;P �
� )

"
1X

t=0


 t+1 � � (st ; at ; �)

#

(20)

Using the discounted state-action occupancy measure d� �
P �

�
, this simpli�es to:

@Vrobust(� � ; �)
@�

= �



1 � 

E(s;a)�d

� �
P �

�

[� � (s; a; �)] (21)
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This formally shows that the gradient of the robust value function involves the expected optimal dual
variable scaled by the effective horizon. Substituting Eq. (21) into Eq. (17) yields:

�



1 � 

E(s;a)�d

� �
P �

�

[� � (s; a; �)] � 2�(� � � budget) � 2�(� � � t ) = 0 (22)

Solving for �:

� =
2�� budget+ 2�� t � 


1�
 E [� � (s; a; �)]

2(� + �)
(23)

To obtain a practical explicit update rule, we modify this �xed point equation as one Picard iteration,
treating the step-size term 1

2(�+�) as an effective curriculum learning rate, denoted �curr, and de�ning
C
 = 


1�
 :

� t+1 = � t � � curr

�
C
 E(s;a)�d

� �
P 0

[� � (s; a; � t )] + 2�(� t � � budget)
�

(24)

4.3 Practical Implementation

In practice, we do not have access to �� (s; a), so we use �� (s; a) as an approximation. We estimate
the expected dual variable using a minibatch B from the replay buffer. Our �nal algorithm is RL-
algorithm-agnostic and proceeds in a block-coordinate ascent fashion. We provide the full algorithm
in Algorithm 1.

Algorithm 1 Distributionally Robust Self-Paced Curriculum Reinforcement Learning (DR-SPCRL)

1: Require: discount factor 
, initial budget �start, �nal budget �budget, pacing parameter �, curricu-
lum learning rate �curr, iterations T , rollouts N, critic updates K.

2: Initialize policy � � , dual model �� , curriculum �t  � start, buffer D.
3: Set C
  


1�
 .
4: for t = 1 to T do
5: Collect N steps of experience (s; a; r; s0) using � � ; store in D.
6: for k = 1 to K do
7: Sample minibatch f(sj ; aj ; r j ; s0

j )g from D.
8: Compute dual loss L(�) = �V robust(� � ; � t ) using Eq. (11).
9: Update �� via gradient descent on L(�).

10: end for
11: Compute robust value/advantages using updated �� and Eq. (11).
12: Update policy parameters � via RL algorithm.
13: Estimate E[�� ] � 1

jBj

P
(s;a)2B � � (s; a) from minibatch B.

14: Compute regularization gradient greg = 2�(� t � � budget).

15: Update curriculum: �t+1  � t � � curr

�
C


1
jBj

P
(s;a)2B � � (s; a) + g reg

�

16: Project �t+1 into [0; �budget].
17: end for
18: return � � .

5 Theoretical Analysis

We analyze DR-SPCRL as stochastic block-coordinate ascent on the joint objective

F (�; �) = J(� � ; �) � �(� � � budget)2;

where J(� � ; �) denotes the robust return under curriculum budget �. The algorithm alternates be-
tween a stochastic policy-gradient update in � and a dual-gradient update in �. We impose regular-
ity conditions (formally stated as Assumption A.1 in the appendix): L-smoothness of F , bounded
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stochastic gradient variance �2, Lipschitz continuity of the dual response �� (�) with constant L� ,
bounded function approximation error �approx of the dual network �� , and bounded minibatch vari-
ance �2� =jBj.

Theorem 5.1 (Finite-Time Convergence and Performance Bounds). Let Algorithm 1 be run for
T � 4L 2 iterations with step size � = T�1=2 , where the curriculum gradient is estimated using a
minibatch B via the dual network �� . Then, assuming the regularity conditions in Assumption A.1,
the last iterate (�T ; � T ) satis�es the following bounds:

1. Policy Stationarity at budget: The policy �T is an approximate stationary point of the optimal
robust objective J(�; �budget ), with expected gradient norm bounded by:

Ekr � J(� T ; � budget )k � O(T �1=4 ) +

L � E[� �

T ]
2�(1 � 
)

+

L �

2�(1 � 
)

 

� approx +
� �p
jBj

!

:

2. Curriculum Approximation Gap: The expected discrepancy between the robust value at �budget

and �T is bounded by:

E
�
�J(� T ; � budget ) � J(� T ; � T )

�
� � O(T �1=2 ) +


 2

�
E[� �

T ] + � approx + � �p
jBj

� 2

2�(1 � 
) 2

�
1 +

L �

2�

�
:

Here, � �
T denotes the optimal dual variable for the uncertainty set at (�T ; � T ), � approx is the function

approximation error of the dual network, �2
� =jBj is the minibatch estimation variance, and the

constants hidden in O(�) depend on L, �2, and the initial function value gap F (z0) � F inf .

We provide the full proof in Section A. We analyze Algorithm 1 as a stochastic block-coordinate
ascent on the joint potential function F (�; �) = J(�� ; �) � �(� � � budget)2. Leveraging the L-
smoothness of the objective and the bounded variance of the gradient estimators, we invoke standard
non-convex optimization results to establish that the algorithm reaches an O(T�1=4 )-approximate
stationary point in expectation. We then decompose the total performance gap jJ(�T ; � budget) �
J(� T ; � T )j. Using the Lipschitz continuity of the dual gradient, we show that it has an error �oor
that scales quadratically with the marginal cost of robustness and inversely with the pacing parameter
�. The additional estimation error terms �approx and � � =

p
jBj capture the price of using a learned

dual network and �nite minibatches, and vanish as the approximation improves and the batch size
grows.

6 Experiments

We conduct a comprehensive set of experiments to empirically validate our proposed Distribution-
ally Robust Self-Paced Curriculum Reinforcement Learning (DR-SPCRL) algorithm. Our evalua-
tion targets three key hypotheses: (1) DR-SPCRL produces policies with greater robustness than
standard non-robust baselines; (2) its adaptive curriculum yields more stable training and better �nal
performance than robust training with a �xed or heuristic schedule; and (3) the method is general-
purpose, providing bene�ts across diverse algorithms and domains. To demonstrate this, we inte-
grate DR-SPCRL with three state-of-the-art deep RL algorithms representing distinct paradigms:
Proximal Policy Optimization (PPO) (Schulman et al., 2017), Soft Actor-Critic (Haarnoja et al.,
2018) (SAC), and Deep Deterministic Policy Gradients (DDPG) (Lillicrap et al., 2015).

We evaluate on Hopper, Humanoid, Half-Cheetah, and Walker2d. Performance is measured using
the robust return, de�ned as the average episodic return under held-out perturbations not encountered
during training. Robustness is evaluated across three perturbation types modeling sensor noise,
actuator noise, and environment shifts.



DR-SPCRL

Observation noise. At each timestep, the agent observes a perturbed state

s0
t = s t + � t ; � t � N (0; � 2

obsI); (25)

where Gaussian noise is applied independently to each state dimension.

Action noise. With probability pact, the policy action is replaced by a random action sampled
uniformly from the action space:

a0
t =

(
arand � U(A) p act;
�(s t ) 1 � p act:

(26)

Environment noise. To model sim-to-real gaps, MuJoCo physics parameters are perturbed at the
start of each episode. Given nominal parameters �0, each component is independently rescaled:

� 0
i � U(1 � � env; 1 + � env) � 0;i ; (27)

and the episode is executed entirely under the perturbed dynamics �0. We compare our DR-SPCRL
algorithm to six curriculum reinforcement learning algorithms where we set the context as the ep-
silon radius of the uncertainty set:

• Vanilla The standard, non-robust RL algorithm, which corresponds to training with � = 0. This
serves as our baseline for nominal performance and demonstrates the fragility of standard policies.

• Fixed Budget Distributionally Robust RL trained with a �xed, high robustness budget throughout
training. This baseline is designed to highlight the instability or over-conservatism that arises from
training without a curriculum.

• Linear Schedule A baseline that employs a handcrafted curriculum where the robustness budget
� is linearly annealed from 0 to the �nal target budget over the course of the training run.

• Domain Randomization Robust RL trained with a randomly sampled � in [0; �budget ] (Tobin
et al., 2017).

• ACCEL An adaptation of the regret-based curriculum generation method, ACCEL (Parker-Holder
et al., 2022). We maintain a replay buffer of � values, where the regret score of an � is de�ned
by the mean dual variable �� . The curriculum progresses by sampling and editing high-regret �
values from this buffer.

• SPACE An adaptation of the Self-Paced Contextual Evaluation (SPACE) algorithm (Eimer et al.,
2021). This method employs a heuristic where the curriculum budget � is increased only when
the agent's robust value function has plateaued, indicating that the agent has mastered the current
dif�culty level.

For all experiments we set the learning rate for the � network to be 5�10�4 and the number of steps
K to be 5. We also set the �budget to be 1, which under the KL divergence captures a wide range of
possible transition kernel perturbations. We evaluate each policy after training for 1 million steps for
100 episodes, and report the mean and the standard error for a 95% con�dence interval over 5 seeds.
We use the seeds 0–4 for all of our experiments. The same seed is used for the evaluation, where
each evaluation episode starts from a random state (differs between evaluation episodes). Across all
experiments, the policy, value, and dual variable networks use MLPs with 2 hidden layers of 256
units. The dual model has a softplus output layer to ensure � > 0. For integration of our algorithm
into existing RL algorithms, we simply replace the value and advantage functions with their robust
counterparts. For example, in PPO we calculate the robust advantage function from the robust value
function estimates from the critic, and in SAC, we train the critic to minimize the TD error using the
robust Q-function. All experiments used a RTX 4080 Laptop GPU with 4 i9-13900HX CPUs.
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Env. Alg. Action Observation Environment

pact = 0:1 pact = 0:2 pact = 0:3 pact = 0:4 pact = 0:5 � obs = 0:1 � obs = 0:2 � obs = 0:3 � obs = 0:4 � obs = 0:5 � env = 0:1 � env = 0:2 � env = 0:3 � env = 0:4 � env = 0:5

HalfCheetah

PPO 1168:0(271:2) 869:3(163:7) 633:1(123:4) 424:3(78:4) 249:5(47:9) 1279:6(527:6) 882:5(468:5) 566:0(420:8) 337:9(344:3) 175:0(284:1) 1467:6(490:6) 1222:8(446:3) 855:7(325:6) 602:3(311:8) 385:5(227:2)

Fixed 1158:1(516:7) 760:7(333:5) 513:0(297:7) 246:5(161:9) 105:3(131:9) 1040:5(316:3) 633:7(170:6) 321:3(148:3) 162:0(158:4) 34:0(128:8) 1516:9(706:2) 1262:7(717:8) 997:7(621:0) 709:4(549:9) 477:9(434:9)
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ACCEL 1110:5(359:0) 782:0(225:3) 520:9(173:9) 319:4(147:6) 160:0(132:8) 1263:0(436:3) 867:6(395:5) 509:1(336:6) 279:0(291:8) 117:6(241:4) 1448:3(518:4) 1213:8(443:9) 903:7(403:9) 636:7(402:7) 347:4(342:6)
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Self-Paced 1834:0(207:5) 1182:1 (63:3) 800:6 (57:2) 507:7 (52:2) 266:3 (33:4) 2184:5 (139:2) 1570:3 (201:9) 1131:1 (176:9) 761:4 (147:7) 545:5 (110:0) 2338:5 (564:8) 2017:2 (337:6) 1601:8 (207:0) 1215:1 (82:3) 935:4 (146:1)

Walker2d

PPO 1048:3(435:5) 651:4(202:5) 453:2(65:8) 349:7(30:8) 257:7(23:9) 732:4(229:0) 392:0(43:2) 333:6(26:9) 260:3(25:4) 208:7(28:7) 1624:5(712:4) 1199:6(446:5) 914:8(382:2) 714:9(184:4) 610:7(159:5)

Fixed 425:8(77:8) 340:9(54:5) 263:6(76:2) 166:8(83:0) 100:6(84:2) 365:2(54:5) 176:2(91:1) 95:6(92:6) 62:3(68:4) 44:0(54:4) 477:1(91:3) 443:9(93:2) 393:4(69:9) 338:5(79:4) 293:1(71:9)
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Linear 667:4(54:0) 515:8(44:5) 427:6(43:0) 353:2(29:1) 293:0 (16:9) 544:6(75:3) 347:3(19:1) 255:5(30:9) 193:4(35:4) 146:1(31:5) 895:8(114:6) 734:0(92:3) 637:3(114:8) 536:4(49:4) 512:3(64:2)

ACCEL 616:6(162:7) 441:7(48:2) 361:2(30:6) 313:0(24:0) 232:9(33:3) 501:0(162:0) 382:1(89:3) 307:9(31:0) 272:4(17:0) 235:5(33:5) 1021:3(522:2) 812:4(325:1) 652:9(198:9) 534:7(111:2) 461:0(73:0)
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Hopper
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SPACE 795:5(79:8) 589:8(55:5) 428:1(37:3) 343:6(27:2) 276:0(35:1) 556:7(212:2) 223:9(89:7) 157:7(48:9) 120:2(24:9) 107:1(22:5) 1012:3(110:8) 726:3(70:5) 566:0(34:1) 480:2(21:8) 447:0(43:4)
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Table 1: Robustness evaluation for distributionally robust PPO variants across environments and
perturbation types. Mean with 95% CI (subscript) over 5 seeds; best and second-bestper column.

Env. Alg. Action Observation Environment

pact = 0:1 pact = 0:2 pact = 0:3 pact = 0:4 pact = 0:5 � obs = 0:1 � obs = 0:2 � obs = 0:3 � obs = 0:4 � obs = 0:5 � env = 0:1 � env = 0:2 � env = 0:3 � env = 0:4 � env = 0:5
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Fixed 663:1(282:0) 439:1(223:9) 255:3(148:0) 162:4(108:2) 120:1(95:5) 280:9(188:2) 239:1 (92:9) 131:1 (59:8) 84:5(37:4) 68:0(24:3) 814:6(169:5) 707:7(134:8) 600:7(165:3) 512:4(99:0) 414:7(101:6)

SPACE 805:0(276:5) 621:8(213:3) 432:1(175:0) 300:9(97:5) 205:6(49:3) 316:2(46:6) 223:7(70:1) 113:3(19:5) 75:7(19:4) 60:0(14:0) 891:5(295:9) 834:3(272:6) 763:5(263:0) 657:7(200:5) 582:0(171:0)

Linear 922:7(292:4) 713:6(211:8) 453:6(144:5) 327:9 (81:7) 211:8 (68:0) 354:8(126:1) 193:8(55:8) 113:6(16:6) 84:8(9:1) 67:1(12:3) 1067:1(379:6) 849:1(214:8) 701:8(177:0) 599:5(144:9) 520:3(94:2)

ACCEL 849:2(366:0) 580:6(284:6) 298:2(159:6) 175:2(92:1) 122:7(69:8) 308:3(179:9) 191:9(79:9) 99:9(38:4) 74:9(20:6) 55:2(11:0) 1148:8(483:2) 965:0(340:4) 792:1(226:1) 538:8(142:4) 395:1(126:2)

Dom. Rand. 934:6(272:9) 553:3(241:7) 314:2(138:8) 198:5(94:5) 122:2(61:8) 183:7(87:1) 136:1(46:4) 76:4(33:5) 61:8(17:3) 45:5(16:9) 1216:6 (269:8) 1080:8 (173:5) 920:2 (152:5) 774:7 (194:2) 628:8 (179:1)

Self-Paced 1061:2(626:3) 863:2 (493:3) 499:6 (287:9) 248:3(135:4) 144:1(78:0) 648:2 (399:3) 176:5(56:2) 94:5(25:0) 56:0(10:4) 50:3(9:7) 992:7(543:8) 939:5(506:9) 831:5(455:1) 720:5(390:4) 554:5(304:9)

Table 2: Robustness evaluation for distributionally robust DDPG variants across environments and
perturbation types. Mean with 95% CI (subscript) over 5 seeds; best and second-bestper column.

7 Results

We evaluate all methods on standard continuous-control benchmarks from MuJoCo under three
perturbation families: action corruption (pact), observation noise (�obs), and environment parameter
shifts (�env). Tables 1–3 report mean returns with 95% con�dence intervals over �ve seeds.

DR-SPCRL delivers consistently strong robustness across algorithms and perturbations.
Across PPO, DDPG, and SAC, DR-SPCRL achieves the best or second-best results in the vast
majority of settings, with advantages growing as perturbations increase. For PPO, it ranks top-two
in 55/60 cases. In HalfCheetah under severe observation noise (�obs = 0:5), performance im-
proves from vanilla PPO's 175:0(284:1) to 545:5(110:0) (211%), and under maximum environment
perturbation (�env = 0:5) from 385:5(227:2) to 935:4(146:1) (143%). With DDPG, DR-SPCRL mit-
igates catastrophic failures: in HalfCheetah at �obs = 0:5, returns increase from �421:4(71:3) to
�21:7 (400:0) . For SAC, it achieves best performance in 52/60 settings, including a 136% gain in
Walker2d under maximum action corruption (183:5(44:0) vs. 77:7(59:0) ). Aggregated over all pertur-
bations, DR-SPCRL improves upon the second strongest method by 24.1%. These gains stem from
DR-SPCRL's dual-variable curriculum, which adaptively allocates robustness budget �: training be-
gins with small � to establish nominal competence, then increases � as the dual variable �� indicates
mastery. This principled progression exposes agents to rising uncertainty without the collapse of
�xed budgets or the instability of heuristic schedules.



DR-SPCRL

Env. Alg. Action Observation Environment

pact = 0:1 pact = 0:2 pact = 0:3 pact = 0:4 pact = 0:5 � obs = 0:1 � obs = 0:2 � obs = 0:3 � obs = 0:4 � obs = 0:5 � env = 0:1 � env = 0:2 � env = 0:3 � env = 0:4 � env = 0:5

HalfCheetah

SAC 6497:6(406:5) 4257:6(338:1) 2825:8(235:3) 1957:2(216:3) 1304:9(133:7) 1949:4(381:1) 660:6(180:5) 112:8(92:1) �161:3 (73:6) �294:3 (68:0) 8130:1(477:3) 6324:5(530:5) 4614:7(435:0) 3251:3(450:3) 2192:3(379:6)

Fixed 6325:9(115:3) 4122:8(253:2) 2805:0(212:9) 1904:0(179:1) 1292:2(172:2) 1914:7(321:4) 703:6(156:6) 144:2(115:4) �131:1 (110:5) �284:2 (96:4) 8067:3(456:3) 6130:4(277:8) 4643:4(186:1) 3310:4(125:8) 2192:8(103:2)

SPACE 6393:5(499:6) 4123:7(211:3) 2722:5(131:5) 1849:6(108:4) 1263:8(132:8) 1918:2(146:8) 732:6(60:9) 210:4(96:6) �58:9 (101:1) �211:7 (90:4) 8173:8(568:7) 6258:3(236:2) 4611:8(327:3) 3268:0(351:7) 2231:4(335:4)

Linear 6578:5(187:8) 4057:4(245:1) 2665:8(180:0) 1801:9(277:3) 1234:6(86:4) 1443:9(399:5) 507:0(242:2) 23:5(147:8) �187:4 (152:0) �304:1 (107:9) 8950:4 (141:5) 6774:5(15:6) 4614:4(122:6) 3386:3(75:7) 2473:6(282:1)

ACCEL 6192:6(352:7) 4137:0(254:7) 2730:9(275:9) 1847:5(223:7) 1195:8(175:8) 1853:3(269:5) 697:1(156:8) 129:6(129:2) �136:2 (69:7) �299:4 (38:2) 7613:4(423:5) 6016:7(361:3) 4362:1(416:0) 3069:9(376:7) 2085:4(294:9)

Dom. Rand. 6202:5(421:0) 4031:0(269:0) 2707:8(103:1) 1811:0(64:7) 1232:3(65:5) 1863:4(426:0) 606:1(259:0) 81:1(125:4) �167:1 (71:3) �284:8 (42:3) 7832:5(677:4) 6102:6(365:2) 4344:8(353:5) 3148:3(251:9) 2130:8(168:8)

Self-Paced 6605:8(280:5) 4591:8 (121:0) 3150:6 (100:7) 2197:9 (66:3) 1519:1 (63:9) 2872:0 (299:8) 1568:3 (519:3) 785:4 (461:4) 100:4 (273:4) 6:1(153:9) 8665:7(594:8) 6839:2 (292:4) 5269:7 (412:5) 3784:0 (193:7) 2641:9 (220:6)

Walker2d

SAC 3241:0(1306:8) 1603:8(977:9) 639:0(406:8) 199:8(125:9) 77:7(59:0) 2600:2(1293:2) 274:2(51:2) 207:7(17:0) 183:2(47:1) 151:3(63:5) 4129:8(1128:8) 3375:2(1126:0) 2219:1(995:3) 1382:2(619:8) 848:9(414:2)

Fixed 2303:6(904:5) 1130:8(600:0) 496:4(179:5) 227:0(65:9) 122:7(51:8) 1983:3(1194:2) 343:6(97:7) 214:8(52:0) 198:4 (48:0) 172:3 (36:1) 4001:2(795:2) 2826:1(477:7) 1996:6(440:2) 1252:5(268:3) 804:5(235:2)

SPACE 2240:5(854:5) 1071:5(314:5) 368:3(134:1) 194:4(63:8) 117:4(59:8) 2758:2(1330:3) 562:8(442:0) 242:5(50:5) 195:5(46:0) 151:7(34:4) 3225:8(997:1) 2592:9(769:3) 1965:0(476:2) 1244:8(497:1) 721:4(286:4)

Linear 1997:8(522:4) 990:8(512:1) 418:3(258:4) 220:5(88:5) 142:7(50:7) 1924:7(1175:8) 266:1(78:5) 169:8(68:2) 110:2(76:6) 97:1(73:9) 3500:3(721:2) 2583:0(451:9) 1741:0(379:7) 1285:4(341:1) 816:6(392:4)

ACCEL 1854:5(1123:4) 921:6(486:3) 222:5(80:7) 115:7(43:7) 52:0(38:0) 2084:4(1291:5) 421:2(53:8) 246:7(16:6) 192:7(62:7) 153:4(69:0) 2596:3(1327:5) 1981:0(1299:2) 1307:4(952:1) 882:0(617:6) 616:6(533:9)

Dom. Rand. 2743:9(1099:9) 1160:0(740:7) 472:1(233:3) 229:5(80:7) 140:7(74:6) 3007:2(1302:5) 518:0(298:6) 260:1(28:7) 172:2(63:4) 116:6(98:6) 4765:8(689:5) 3856:9(800:9) 2916:2(774:6) 1833:6(691:0) 1059:8(626:5)

Self-Paced 4056:6(897:8) 2438:1 (886:0) 960:6 (427:7) 425:7 (136:5) 183:5 (44:0) 4187:8 (681:4) 1444:6 (725:1) 319:7 (62:6) 155:4(56:9) 108:0(67:7) 5211:5 (346:9) 4233:1 (525:7) 3317:9 (855:1) 2501:1 (722:4) 1661:9 (625:1)

Humanoid

SAC 2717:9(1094:3) 1301:7(581:6) 733:1(260:7) 551:6(164:7) 403:2(89:2) 189:4(38:9) 186:3(31:4) 188:3(34:2) 186:3(29:6) 188:8(34:6) 142:3(59:1) 125:9(45:9) 139:6(55:2) 137:5(55:7) 129:7(43:7)

Fixed 2419:5(1082:1) 1535:2(963:2) 809:5(440:1) 534:0(238:8) 374:5(160:5) 186:9(81:9) 188:2(84:2) 189:3(85:8) 187:3(83:0) 190:8(89:5) 127:6(35:8) 120:5(29:1) 124:6(34:2) 125:2(30:6) 123:5(27:9)

SPACE 3598:8(1397:6) 2080:9(1059:1) 1166:0(529:2) 638:5(219:7) 441:7(129:6) 155:6(68:4) 155:0(65:2) 160:1(68:0) 157:2(65:7) 156:8(67:0) 124:6(50:3) 118:5(44:0) 117:6(39:8) 111:6(33:6) 119:0(35:5)

Linear 3217:2(1356:2) 1754:2(722:7) 955:7(312:0) 616:6(178:4) 436:4(108:2) 157:4(78:9) 156:2(77:0) 156:1(73:9) 156:9(74:9) 153:9(74:8) 99:4(16:1) 98:4(11:2) 94:8(6:5) 98:0(10:3) 98:2(9:0)

ACCEL 1935:0(914:4) 948:5(316:9) 664:3(182:5) 461:6(123:2) 339:4(94:2) 157:4(64:4) 156:5(64:0) 155:9(63:8) 154:0(59:7) 155:1(64:9) 128:1(49:8) 126:1(42:4) 127:7(44:8) 123:2(41:1) 125:3(40:2)

Dom. Rand. 2608:7(1073:0) 1349:7(563:3) 765:5(253:1) 537:9(164:7) 384:4(94:3) 123:4(29:0) 122:3(31:1) 121:2(30:5) 117:7(31:5) 121:0(31:0) 109:3(22:6) 103:2(14:3) 105:4(14:5) 105:2(9:4) 105:7(16:5)

Self-Paced 5078:3(419:2) 3334:7 (949:1) 1648:8 (487:6) 831:5 (125:3) 542:0 (49:9) 298:0 (17:5) 276:4 (42:7) 290:8 (12:4) 337:2 (90:9) 334:2 (75:6) 259:3 (41:8) 243:5 (23:8) 251:1 (33:7) 239:6 (30:6) 239:9 (49:7)

Hopper

SAC 1478:8(477:7) 1011:7(393:0) 642:3(340:0) 373:3(185:6) 239:1(120:8) 811:9(308:0) 256:0(39:3) 115:5(28:2) 73:9(19:0) 58:7(19:7) 1865:7(625:2) 1211:7(232:4) 904:0(171:3) 679:4(158:3) 501:6(91:3)

Fixed 1174:6(193:7) 719:6(143:3) 429:6(103:5) 291:2(55:9) 191:7(54:5) 454:9(246:5) 173:7(69:6) 106:3(28:6) 77:2(20:9) 66:8(13:4) 1782:1(508:6) 1139:8(355:7) 803:6(174:7) 559:8(67:7) 459:2(53:1)

SPACE 805:5(168:6) 554:0(91:8) 409:5(79:6) 308:5(70:9) 254:2(61:5) 497:2(89:7) 194:7(62:4) 105:4(12:0) 81:5(9:5) 65:4(12:0) 1112:3(354:5) 783:4(145:4) 627:0(73:7) 499:6(67:6) 430:2(52:0)

Linear 1221:5(597:7) 739:6(312:4) 384:5(65:9) 241:6(50:4) 186:1(50:0) 600:3(294:2) 253:2(111:3) 120:4(64:2) 65:0(53:2) 40:3(35:0) 1625:6(664:5) 1194:9(476:6) 867:6(346:1) 608:0(166:8) 514:1(128:9)

ACCEL 1189:1(405:2) 744:4(255:3) 483:5(190:9) 324:2(125:1) 243:9(79:5) 589:9(126:2) 251:9(33:4) 135:5 (30:6) 79:7(27:9) 62:0(22:7) 1995:7(632:0) 1235:7(360:8) 913:7(213:3) 619:6(212:3) 457:4(44:9)

Dom. Rand. 738:8(307:4) 363:1(144:3) 231:2(105:0) 149:1(75:5) 107:3(55:6) 410:0(170:1) 213:6(61:5) 129:9(33:5) 83:2(10:2) 68:6(3:7) 1608:2(518:6) 1062:6(309:3) 714:9(172:7) 490:0(60:9) 374:4(55:5)

Self-Paced 1992:4(582:5) 1324:0 (343:5) 793:5 (274:6) 525:6 (181:0) 313:2 (104:0) 1299:4 (500:3) 414:4 (219:8) 134:5(39:0) 69:8(13:5) 48:0(14:0) 2644:6 (223:0) 1810:8 (385:3) 1297:7 (215:6) 897:6 (146:7) 595:8 (139:4)

Table 3: Robustness evaluation for distributionally robust SAC variants across environments and
perturbation types. Mean with 95% CI (subscript) over 5 seeds; best and second-bestper column.

Adaptive curricula overcome the robustness–performance tradeoff of �xed budgets. Fixed-
� training exhibits a clear tradeoff between nominal and robust returns. Large � over-constrains
learning, while small � neglects robustness. In contrast, DR-SPCRL adapts to the agent's evolving
capability. For example, in Walker2d with PPO under pact = 0:5, Fixed Budget achieves only
100:6(84:2) versus DR-SPCRL's 282:4(9:7) ; in Hopper under maximum action corruption, Fixed
reaches 64:5(58:5) compared to 291:5(19:3) . DR-SPCRL also yields markedly lower variance: in
HalfCheetah with PPO under environment perturbations, con�dence intervals shrink by 40 to 60%.
Heuristic curricula (Linear, SPACE, ACCEL) remain inconsistent. For instance, in HalfCheetah with
DDPG under maximum action corruption, DR-SPCRL achieves 1508:5(109:0) , exceeding Linear by
38%. Sensitivity studies further show DR-SPCRL remains stable across order-of-magnitude changes
in � and � curr, unlike Fixed and Linear baselines.

Robustness gains generalize across algorithms, domains, and perturbation types. DR-SPCRL
improves performance across on-policy and off-policy methods, deterministic and stochastic poli-
cies, and entropy-regularized learning, achieving top-two results in 154/180 settings (85.6%) over
HalfCheetah, Walker2d, Humanoid, and Hopper. It remains effective under challenging dynam-
ics shifts, such as HalfCheetah with PPO at �env = 0:5, where it reaches 935:4(146:1) compared
to Fixed's 477:9(434:9) and Linear's 133:7(45:2) . Crucially, these improvements extend uniformly
across action corruption, observation noise, and environment perturbations without perturbation-
speci�c tuning, supporting the use of the dual variable �� as a general curriculum signal for distri-
butionally robust reinforcement learning.

Improved Training Performance via Adaptive Robustness. As illustrated in Figure 2, DR-
SPCRL (represented by the dashed teal line) consistently outperforms the Fixed and Linear robust
baselines and frequently exceeds the performance of the Vanilla non-robust agent. We attribute this
performance gain to the regularization effect of the distributionally robust objective, since worst-
case perturbations used to estimate the robust value function implicitly introduce diversity into the
transition dynamics. This stochasticity enhances exploration, preventing the policy from over�tting
to the deterministic nominal dynamics and getting stuck in local optima. Crucially, unlike the Fixed
budget approach, which often results in �at learning curves (e.g., PPO on Hopper) by exposing the
agent to insurmountable adversarial perturbations too early, DR-SPCRL maintains training stability.
By dynamically scaling the uncertainty set size � only when the dual variable �� indicates suf�cient
agent performance, our method provides a more effective and consistent training signal.




