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Abstract

Training agents that are robust to environmental changes remains a significant
challenge in deep reinforcement learning (RL). Unsupervised environment design
(UED) has recently emerged to address this issue by generating a set of training
environments tailored to the agent’s capabilities. While prior works demonstrate
that UED has the potential to learn a robust policy, their performance is constrained
by the capabilities of the environment generation. To this end, we propose a
novel UED algorithm, adversarial environment design via regret-guided diffusion
models (ADD). The proposed method guides the diffusion-based environment
generator with the regret of the agent to produce environments that the agent finds
challenging but conducive to further improvement. By exploiting the representation
power of diffusion models, ADD can directly generate adversarial environments
while maintaining the diversity of training environments, enabling the agent to
effectively learn a robust policy. Our experimental results demonstrate that the
proposed method successfully generates an instructive curriculum of environments,
outperforming UED baselines in zero-shot generalization across novel, out-of-
distribution environments. Project page: https://rllab-snu.github.io/projects/ ADD

1 Introduction

Deep reinforcement learning (RL) has achieved great success in various challenging domains, such
as Atari [1], GO [2], and real-world robotics tasks [3, 4]. Despite the progress, the deep RL agent
struggles with the generalization problem; it often fails in unseen environments even with a small
difference from the training environment distribution [5, 6]. To train well-generalizing policies,
various prior works have used domain randomization (DR) [7, 8, 9], which provides RL agents with
randomly generated environments. While DR enhances the diversity of the training environments,
it requires a large number of trials to generate meaningful structures in high-dimensional domains.
Curriculum reinforcement learning [10, 11] has been demonstrated to address these issues by pro-
viding instructive sequences of environments. Since manually designing an effective curriculum for
complicated tasks is challenging, prior works [12, 13] focus on generating curricula that consider the
current agent’s capabilities. Recently, unsupervised environment design (UED, [14]) has emerged
as a scalable approach, notable for its advantage of requiring no prior knowledge. UED algorithms
alternate between training the policy and designing training environments that maximize the regret
of the agent. This closed-loop framework ensures the agent learns a minimax regret policy [15],
assuming that the two-player game between the agent and the environment generator reaches the
Nash equilibrium.
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There are two main approaches for UED: 1) learning-based methods, which employ an environment
generator trained via reinforcement learning, and 2) replay-based methods, which selectively replay
among previously generated environments. The learning-based mefl@hd$,[17] utilize an
adaptive generator that controls the parameters that fully de ne the environment con guration. The
generator receives a regret of the agent as a reward and is trained via reinforcement learning to
produce environments that maximize the regret. While the learning-based methods can directly
generate meaningful environments, training the generator with RL is unstable due to the moving
manifold [16]. Additionally, we observe that the RL-based generator has limited environment
coverage, which limits the generalization capability of the trained agent. In contrast, the replay-based
methods 18, 19, 20] employ a random generator and select environments to revisit among previously
generated environments. Since the random generator can produce diverse environments without
additional training, they outperform the learning-based methods in zero-shot generalization tasks
[20]. However, the replay-based methods are sample inef cient as they require additional episodes to
evaluate the regret on the randomly generated environments.

In this work, we propose a sample-ef cient and robust UED algorithm by leveraging the strong
representation power of diffusion modeRl]. First, to make UED suitable for using a diffusion
model as a generator, we introduce soft UED, which augments the regret objective of UED with an
entropy regularization term, as done in maximum entropy ZL. [By incorporating the entropy term,

we can ensure the diversity of the generated environments. Then, we @dsgergarial environment
design via regret-guided diffusion mod€iDD), which guides a diffusion-based environment
generator with the regret of the agent to produce environments that are conducive to the performance
improvement of the agent. Enabling this regret guidance requires the gradient of the regret with
respect to the environment parameter. However, since the true value of the regret is intractable and
the regret estimation methods used in prior works on UED are not differentiable, a new form of regret
estimation method is needed. To this end, we propose a novel method that enables the estimation
of the regret in a differentiable form by utilizing an environment critic, which predicts a return
distribution of the current policy on the given environment. This enables us to effectively integrate
diffusion models within the UED framework, signi cantly enhancing the environment generation
capability.

Since the regret-guided diffusion does not require an additional training of the environment generator,
we can preserve the ability to cover the high-dimensional environment domain as the random generator
of the replay-based method. Moreover, ADD can directly generate meaningful environments via
regret-guided sampling as the learning-based methods. By doing so, ADD effectively combines the
strengths of previous UED methods while addressing some of their limitations. Additionally, unlike
other UED methods, ADD allows us to control the dif culty levels of the environments it generates
by guiding the generator with the probability of achieving a speci c return. It enables the reuse of the
learned generator in various applications, such as generating benchmarks.

We conduct extensive experiments across challenging tasks commonly used in UED research: par-
tially observable maze navigation and 2D bipedal locomotion over challenging terrain. Experimental
results show that ADD achieves higher zero-shot generalization performance in unseen environments
compared to the baselines. Furthermore, our analysis on the generated environments demonstrates
that ADD produces an instructive curriculum with varying complexity while covering a large en-
vironment con guration space. As a result, it is shown that the proposed method successfully
generates adversarial environments and facilitates the agent to learn a policy with solid generalization
capabilities.

2 Related Work

2.1 Unsupervsied Curriculum Reinforcement Learning

While curriculum reinforcement learnind3, 23, 24] has been shown to enhance the generalization
performance of the RL agent, Dennis et al4][ rst introduce the concept of the unsupervised
environment design (UED). UED encompasses various environment generation mehods, such as
POET [12, 25] and GPNR€]. In this work, we follow the original concept of UED, which aims to

learn a minimax regret policylp] by generating training environments that maximize the regret

of the agent. Based on this concept, the learning-based methods train an environment generator
via reinforcement learning. PAIREOL{] estimates the regret with a difference between returns



obtained by two distinct agents, and trains RL-based generator by utilizing the regret as a reward.
Recently, CLUTR 16] and SHED [L7] utilize generative models to improve the performance of
PAIRED. CLUTR trains the environment generator on the learned latent space, and SHED supplies
the environment generator with augmented experiences created by diffusion models. Despite the
progress, training the generator via RL is unstable due to the moving mariifyl@d7 and often
struggles to generate diverse environments. On the other hand, replay-based methods based on PLR
[18] utilize a random environment generator and decide which environments to replay. AQGEL [
combines the evolutionary approach#g, [25] and PLR by taking random mutation on replayed
environments. While these replay-based methods show scalable performance on a large-scale domain
[28] and outperform the learning-based methods, they do not have the ability to directly generate
meaningful environments. Unlike prior UED methods, we augment the regret objective of UED
with an entropy regularization term and propose a method that employs a diffusion model as an
environment generator to enhance the environment generation capability. Our work is also closely
related to data augmentation for training robust policy. Particularly, DRAGENAhd ISAGrasp

[30] augment existing data in learned latent spaces to train a policy that is robust to unseen scenarios.
Our algorithm, on the other hand, focuses on generating curricula of environments without any prior
knowledge and dataset.

2.2 Diffusion Models

Diffusion models 21, 31, 32] have achieved remarkable performance in various domains, such
as image generatio3y], video generation34], and robotics 35, 36, 37]. Particularly, diffusion
models effectively perform conditional generation using guidance to generate samples conditioned
on class labels38, 39] or text inputs B0, 41, 42]. Prior works also guide the diffusion models
utilizing an additional network or loss functions, such as adversarial guidance to generate images
to attack a classi er43], safety guidance using pre-de ned functions to generate safety-critical
driving scenarios44], and guidance using reward functions trained by human preferences to generate
censored samples4q]. We note that our implementation of the regret-guided diffusion model is
based on the work of Dhariwal et al. [38] and Yoon et al. [45].

3 Background

3.1 Unsupervised Environment Design

Unsupervised environment design (UEDR4]) aims to provide an adaptive curriculum to learn a
policy that successfully generalizes to various environments. The environments are represented
using a Markov decision process (MDP), de ned&sS; P;R; o; i, where A is a set of actions,
Sisasetofstate® :S A S! [0;1l]isatransitonmodelR : S A! Risareward
function, ¢ : S! [0;1]is an initial state distribution and is a discount factor. UED employs

an environment generator that designs environments by controlling free environment parameters
of underspeci ed environments, which is represented using an underspeci ed Markov decision
process (UMDP). UMDP isdenedadd = MA;S; ;PM;RM; M. i where isa setoffree
environment parameters. Assigning a value to the free environment paraneterresults in a
specic MDP M  with the environment con guratiorR = PM ( );R = RM (); o= M ().

For example, when learning a mobile robot to navigate towards the goal point while avoiding
obstacles, could represent the positions of obstacles, the position of the goal, and the start position
of the robot.

UED algorithms alternate between designing a set of environments and training the agent on the
generated environments. The environment generator rst produces an environment parahrater
maximizes the agent's regret. The regret of the poligyn environmenM is de ned as,

REGRET(; ):= V(; )+max V( %) 1)
p i
where is a set of policiesan®(; ):= E i P ,“]':0 rn. " is an expected return where

rn is a reward obtained by at timestegn on M . Then, the agent is trained on the generated
environment to maximize the expected return, resulting in minimizing the regret. This framework
can be formulated with the following two-player minimax game:

rr;in mzax REGRET(; ): (2)



It is ensured that the agent learns the minimax regret policg argmin m2ax REGRET(; ) by
2

assuming the two-player game (2) reaches the Nash equilibddni §]. However, learning the
minimax regret policy is challenging. Since the objective (2) does not guarantee the diversity of
generated environments, the agent may not be trained on suf ciently various environments.

3.2 Diffusion Probabilistic Models

A diffusion probabilistic modelZ1] is a generative model that generates samples from noise via
iterative denoising steps. Diffusion models start with perturbing data by progressively adding
Gaussian noise, called tlierward process The forward process can be modeled with a value-
preserving stochastic differential equation (VP SDE, [31]):

p—
dX; = Etxtdt"' tdW; (3

wheret 2 [0; T] is a continuous diffusion time variable; > 0 is a variance schedule, aid

is a standard Brownian motion. Since the forward process(3) has tractable conditional marginal
distributionsp; (XjXo) = N (p “Xo; (L )l)where (= e 0 3t pr (X ) will be corrupted

intoN (0;1) whenT !'1

Generating samples following the data distributra, ( ) requires aeverse process reverse-time
SDE that has the same marginal distributions as the forward process (3). By Anderson's theorem
[46], the reverse process can be formulated with a reverse-time SDE de ned as,

P —
dXt = t %Xt +r Xt |ng[(Xt) dt+ Ith: (4)

Hence, learning a diffusion model means learning a score netsv@b; ; t) that approximates a
score functiorr x, logp:(X+). The score network is trained via score matchiid,[then plugged
into the reverse process (4):

dX; = %Xt+s (X¢;t) dt+pTdvvt: (5)

Indeed, we can generate samples by solving the approximated reverse process (5) with an initial
conditionXt N (0O;1).

To generate samples with labélusing the diffusion model, the score function of the conditional
distributionp(X¢jY) should be estimated. Sinpe(XjY) / pt(Xt;Y) = p(Xe)pe(Y]jX¢) due
to Bayes' rule, conditional samples can be generated by solving the reverse process with classi er
guidance [38]:
$ Xpst)=s (Xest) + 1r x, log B (YXt);
p— 6

dXt= t %Xt"'ls (Xt,t) dt + tth; ( )
wherepx (YjX;) is a time-dependent classi er network ahd 0 is a guidance weight to scale
classi er gradients.

4 Proposed Method

In this section, we describe our approach to employ a diffusion model as an environment generator to
enhance the environment generation capability. We rst introduce soft UED, which mutates UED
to be more suitable for using a diffusion model as a generator by augmenting the original objective
with the entropy regularization term. Then, we propose a novel soft UED algorithm, adversarial
environment design via regret-guided diffusion models (ADD). ADD consists of two key components:
1) a diffusion-based environment generation by using the regret as a guidance, and 2) a method to
estimate the regret in a differentiable form. We present these key components in detail and conclude
the section with an explanation of the overall system and its advantages compared to prior UED
methods.



4.1 Soft Unsupervised Environment Design

In this section, we introduce soft UED, designed to guarantee the diversity of environments by adding
an entropy regularization term to the original UED objective (2). Soft UED is de ned as the following
minimax game between the agent and the environment generator:

n;in rrzlgx E [REGRET(; )]+ %H() ; (7
' P
where is a distribution over , D is a set of distributions over, H() := ( Dlog ()

2
is an entropy of , and! is a regularization coef cient. Based on the fact thais concave, we can
show that the strong duality holds:
Proposition4.1. LetL(; ):= E [REGRET(; )]+ iH() andassumeth&;A; and are
nite. Then,n;in nzjgx L(; )= m% n}in L(; ).

The proof is detailed in Appendix A.1. Proposition 4.1 implies that there exists a valid optimal

point (= 7 , and it is stationary for alternative optimization ofand . Hence, the agent will
learn a soft minimax regret policy = argmin rrz]gx L(; ) ifitreaches the optimal point. One
2

of the most signi cant difference from the original UED is the role of the environment generator.
Instead of nding a speci c environment parameter that maximizes the regret, soft UED updates
the environment generator to sample environment parameters from a distribution that maximizes the
objective function of soft UED.

We note that the soft UED framework encompasses prior UED algorithms. In the learning-based
methods, the generator is trained with RL using an entropy bonus, which is known to enhance
performance48] and plays a similar role tél () . The replay-based methods also consider the
diversity of environments by sampling environment parameters from a probability distribution
proportional to the regret, instead of selecting a parameter that maximizes the regret. Therefore, soft
UED can be considered as a general framework that incorporates practical methods.

4.2 Regret-Guided Diffusion Models

Soft UED converts the problem of generating regret-maximizing environments into a problem of
sampling the environment parameteirom a desired distribution = argmaxL(; ) . Itisa
2D

well-known fact that  has a closed-form solution as follows:
u( )exp(! REGRET(; )) .
()= c ; (8)
whereC is a normalizing constant, ant ) denotes an uniform distribution over. Inspired by the
classi er guidance (6), we solve this sampling problem by guiding a pre-trained diffusion model with
the regret. To this end, we decompose the score function @fs follows:
rlog {(¢)=r Jogu( )+ !r REGRER(; t); 9)
wheret is a diffusion time variable,; is an environment parameter perturbed by the forward process
(3), ut() denotes a distribution of; when o  u(), () denotes a distribution of; when
0 (), andREGRET( ; ) is a time-dependent regret on the noised environmgnthich
is equal toREGRET(; o). We approximate the rst termm  logu:( ) with a score network
s (;t) r loguc( ¢) thatis learned by training a diffusion-based environment generator on the
randomly generated environment dataset before the agent begins to learn. Then, we can formulate a
regret-guided reverse process with a reverse-time SDE as follows:

s(ut)=s (ut)+!r REGRER(; 1)

p— 10
d¢= t%t+s(t;t) dt + tdW;: (10)

Hence, if a gradient of the regret is tractable, we can sample an environment paranfieter the
desired distribution by solving the regret-guided reverse process (10) with an initial condition

t N (0;1). However, the regret (1) is intractable since we cannot access the environment-speci ¢
optimal policy. Prior works on UED propose various methods to estimate the regret using episodic
returns or temporal difference errors, but none of them are differentiable w.sinhce agents cannot
access the environment parameter and the reward function.



Figure 1:Overview of ADD. After the agent is trained on environments produced by the environment
generator, the environment critic is updated using the episodic results. Then, the environment critic
guides the diffusion-based environment generator with the regret to produce adversarial environments.
By repeating this process, the agent learns a policy that is robust to environmental changes.

4.3 A Differentiable Regret Estimation

In order to estimate the regret in a differentiable form, we present a novel method based on a exible
regret [L4], which is known to enhance the performance of the learning-based UEDsThe main

idea is to estimate the regret with a difference between the maximum and average episodic returns
that can be achieved by the agent. To make it differentiable w.r.tve utilize an environment critic

that predicts the return of the agent in the given environment parameter, as done in D&AGE [
and LPG p(Q]. The environment critic learns to predict a distribution of returns, analogous to
distributional RL p1], to better capture the stochasticity of the environment and policy. Based on a
supportde ned a$z = Vmin + g5 (Vmax  Vimin )g{vlo 1 which is a set of centers of M bins that
evenly divide the return domajimin ; Vmax ], We obtain an estimated categorical return distribution
from an environment critic outpui ;t; ) 2 RM as follows:

A0z wp, p (L)
(0= 2 WP P Lot (ot )

To alignZ with a true return distribution, we train the environment critic by gradient descent on
the cross entropy loss betweZn ( ¢;t) and a target distribution, which is constructed by projecting
episodic returns that the agent achieves on the environkheatonto the suppottz; gi”io 1

11)

After the environment critic is updated, we estimate the regret (1) with a difference between the
maximum return that the current agent can achieve and average of the predicted return distribution.
However, the process of nding a maximum achievable return from the distribution is not differen-
tiable. To address this issue, we further approximate the maximum with a conditional value at risk
(CVaR), based on the fact thaaR (Z) converges to the maximum as a risk measugoes zero.

As a result, we estimate the regret of the agent as follows:

REGRET( ;) CVaR (Z' ( ;1)) E(Z (;t): (12)

4.4 Adversarial Environment Design via Regret-Guided Diffusion Models

An overview of ADD is provided in Figure 1. First, a diffusion-based environment generator, which

is pre-trained on the randomly generated environment dataset, produces a set of environments for
the agent. After the agent interacts with the generated environments and is trained via reinforcement
learning, the episodic results are utilized to update the environment critic. Then, the environment
critic estimates the regret of the agent in a differentiable form (12) and guides the reverse process of
the diffusion-based environment generator (10), resulting in environment parameters following the



distribution that maximizes the soft UED objective (7). By repeating this process, the agent learns
the soft minimax regret policy, which is robust to the variations of environments. A pseudocode of
the algorithm is shown in Appendix A.4.

Since ADD does not require an additional training of the pre-trained diffusion model, the ability to
cover the high-dimensional environment domain can be preserved. Furthermore, ADD enables the
generator to directly produce meaningful environments via regret-guided reverse process. Therefore,
ADD can be seen as having both the advantage of the replay-based methods and learning-based
methods while resolving some of their limitations. Additionally, we can control the dif culty level

of the generated environments after the training of the RL agent is over. In detail, we can generate
environments of dif culty levek 2 f 1;2;:::; M g by replacing the regret in the regret-guided reverse
process (10) with a log probability of achieving a speci c retagn  as follows:

SS(ut)=s () +!r logPAZ (;t)=zu «);

p— 13
d¢= t %t"'so(t;t) dt + rdW;: (13)

It enables the reuse of the learned generator and environment critic in various applications, such as
generating benchmarks with varying dif culties.

5 Experiments

TasksWe conduct extensive experiments with two challenging tasks. First, we evaluate the proposed
method on a partially observable navigation task with a discrete action space and sparse rewards.
Then, we assess the performance of our algorithm on a 2D bipedal locomotion task, which has a
continuous action space while offering dense rewards.

BaselineswWe compare the proposed method against several UED baselines. For the learning-based
method, we use PAIREDL], which trains the environment generator via reinforcement learning.
For the replay-based method, we use PLRY], which utilizes the random generator and updates

the agent only with episodes from the replayed environments. To benchmark performance, we use
ACCEL [20], a current state-of-the-art UED algorithm that applies random mutations to replayed
environments. Among the two implementation methods of the ACCEL, we use the one that samples
environment parameters from the full parameter range, rather than the one that restricts the sampling
to a range that ensures simple environments are generated, as the latter could be seen as incorporating
prior knowledge. Domain randomization (DR) is also included in baselines so that we can demonstrate
the effectiveness of UED. Lastly, we use ADD w/o guidance to show whether the regret guidance
induces the diffusion model to generate adversarial environments and enhances the performance of
the agent.

Outline We rst train a diffusion-based environment generator on the randomly generated envi-
ronment dataset. Then, we use proximal policy optimization (PBZ)), fo train the agent on the
environments generated by UED methods. To evaluate the generalization capability of the trained
agent, we measure the zero-shot transfer performance in challenging, human-designed environments.
Additionally, to understand where the differences in performance originate, we conduct quantitative
and qualitative analyses on the curriculum of the generated environments by tracking complexity
metrics and drawing t-SNE plots. For space consideration, we elaborate on detailed experimental
settings including environment parameterization methods in Appendix B.

5.1 Partially Observable Navigation Task

We rst evaluate the proposed method on a maze navigation tB8k Which is based on the
Minigrid [53]. In this task, an agent is trained to take a discrete action using an observation from
its surroundings to receive a sparse reward upon reaching a goal. For prior UED methods, we
set the maximum number of blocks in a grid environment to 60, aligning with Parker-Holder et
al. [20]. For the proposed method, we train the diffusion-based environment generator on 10M
random environments whose number of blocks uniformly varies from zero to 60. Then, we train the
LSTM-based policy for 250M environmental steps and evaluate the zero-shot performance on 12
challenging test environments from prior works [14, 19].



Figure 2: Partially observable navigation results. (a) Zero-shot performance on the 12 test
environments. We report results across ve random seeds, each evaluated over 100 independent
episodes per environmergh): Training curves on two challenging test environmefi%. Complexity

metrics of the generated environments during traini(d): t-SNE embedding of the generated
environments during training.

Performance. In Figure 2(a), we report the mean solved rate and box plot to compare the zero-shot
performance of the learned policy on the test environments. The result demonstrates that ADD
outperforms the baseline methods while achieving 85% of the mean solved rate, which is 18% higher
compared to the ACCEL. Furthermore, ADD achieves the highest Q1, Q2, and Q3 values while its
interquartile range, de ned as Q3 - Q1, is 51% smaller than ACCEL. Therefore, we can infer that
the proposed method consistently outperforms the baselines in the challenging test environments. In
Figure 2(b), we report training curves on two test environments consisting of Maze and Labyrinth.
The results demonstrate that ADD shows the monotonic performance improvement and achieves
a higher solved rate compared to other baselines. While ACCEL shows 13% higher mean solved
rate than DR, PAIRED and PL'Rdo not show notable performance improvement by applying UED
techniques. Particularly, PAIRED shows 8% lower mean solved rate compared to DR, demonstrating
the challenge of the learning-based UED methods. ADD w/o guidance shows 63% of mean solved
rate similar to DR, demonstrating that the regret guidance is critical for training the robust policy.
Please refer to Appendix C.1 for detailed per-environment results.

We note that the performance is measured after the xed number of environmental steps, in line
with some UED paperslP, 54] and traditional deep reinforcement learning research. In contrast,
Parker-Holder et al. 40] recorded performance after the xed number of policy updates. Since
the replay-based methods require additional episodes without policy updates, using the number of
environmental steps may be seen as unfair to PlaRd ACCEL. To address this issue, we also
measured the performance of our method trained with only half the environmental steps, aligning
the number of policy updates with PERand ACCEL. When using half the environmental steps,
ADD achieves a 72% mean solved rate, which ties with ACCEL. This demonstrates that the proposed
method remains competitive, even when using the number of policy updates as a metric.

Generated curriculum. In Figure 2(c), we report complexity metrics consisting of the number

of blocks and shortest path length. The results demonstrate that complexity metrics of ADD w/o
guidance and DR are almost consistent over time since they do not consider the policy. While
PLR’ eventually generates environments with a larger number of blocks compared to DR, ADD
and PAIRED generate a curriculum with signi cantly increasing complexity. Speci cally, ADD
eventually generates environments with the second largest number of blocks and the longest shortest
path. ACCEL also shows signi cantly increasing complexities despite being based oh. AL is

because only up to 60 blocks exist on the 13X13 grid, so random mutation increases the expectation



Figure 3:2D bipedal locomotion task results. (&) Zero-shot performance on the six test environ-
ments. We report results across ve random seeds, each evaluated over 100 independent episodes per
environment(b): Complexity metrics of the generated environments and episodic return achieved
during training.

of the number of blocks. Therefore, it can be seen that ADD and PAIRED ef ciently generate
complex environments by adapting to the current policy while PlsRuggles to nd environments

with high complexity. To compare the distribution of generated environments, we report tS5NE [
plots in Figure 2(d). While the environments generated by PAIRED eventually cover only a speci ¢
region, the environments generated by ADD cover a signi cantly larger region over time. The results
demonstrate that ADD successfully generates adversarial environments while preserving diversity.

5.2 2D Bipedal Locomotion Task

We evaluate the proposed method on the 2D bipedal locomotion task, which is based on the Bipedal-
Walker task in OpenAl Gym36] and adopted by Parker Holder et a2Q[. In this task, an agent

is trained to control its four motors using observation from its Lidar sensor and joints to walk over
challenging terrain. UED methods, including the proposed algorithm, need to provide environment
parameters consisting of stump height, stair height, pit gap, stair steps, and ground roughness. We
note that each parameter increases the dif culty of the environment as its value increases. We train
the RL agent for two billion environmental steps and evaluate the zero-shot performance on six test
environments.

Performance. Figure 3(a) shows the average return on each test environment. The proposed
algorithm achieves the highest return across all environments, with an average of 149.6. Even with
half the environmental steps, it achieves a score of 127.4, still surpassing. PAGCEL shows

lower performance than PR which can be attributed to the lower sample ef ciency induced by the
additional interaction between the environment and the agent to assess the modi ed environments. On
the other hand, PAIRED achieves the lowest return in all test environments except the easiest Basic
Environment. This shows that the learning-based methods struggle to train a robust policy in practice.
We note that a recent worlkd§] stabilizes the training of PAIRED in this task by integrating the
evolutionary concept of ACCEL. While applying the evolutionary approach to ADD is possible, we
leave it for future work. Lastly, ADD w/o guidance demonstrates superior generalization performance
compared to DR. Although these two methods are theoretically identical, this difference is presumably
caused by the limited size of the dataset used for training the diffusion-based environment generator.

Generated curriculum Figure 3(b) presents the complexity metrics of the generated training environ-
ments and the episodic returns achieved by the RL agent. Unlike the partially observable navigation
task, the complexity measure of the environments generated by ADD gradually decreases. This result
arises since the randomly generated environments are excessively challenging for the current agent.
As evidence, examining the returns achieved by the agent in the generated environments reveals that
all methods, except for ADD, consistently yield returns of O or below. From these results, we can
infer that the proposed algorithm generates environments that are not merely more dif cult but are



Figure 4:Controllable generation results for the partially observable navigation task The gure
shows the results of guiding the generator to generate progressively more dif cult environments. We
note that each row is generated from the same initial naise

conducive to the agent's learning process. For detailed experimental results including a qualitative
analysis on the generated environments, please refer to Appendix C.2.

5.3 Controllable Generation

To demonstrate the ability to control the dif culty level of the generated environments, we provide the
example environment generation results in Figure 4. We control the dif culty lebg guiding the
diffusion-based environment generator with a log probability of achieving a speci ¢ refur, as
described in (13). We vary from zero toM 1 so that the dif culty level of generated environments
increases. Environments generated with O, which are shown in the leftmost images, include
fewer blocks and a close proximity between the agent's starting position and the goal. As k increases,
environments are generated with a greater number of blocks and a larger distance between the starting
position and the goal, resulting in the elimination of all possible paths whenM 1. The

results demonstrate that we can effectively control the dif culty level of the environment using the
diffusion-based environment generator and learned environment critic, without domain knowledge.
We also present the results of controlling dif culty levels for the 2D bipedal locomotion task in
Appendix C.2.

6 Limitation

While the proposed method is suitable for training a robust policy, there exist several limitations.
First, despite the existence of the optimal point is proven in Proposition 4.1, convergence to such
optimal point is not guaranteed. Furthermore, the difference between the true value of the regret and
its estimate is not tightly bounded. Lastly, updating the environment critic using episodic results
cannot exactly capture the current agent's capability since the policy is updated after the episode.
Hence, exploring methods to estimate the regret with a rigorous theoretical background would be an
interesting topic for future work.

7 Conclusion

In this work, we present a novel UED algorithm that exploits the representation power of diffusion
models. We rst introduce soft UED, which augments the original UED objective with an entropy
regularization term to make it suitable for using a diffusion-based environment generator. Then, we
propose ADD, which guides the pre-trained diffusion model with a novel regret estimator to produce
environments that are conducive to train a robust policy. Our experimental results demonstrate
that ADD is capable of training a policy that successfully generalizes to challenging environments.
Moreover, it has been veri ed that ADD generates an instructive curriculum with varying complexity
while covering large environment con guration spaces.

10



Acknowledgments and Disclosure of Funding

This work was partly supported by Institute of Information & Communications Technology Planning

& Evaluation (IITP) grant funded by the Korea government (MSIT) (No. 2019-0-01190, [SW Star
Lab] Robot Learning: Ef cient, Safe, and Socially-Acceptable Machine Learning, 40%), Basic
Science Research Program through the National Research Foundation of Korea (NRF) funded by
the Ministry of Science and ICT (NRF-2022R1A2C2008239, General-Purpose Deep Reinforcement
Learning Using Metaverse for Real World Applications, 40%), and Institute of Information & com-
munications Technology Planning & Evaluation (IITP) grant funded by the Korea government(MSIT)
(NO.RS-2021-11211343, Arti cial Intelligence Graduate School Program [Seoul National University],
20%).

References

[1] Volodymyr Mnih, Koray Kavukcuoglu, David Silver, Andrei A Rusu, Joel Veness, Marc G
Bellemare, Alex Graves, Martin Riedmiller, Andreas K Fidjeland, Georg Ostrovski, et al.
Human-level control through deep reinforcement learnMature 518(7540):529-533, Feb.
2015.

[2] David Silver, Aja Huang, Chris J Maddison, Arthur Guez, Laurent Sifre, George Van Den Driess-
che, Julian Schrittwieser, loannis Antonoglou, Veda Panneershelvam, Marc Lanctot, et al. Mas-
tering the game of go with deep neural networks and tree seblatiare 529(7587):484—489,

Jan. 2016.

[3] Nikita Rudin, David Hoeller, Philipp Reist, and Marco Hutter. Learning to walk in minutes
using massively parallel deep reinforcement learningProceedings of the Conference on
Robot LearningPMLR, Dec. 2022.

[4] Elia Kaufmann, Leonard Bauersfeld, Antonio Loquercio, Matthias Mdller, Vladlen Koltun, and
Davide Scaramuzza. Champion-level drone racing using deep reinforcement le&ltaiag
620(7976):982-987, Aug. 2023.

[5] Karl Cobbe, Oleg Klimov, Chris Hesse, Taehoon Kim, and John Schulman. Quantifying
generalization in reinforcement learning. Rfnoceedings of the International Conference on
Machine LearningPMLR, Jun. 2019.

[6] Amy Zhang, Nicolas Ballas, and Joelle Pineau. A dissection of over tting and generalization in
continuous reinforcement learningcXiv preprint arXiv:1806.07937Jun. 2018.

[7] Nick Jakobi. Evolutionary robotics and the radical envelope-of-noise hypoth&daptive
Behavior 6(2):325-368, Sep. 1997.

[8] Fereshteh Sadeghi and Sergey Levine. CAD2RL: Real single-image ight without a single real
image. InProceedings of Robotics: Sicence and Systdois2017.

[9] Josh Tobin, Rachel Fong, Alex Ray, Jonas Schneider, Wojciech Zaremba, and Pieter Abbeel.
Domain randomization for transferring deep neural networks from simulation to the real world.
In Proceedings of the International Conference on Intelligent Robots and Sy$Eis Sep.
2017.

[10] Rémy Portelas, Cédric Colas, Lilian Weng, Katja Hofmann, and Pierre-Yves Oudeyer. Auto-
matic curriculum learning for deep rl: A short survey.Rroceedings of the International Joint
Conference on Arti cial IntelligenceMar. 2020.

[11] Sanmit Narvekar, Bei Peng, Matteo Leonetti, Jivko Sinapov, Matthew E Taylor, and Peter Stone.
Curriculum learning for reinforcement learning domains: A framework and sudeeynal of
Machine Learning ResearcB1(1):7382-7431, Jan. 2020.

[12] Rui Wang, Joel Lehman, Jeff Clune, and Kenneth O Stanley. Paired open-ended trailblazer

(poet): Endlessly generating increasingly complex and diverse learning environments and their
solutions.arXiv preprint arXiv:1901.01753eb. 2019.

11



[13] Seungjae Lee, Daesol Cho, Jonghae Park, and H Jin Kim. CQM: Curriculum reinforcement
learning with a quantized world model. Advances in Neural Information Processing Systems
Dec. 2024.

[14] Michael Dennis, Natasha Jaques, Eugene Vinitsky, Alexandre Bayen, Stuart Russell, Andrew
Critch, and Sergey Levine. Emergent complexity and zero-shot transfer via unsupervised
environment design. IAdvances in Neural Information Processing Systdbes. 2020.

[15] Leonard J Savage. The theory of statistical decisidournal of the American Statistical
Association46(253):55-67, Mar. 1951.

[16] Abdus Salam Azad, I1zzeddin Gur, Jasper Emhoff, Nathaniel Alexis, Aleksandra Faust, Pieter
Abbeel, and lon Stoica. CLUTR: Curriculum learning via unsupervised task representation
learning. InProceedings of the International Conference on Machine LearrLR, Jul.

2023.

[17] Dexun Li and Pradeep Varakantham. Enhancing the hierarchical environment design via
generative trajectory modelingrXiv preprint arXiv:2310.00301Feb. 2024.

[18] MingiJiang, Edward Grefenstette, and Tim Rocktéschel. Prioritized level repl®yotieedings
of the International Conference on Machine LearniR§yILR, Jul. 2021.

[19] Mingi Jiang, Michael Dennis, Jack Parker-Holder, Jakob Foerster, Edward Grefenstette, and
Tim Rocktaschel. Replay-guided adversarial environment desigrAdiances in Neural
Information Processing Systeni3ec. 2021.

[20] Jack Parker-Holder, Mingi Jiang, Michael Dennis, Mikayel Samvelyan, Jakob Foerster, Edward
Grefenstette, and Tim Rocktaschel. Evolving curricula with regret-based environment design.
In Proceedings of the International Conference on Machine LearrihglLR, Jul. 2022.

[21] Jonathan Ho, Ajay Jain, and Pieter Abbeel. Denoising diffusion probabilistic models. In
Advances in Neural Information Processing Systdbes. 2020.

[22] Brian D Ziebart.Modeling purposeful adaptive behavior with the principle of maximum causal
entropy Carnegie Mellon University, Dec. 2010.

[23] Peide Huang, Mengdi Xu, Jiacheng Zhu, Laixi Shi, Fei Fang, and Ding Zhao. Curriculum
reinforcement learning using optimal transport via gradual domain adaptatiéualvhnces in
Neural Information Processing Systerec. 2022.

[24] Daesol Cho, Seungjae Lee, and H Jin Kim. Outcome-directed reinforcement learning by uncer-
tainty & temporal distance-aware curriculum goal generatiorRrbteedings of International
Conference on Learning Representatiofgb. 2023.

[25] Rui Wang, Joel Lehman, Aditya Rawal, Jiale Zhi, Yulun Li, Jeffrey Clune, and Kenneth Stanley.
Enhanced POET: Open-ended reinforcement learning through unbounded invention of learning
challenges and their solutions. Rroceedings of the International Conference on Machine
Learning PMLR, Jul. 2020.

[26] Philip Bontrager and Julian Togelius. Learning to generate levels from nothilyoteedings
of the IEEE Conference on Gameésig. 2021.

[27] Eric Mazumdar, Lillian J Ratliff, and S Shankar Sastry. On gradient-based learning in continuous
games.SIAM Journal on Mathematics of Data Sciep2€l):103-131, May 2020.

[28] Jakob Bauer, Kate Baumli, Feryal Behbahani, Avishkar Bhoopchand, Nathalie Bradley-Schmieg,
Michael Chang, Natalie Clay, Adrian Collister, Vibhavari Dasagi, Lucy Gonzalez, et al. Human-
timescale adaptation in an open-ended task spaderoceedings of the International Confer-
ence on Machine LearningdMLR, Jul. 2023.

[29] Allen Z Ren and Anirudha Majumdar. Distributionally robust policy learning via adversarial
environment generationEEE Robotics and Automation Lettei&2):1379-1386, Apr. 2022.

12



[30] Zoey Chen, Karl Van Wyk, Yu-Wei Chao, Wei Yang, Arsalan Mousavian, Abhishek Gupta,
and Dieter Fox. Learning robust real-world dexterous grasping policies via implicit shape
augmentation. IfProceedings of the Conference on Robot Learnibec. 2022.

[31] Yang Song, Jascha Sohl-Dickstein, Diederik P Kingma, Abhishek Kumar, Stefano Ermon, and
Ben Poole. Score-based generative modeling through stochastic differential equations. In
Proceedings of the International Conference on Learning Representakitays2021.

[32] Jiaming Song, Chenlin Meng, and Stefano Ermon. Denoising diffusion implicit models. In
Proceedings of the International Conference on Learning Representakitays2020.

[33] Chitwan Saharia, William Chan, Saurabh Saxena, Lala Li, Jay Whang, Emily L Denton, Kamyar
Ghasemipour, Raphael Gontijo Lopes, Burcu Karagol Ayan, Tim Salimans, et al. Photorealistic
text-to-image diffusion models with deep language understandingddifances in neural
information processing systenidec. 2022.

[34] Jonathan Ho, Tim Salimans, Alexey Gritsenko, William Chan, Mohammad Norouzi, and David J
Fleet. Video diffusion models. IAdvances in Neural Information Processing Systdbes.
2022.

[35] Michael Janner, Yilun Du, Joshua B Tenenbaum, and Sergey Levine. Planning with diffusion
for exible behavior synthesis. IRProceedings of the International Conference on Machine
Learning Jul. 2022.

[36] Mineui Hong, Minjae Kang, and Songhwai Oh. Diffused task-agnostic milestone planner. In
Advances in Neural Information Processing Systdbes. 2023.

[37] Rui Wang, Joel Lehman, Jeff Clune, and Kenneth O Stanley. Policy-guided diffiesigiv.
preprint arXiv:2404.06356Apr. 2024.

[38] Prafulla Dhariwal and Alexander Nichol. Diffusion models beat gans on image synthesis. In
Advances in Neural Information Processing Systdbes. 2021.

[39] Jonathan Ho and Tim Salimans. Classi er-free diffusion guidancarXiv preprint
arXiv:2207.12598Jul. 2022.

[40] Robin Rombach, Andreas Blattmann, Dominik Lorenz, Patrick Esser, and Bjorn Ommer. High-
resolution image synthesis with latent diffusion models.Pinceedings of the IEEE/CVF
conference on Computer Vision and Pattern Recognition. 2022.

[41] Aditya Ramesh, Prafulla Dhariwal, Alex Nichol, Casey Chu, and Mark Chen. Hierarchical
text-conditional image generation with CLIP latenasXiv preprint arXiv:2204.06125Apr.
2022.

[42] Andreas Blattmann, Robin Rombach, Huan Ling, Tim Dockhorn, Seung Wook Kim, Sanja
Fidler, and Karsten Kreis. Align your latents: High-resolution video synthesis with latent
diffusion models. IrProceedings of the IEEE/CVF Conference on Computer Vision and Pattern
RecognitionJun. 2023.

[43] Xinquan Chen, Xitong Gao, Juanjuan Zhao, Kejiang Ye, and Cheng-Zhong Xu. Advdiffuser:
Natural adversarial example synthesis with diffusion model®rateedings of the IEEE/CVF
International Conference on Computer Visj@bct. 2023.

[44] Chejian Xu, Ding Zhao, Alberto Sangiovanni-Vincentelli, and Bo Li. Diffscene: Diffusion-based
safety-critical scenario generation for autonomous vehicleBrdoeedings of the International
Conference on Machine Learning Workshop on New Frontiers in Adversarial Machine Learning
Jul. 2023.

[45] TaeHo Yoon, Kibeom Myoung, Keon Lee, Jaewoong Cho, Albert No, and Ernest K Ryu.
Censored sampling of diffusion models using 3 minutes of human feedbagklvances in
Neural Information Processing Systerbgec. 2023.

[46] Brian D.O. Anderson. Reverse-time diffusion equation modetschastic Processes and their
Applications 12(3):313-326, May 1982.

13



[47] Yang Song and Stefano Ermon. Improved techniques for training score-based generative models.
In Advances in Neural Information Processing Systdbes. 2020.

[48] Ishita Mediratta, Mingi Jiang, Jack Parker-Holder, Michael Dennis, Eugene Vinitsky, and
Tim Rocktéschel. Stabilizing unsupervised environment design with a learned adversary. In
Proceedings of the Conference on Lifelong Learning Agéh#LR, Aug. 2023.

[49] Varun Bhatt, Bryon Tjanaka, Matthew Fontaine, and Stefanos Nikolaidis. Deep surrogate
assisted generation of environmentsAlivances in Neural Information Processing Systems
Dec. 2022.

[50] Matthew T Jackson, Mingi Jiang, Jack Parker-Holder, Risto Vuorio, Chris Lu, Greg Farquhar,
Shimon Whiteson, and Jakob Foerster. Discovering general reinforcement learning algorithms
with adversarial environment design. Dec. 2023.

[51] Marc G Bellemare, Will Dabney, and Rémi Munos. A distributional perspective on reinforce-
ment learning. IrProceedings of the International Conference on Machine Learrug.
2017.

[52] John Schulman, Filip Wolski, Prafulla Dhariwal, Alec Radford, and Oleg Klimov. Proximal
policy optimization algorithmsarXiv preprint arXiv:1707.0634,/Aug. 2017.

[53] Maxime Chevalier-Boisvert, Bolun Dai, Mark Towers, Rodrigo Perez-Vicente, Lucas Willems,
Salem Lahlou, Suman Pal, Pablo Samuel Castro, and J Terry. Minigrid &amp; miniworld:
Modular &amp; customizable reinforcement learning environments for goal-oriented tasks. In
Advances in Neural Information Processing Systdbes. 2023.

[54] Samuel Garcin, James Doran, Shangmin Guo, Christopher G Lucas, and Stefano V Albrecht.
Dred: Zero-shot transfer in reinforcement learning via data-regularised environment design. In
Proceedings of the International Conference on Machine Learrihyi R, Jul. 2024.

[55] Laurens Van der Maaten and Geoffrey Hinton. Visualizing data using t¥ngnal of Machine
Learning Researci(86):2579—2605, Aug. 2008.

[56] Greg Brockman, Vicki Cheung, Ludwig Pettersson, Jonas Schneider, John Schulman, Jie Tang,
and Wojciech Zaremba. Openai gyarXiv:1606.01540Jun. 2016.

[57] Umar Syed, Michael Bowling, and Robert E Schapire. Apprenticeship learning using linear
programming. IrProceedings of the International Conference on Machine Learring 2008.

[58] Jonathan Ho and Stefano Ermon. Generative adversarial imitation learniAglvémces in
Neural Information Processing Systerbgec. 2016.

[59] Maurice Sion. On general minimax theorer®aci ¢ Journal of Mathematics8(1):171-176,
Mar. 1958.

[60] Olaf Ronneberger, Philipp Fischer, and Thomas Brox. U-net: Convolutional networks for
biomedical image segmentation.Pnoceedings of the Medical Image Computing and Computer-
Assisted InterventigriNov. 2015.

14



A Algorithm Details

A.1 Proof of Proposition 4.1

In this section, we show that the minimax problem of soft UED (7) has zero minimax duality gap.
We assume th&®; A; and are nite to avoid the technical issues regarding compactness of a set of
distributions. Following Section 3.1, we denote a reward function, transition probability, and initial
state distribution of an environmelbt with R ;P ;and g, respectively.

We rstde ne an occupancy measure, for a policy2 and an environmer¥l ,as (s;a) =
(ajs) E:O "Pr(sh = §; ). Theﬁp, there is aone—to—ong,correspondence betwesmd a set of
valid occupancy measur® = f : _ (s;@)= o(s)+ 0.0 P (sjs% a9 (s%a%g[57,58.

If we de ne a global occupancy measure as:= , where ' is an ith element of , it is
i=1
obvious that there is a one-to-one correspondence betweegnl a set of valid global occupancy

1

measure® D D ' . Therefore, we can replacein the objective function of soft UED
(7)with | asinthe followinglemma: b
Lemma ALl if L( ;) = v () (s;aR (s;a@)( )+ %H() , WhereV () =

sa
max V( Ay )thenl( ;)= L(; ).
Proof. Based on the de nition of the regret (1), we have

L(; )= E [REGRET: )+ “H()
X

REGRET(; )( )+ %H()

X
V() VGO THO (14)

X X 1
v () (SR (sia) ( )+ ~HO

s;a

L(C )
O

Now, we can rewrite the objective function of soft UED with a global occupancy measure as follows:

min max L(; ) : (15)
Then, we can prove Proposition 4.1 by showing (15) has zero duality gap. However, we cannot apply
minimax theorem359] directly sinceD is not a convex set. To resolve this issue, we rst augment the
problem as follows:

rr;i[r; max L(; ) ; (16)

hull of D. We will show that the augmented problem (16) has zero minimax duality gap, and end the
proof by showing the optimal values of the augmented problem can also be reached by the original
problem (15).

LemmaA.2. min maxL(; )= max minL(; )
2D 2D 2D 2D

Proof. SinceL(; ) is alinear combination of , it is convex for all . FurthermorelL(; ) is
concave for since the entrop¥l is concave. Therefore, based on the fact ih@ndD are both
convex and compact, the augmented problem has zero duality gap due to minimax tHe@rem]
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LemmaA.3. Forevery 2D and corresponding () 2 argminL(; ) ,there exists®2 D
2D

suchthat ( () ;)= L(%).
Proof. Forevery 2 D andcorresponding () 2 argminL(; ) ,thereexisK 2 N;wy.x = 0,
2D

P
and 1k 2D such that Ezl wg =1and ()= Eﬂ Wk k. Then, following inequality holds:

X
minfL( ;) gk=a = L( () ;)= Wik (i) = minfL( «;) gk 17)
k=1

where rst inequality holds due to the de nition of () , equality holds since is linear for , and

second inequality holds since() is a convex combination of..x . Then, °2 argmin L(; )
2f kgE:l

is an elementob and satised.( () ;)= L(%). O

Lemma A.3 ensures the minimum valuelofichieved oveD is also achievable ovér, implying
the optimal value is the same for both the original and augmented problems. It con rms that strong
duality holds for the original problem (15) as well.

Proposition A.4. min max L(; )= max minL(; )
2D 2D 2D 2D

Hence, using Lemma A.1 and Proposition A.4, we can prove Proposition 4.1

mzln n;gx L(; ):m|r21D n;gx L(; )= m% rrngnL(; )= ma2>é rr12|nL(; ) (18)

A.2 Diffusion Models

In this section, we present implementation details on diffusion models. To solve the forward and
reverse processes (3, 4), we follow the implementation of DDPHN] fvhich can be viewed as a
discretization of VP SDE (3). As as result, the forward process (3) is implemented as follows:
p p—
t= 1 t¢at tZt; (19)
whereZ; N (0;1). Inthe appendix, we make a slight abuse of notation by considesas@ discrete
variable to provide detalleB implementation speci cs. To solve the reversqgorocess (4), we utilize a
t

error network ( ¢;t) = tS ( ;1) instead of usmg; where { = "o, 1 t0, and
; follows the Ime:H noise Sf,hedule The error network is tramed to minimize thd [ogst; ) :=
En ok " tot ¢ )k?. To futher accelerate the sampling, we apply DDIM
sampling [32] as follows:
p r
1 1 .
= p— p— 1 1): 20
C1T P (P — ) (20)

Since DDIM sampling (20) is deterministic, we can sample the environment parameitr T°
denoising steps, which is less than the original diffusion time$tep

A.3 Environment Critic Update

In this section, we present details on updating the environment critic. After the interaction between
the RL agent with a policy and an environmeril , we construct a target return distribution

Z'"%%( ) using episodic returns. Speci cally, if episodic returns that the RL agent achieves are

fvgk_,*, we give equal probabilities to each return and project them into the supgit, *. As
a result, the target return distribution is constructed as follows:

IX 1 . -t
ZB@ee Y=z w.p. 1 1 M A (21)
K = 0
k=0
where[ ]é bounds its argument in the ranfi2 1], and = ("maMi"m") is a width of each bin.

Then, we train the environment critic to produce the return distribution close to the target distribution
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with initial condition o = , then construct the estimated return distributibr( {;t) using an

output of the environment critic ( ¢;t). Then, is updated via gradient descent to minimize the
cross entropy loss betweah ( ¢;t) andz (). To prevent over tting, we store episodic results

in a buffer, then sample the environment parameters and their corresponding target return distribution
from the buffer for training the environment critic.

A.4 Pseudocode of ADD

Algorithm 1 Adversarial Environment Design via Regret-Guided Diffusion Models

Input: Policy network , diffusion models , and environment critic network .
Initialize network parameters ;
Train the diffusion mode$ on a dataset of randomly generated environments.
for each epochdo '
Sample a set of environment parameferg.; via regret-guided reverse process (10), whose
regret is estimated using the environment critic (12).
Run episode on a set of environmefis ' g2, and update the policy via RL.
Update the environment critic using episodic returns (Appendix A.3).
end for

B Experiment Details and Hyperparameters

In this section, we provide a comprehensive explanation of the experiments discussed in Section
5. We begin by detailing the two tasks: partially observable navigation and 2D bipedal locomotion.
Then, we conclude the section by reporting the hyperparameters employed in the experiments.

B.1 Partially Observable Navigation Task

Environment details. In the partially observable navigation task, which is based on the Minigrid

[53] and adopted for UED in prior work4 §l], the agent is trained to nd and reach a goal in the grid
maze environment. Each maze environmenti$a 15grid whose cells on the edge are all walls,

and the cells inside can contain walls, agents, or goals. When the agent reaches the goal, it receives a
reward ofl N=Npax , WhereN is a length of the episode afdlhax is @ maximum length of each
episode. If it does not reach the goal, it receives a reward of 0. The agent usesgrid around

itself and its direction as an observation and chooses one of the actions: turn left, turn right, or go
forward.

Environment generation. Aligning with Parker-Holder et al.20], we limit the number of walls

that can exist in the 13 x 13 grid, excluding the walls on the edges, to 60. The RL generator of
PAIRED selects locations to place walls over 60 steps, ensuring no changes if a wall already exists.
After placing all the walls, it selects the starting position of the agent and the goal location. If a wall
exists at those locations, it removes the wall and places the agent or the goal. On the other hand, the
random generator used by PLRind ACCEL uniformly samples the number of walls between 0

and 60 in advance and then choose the position to place the walls, agent and goal location randomly.
This random generation is also used to create a dataset for training the diffusion-based environment
generator of the proposed algorithm. Speci cally, each environment parameter data is represented
withal3 13 3image. The rst channel represents the location of the walls, with a value of one

if a wall is present in the cell, and zero if it is not. The second channel indicates the starting position
of the agent, with a value of one for the starting cell, 0.5 for the cell after moving forward once, and
zero for all other cells. Finally, the third channel has a value of one for the cell corresponding to the
goal, and zero otherwise. After training the diffusion-based environment generator on the randomly
generated dataset, we can produce the environment parameter by employing the trained generator to
solve reverse process (5), as shown in Figure 5.

Training time . All methods are trained utilizing RTX 3090Ti. To train DR and ADD w/o guidance,
they require almost 48 hours to run 250 million environment steps. ADD requires almost 56 hours,
and PLR and ACCEL requires almost 100 hours for each random seed.
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Figure 5:Maze environment generation using diffusion modelsWe represent the maze environ-

ment with a parameter2 R** 13 3 with each channel indicating the location of walls, the agent,

and the goal. After training the diffusion-based environment generator on a dataset of randomly
generated environment parameters, we can sample maze environments by solving the reverse process

(5).

B.2 2D Bipedal Locomotion Task

Environment details. For the 2D bipedal locomotion task, we conduct the experiment using a
modi ed version of the BipedalWalker environment from OpenAl Gybg][ as done in Parker-
Holder et al. Q]. In this task, the agent is trained to walk over challenging terrains by controlling
four joints, and action is decided using a 24-dimensional observation, which is consisting of Lidar
measurements, linear and angular velocities of the robot, positions and speeds of joints, and contact
information. The agent receives a positive reward for moving forward, and receives -100 as a reward
if it falls to the ground. If the agent reaches the opposite end of the terrain, total reward it receives is
over 300.

Environment generation. In the 2D bipedal locomotion task, we generate the environment by
deciding the eight-dimensional environment parametrR8, which is consisting of a min / max

stump height, min / max stair height, min / max pit gap , stair steps, and roughness of the terrain.
The RL generator of PAIRED selects each parameter sequentially, and the random generator of
PLR? and ACCEL randomly decide each parameter by sampling a real number from its domain,
which is reported in Table 1. We employ the random generator to construct a dataset of environment
parameters, and train the diffusion-based environment generator, which will be used to produce the
environment parameter while training the agent using the proposed method. After the environment
parameter is decided, the entire environment is generated by the procedural content generation
algorithm.

Training time . All methods are trained utilizing RTX 3090Ti. To train DR and ADD w/o guidance,
they require almost 80 hours to run 2 billion environment steps. ADD requires almost 92 hours, and
PLR? and ACCEL requires almost 160 hours to run the experiment for each random seed.

Table 1:Domain of the environment parameter for the 2D bipedal locomotion task.

Stump Height Stair Height  PitGap  Stair Steps Roughness
Domain [0:0; 5:0] [0:0; 5:0] [G:0;10:0] [C:0;10:0] [1:0;9:0]

18



B.3 Hyperparameters

To train RL agents using UED baselines, we follow the implementation and hyperparameters of Parker-
Holder et al. RQ], which is available ahttps://github.com/facebookresearch/dcd . The

same parameters and network architecture were used to train the ADD agent, and the hyperparameters
used are reported in the Table 2. To train the diffusion-based environment generator, we followed
the implementation of Dhariwal et al.3§] and Yoon et al. 45|, which is available ahttps:
[[github.com/tetrzim/diffusion-human-feedback , and the size of the randomly generated
dataset is set to 10 million. For the partially observable navigation task, the architecture of the error
network follows the UNet pQ], which utilizes three residual blocks with channel multipliers

[1; 2; 2; 2] for each resolution. For the 2D bipedal locomotion task, the architecture of error network is
four-layer MLP with a sinusoidal time embedding. We report detailed hyperparameters used to train
diffusion models in Table 3. Lastly, we report detailed hyperparameters for regret-guided diffusion
process and training the environment critic in Table 4. The network architecture of the environment
critic is based on the UNet encoder for the partially observable navigation task and a four-layer MLP
for the 2D bipedal locomotion task.

Table 2:Hyperparameters used for training the RL agent in each task

Parameter Minigrid BipedalWalker
0.995 0.99
GAE 0.95 0.9
PPO rollout length 256 2000
PPO epochs 5 5
PPO minibatches for epoch 1 32
PPO clip range 0.2 0.2
PPO number of workers 32 16
Adam learning rate le-4 2e-4
Adam le-5 le-5
PPO max gradient norm 0.5 0.5
PPO value clipping True False
Return normalization False True
Value loss coef cient 0.5 0.5
Entropy coef cient 0.0 le-3
LSTM-based policy True False

Table 3:Hyperparameters used for training the diffusion-based environment generator

Parameter Minigrid BipedalWalker
DDPM timesteprl 1000 1000
Network architecture UNet MLP
hidden dimension 128 256
Batch size 128 512
Dropout 0.0 0.0
AdamW learning rate le-4 le-4
AdamW weight decay 0.05 0.0
AdamW ; 0.9 0.9
AdamW , 0.999 0.999
EMA rate 0.9999 0.9999
Number of training steps 3e5 1.5e5
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Table 4:Hyperparameters used for the regret guidance and training the environment critic

Parameter Minigrid  BipedalWalker
DDIM timestepT® 50 200
Number of bindM 100 100
Return domaifiVimin ; Vmax | [0; 1] [0; 300]
Guidance weight 5.0 15.0
CVaR risk level 0.15 0.3
Environment critic minibatches 128 128
Environment ciritic epochs 5 5
Environment critic buffer size 1600 800

C Detailed Experimental Results

In this section, we present detailed experimental results in the partially observable navigation task
and 2D bipedal locomotion task. For each task, we will provide speci c zero-shot generalization
performance, t-SNE plots of all baselines, and the training environments generated by the proposed
algorithm. Additionally, we will show examples of environments generated with varying dif culty
levels using the method described in Section 4.4.

C.1 Partially Observable Navigation Task

Zero-shot transfer test results.After training the RL agent in the partially observable navigation

task, we evaluate the generalization capability of the learned policy by testing the agent in twelve
unseen environments, which are shown in Figure 6. In each environment, the agent is evaluated
for 100 independent episodes, and the full result is reported in Table 5. We note that the reported
quartile values represent the average of the quartile values of the solved rates achieved in the test
environments for each seed. The results demonstrate that the proposed method achieves the best
performance in ve out of 12 test environments, with particularly high mean and quartile values
compared to the baselines. Therefore, we can infer that ADD successfully trains an agent that is
robust to environmental changes and generalizes to various environments.

Figure 6:Zero-shot test environments for the partially observable navigation taskSimpleCross-
ing and FourRooms environments are adopted from Chevalier-Boisvert &3hlafd other test
environments are adopted from Dennis et al. [14] and Jiang et al. [19, 20].

20



Table 5:Partially observable navigation task results.The table shows the average solved rate and
standard deviation over ve independent runs, and each run is evaluated by 100 independent episodes
for each test environment. All methods train the agent using LSTM-based PPO and evaluated after
250M environmental steps.

Environment DR PAIRED PLR ACCEL ADD w/o guidance ADD

FourRooms 0.62 0.01 051 005 064 0.10 051 0.05 0.61 0.07 0.61 0.09
16Rooms 0.78 0.21 096 041 0.72 0.09 0.97 0.05 0.93 0.15 091 0.13
16Rooms2 0.50 0.36 047 0.28 060 050 0.59 041 0.63 0.39 1.00 0.10
Labyrinth 0.74 042 0.74 047 063 042 0.96 0.08 0.56 0.41 1.00 0.00
Labyrinth2 0.62 049 049 046 0.64 050 0.73 0.36 0.51 0.54 0.97 0.04
Maze 0.36 0.47 0.06 039 0.21 0.08 0.82 0.32 0.18 0.31 0.79 0.37
Maze2 046 048 0.60 0.17 0.18 0.54 0.97 0.03 0.62 0.44 0.76 0.42
Maze3 0.96 0.09 0.64 0.18 090 042 0.61 0.48 0.77 0.38 0.74 0.31

SimpleCrossing | 0.87 0.06 0.82 0.04 0.88 0.09 0.75 0.10 0.87 0.02 0.80 0.13
SmallCorridor 0.63 031 0.79 0.02 0.97 0.18 0.55 0.46 0.84 0.23 0.94 0.09
LargeCorridor 0.74 035 043 023 0.79 036 056 051 0.65 0.33 0.95 0.05
PerfectMaze (M) | 0.45 0.20 0.43 0.13 0.37 0.24 0.64 0.19 0.45 0.21 0.82 0.18
Mean 0.64 0.13 059 0.10 0.63 0.07 0.72 0.07 0.63 0.20 0.85 0.05
First quartile 039 025 026 025 032 0.17 055 0.15 0.41 0.28 0.79 0.07
Second quartile | 0.76 0.19 0.62 0.16 0.71 0.13 0.85 0.05 0.66 0.30 0.93 0.05
Third quartile 0.89 0.09 092 0.08 095 0.01 098 0.01 0.86 0.17 0.99 0.01

Figure 7:Examples of environments generated at the beginning of the agent's training in the
partially observable task. The gure shows 18 example environments that are generated right after
the initiation of the agent's learning.

Generated training environments. To support the claim regarding the generated curriculum, we
provide example scenes of generated training environments in Figure 7 and Figure 8. Comparing two
gures reveals that the environments generated after training the agent with 200 million environmental
steps are more complex and contain a larger number of blocks, aligning with the quantitative results
shown in Figure 2(c). The reason for this difference is that as the agent is trained, it achieves
near-optimal performance in simple environments. Consequently, the environment critic predicts
that the agent's regret will be larger in environments with a greater number of blocks and increased
complexity.

21



Figure 8: Examples of environments generated after 200 million environmental steps in the
partially observable task The gure shows 18 example environments that are generated after 200
million environmental steps

Figure 9:t-SNE plots of training environments in the partially observable navigation task The

gure shows t-SNE plots of ADD and baselines. The results are obtained by mapping the environment
parameters to a latent space using the encoder of the learned environment critic, followed by training
at-SNE.

t-SNE plots. To conduct a qualitative analysis on the generated environments, we visualize training
environments generated from ADD and baselines. Since the parameter of the maze environment
is high-dimensional and hard to de ne the meaningful distance, we rst utilize the encoder of the
environment critic to map environment parameters to the learned latent space, then train a t-SNE
on the latent vectors. The t-SNE results are shown in Figure 9. The results demonstrate that the
proposed method generate suf ciently diverse environments comparable to those produced by a
random generator.

C.2 2D Bipedal Locomotion Task

Zero-shot transfer test results. For the 2D bipedal locomotion task, we assess the zero-shot
performance of the trained RL agent in six unseen test environments shown in Figure 10. In each
test environment, we evaluate the performance for 100 independent episodes. In this task, PAIRED
struggles to train the RL-based environment generator since the value function often diverges.
Therefore, we adopted the zero-shot performance result of PAIRED reported in Parker Holder et
al. [20]. We report the full results in Table 6, and the results demonstrate that the proposed method
outperforms baselines across all test environments.
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