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Abstract

Training generally capable agents in complex environments is
a challenging task that involves identifying the “right” envi-
ronments at the training stage. Recent research has highlighted
the potential of the Unsupervised Environment Design frame-
work, which generates environment instances/levels adaptively
at the frontier of the agent’s capabilities using regret measures.
While regret approaches have shown promise in generating
feasible environments, they can produce difficult environments
that are challenging for an RL agent to learn from. This is be-
cause regret represents the best-case (upper bound) learning
potential and not the actual learning potential of an environ-
ment. To address this, we propose an alternative mechanism
that employs marginal benefit, focusing on the improvement
(in terms of generalized performance) the agent policy gets for
a given environment. The advantage of this new mechanism
is that it is agent-focused (and not environment focused) and
generates the “right” environments depending on the agent’s
policy. Additionally, to improve the generalizability of the
agent, we introduce a representative state diversity metric that
aims to generate varied experiences for the agent. Finally, we
provide detailed experimental results and ablation analysis to
showcase the effectiveness of our methods. We obtain SOTA
results among RL-based environment generation methods.

1 Introduction

The advancements in Reinforcement Learning (RL) have
led to significant successes in various applications, such as
game playing (Mnih et al. 2015; Silver et al. 2016), robot
control (Levine et al. 2016; Akkaya et al. 2019), and many
others. However, training RL agents with general capabilities
remains a major challenge due to the millions of experiences
required to train an RL agent in each environment, which is
both time-consuming and expensive.

One promising approach to address this problem is to
"shallowly" train an agent on a sequence of tasks or envi-
ronments (Dennis et al. 2020; Parker-Holder et al. 2022;
Li, Varakantham, and Li 2023). In this method, instead of
extensively training on each environment with millions of
experiences, the RL agent is exposed to a limited number of
experiences in each individual environment. This adaptive
curriculum of environments, tailored to the agent’s policy, has
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been demonstrated to produce more robust agents in fewer
training steps (Portelas et al. 2020a; Jiang, Grefenstette, and
Rocktischel 2021). This methodology is referred to as Unsu-
pervised Environment Design (UED).

Protagonist Antagonist Induced Regret Environment De-
sign (PAIRED) (Dennis et al. 2020) introduced a self-
supervised RL paradigm in which the RL teacher employs
regret, obtained from the student agent’s performance to gen-
erate new environments. This approach leverages regret as
a measure of learning potential to create environments that
are at the edge of the capabilities of the student. However,
computing the regret value, which is approximated by the
difference between the expected payoffs of the student (pro-
tagonist) and the expert (antagonist), is computationally ex-
pensive owing to costly interactions between the three agents
and the environment. Furthermore, PAIRED suffers from
catastrophic forgetting of past environments due to learning
on new environments. To address these concerns, subsequent
works such as PLR (Jiang, Grefenstette, and Rocktédschel
2021) and ACCEL (Parker-Holder et al. 2022) introduced
multiple changes: (1) They eliminated RL-based generation
and instead employed a random generation of environments;
(2) They used an approximate version of regret, namely Gen-
eralized Advantage Estimate (GAE); (3) They employed the
replay of past environments to prevent catastrophic forgetting;
and (4) They Edited the generated environments to ensure
thorough training on a challenging sequence of environments.

While there has been significant progress in UED on ac-
count of above-mentioned algorithms, there exist some sig-
nificant issues. The random environment generation-based
training has been shown to provide good zero-shot general-
ization performance (in ACCEL and PLR), however, there
exists a significant variance in performance across different
runs. As indicated earlier, regret represents the upper bound
on the learning potential of an environment and not the real
learning potential. Furthermore, it is unclear if that potential
can really be achieved. As shown in Figure 2, there is a pos-
itive correlation between what the agent can learn from the
environment and the learning potential of the environment,
but the significant variance suggests that high potential does
not necessarily lead to substantial performance gains.

Therefore, we propose to employ RL-based training but
with an alternative measure for environment generation called
marginal benefit. Marginal benefit quantifies the actual im-



provement (on validation environments) obtained by the stu-
dent agent due to “training” on an environment.
Contributions: Towards operationalizing the idea of utilizing
marginal benefit-based measure, we make the following key
contributions:

* We define the marginal benefit measure and use it in a
teacher agent (RL-based or random) to generate environ-
ments. More importantly, we propose an RL-based teacher
that is more scalable compared to the original RL generator
UED algorithm, PAIRED, yet retains its beneficial features.

* To facilitate general capability, we define “representative
state diversity” in environments and propose a mechanism
to intentionally train in “diverse” environments with high
marginal benefit.

* We demonstrate the effectiveness of our proposed methods
MBeED and MBeDED through extensive experiments on a
wide range of benchmark problems from the literature.

2 Background

In this section, we provide a brief background on UED and
discuss relevant methods for UED. We offer a more detailed
discussion of related work in Appendix A.

2.1 Unsupervised Environment Design, UED

In UED, we train a student agent to perform well across a set
of in-distribution and out-of-distribution environments. To
accomplish this, UED utilizes a teacher agent that provides a
sequence of environment parameter values and generates the
corresponding environment to train the student to generalize
well to unseen environments/levels. We use environment and
level interchangeably in this work. The UED problem is
formally described as an Underspecified Partially Observable
Markov Decision Process (UPOMDP):
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S, A and Q are the set of states, actions, and observations,
respectively. R : S — R is the reward function, and 7 is
the discount factor. The crucial element is ©, which denotes
the set of all possible environment configurations. A par-
ticular parameter configuration, § € © (can be a vector or
sequence of values) defines a level and can impact the reward
model, transition dynamics, and the observation function, i.e.
R:SxO 2R T:SxAXx0O —=SandO: 5 x60 — Q.
The UPOMDP is underspecified because training with all
values of # (€ O) is infeasible, as © can be infinitely large.
The goal of the student policy 7 in a UPOMDP is to maxi-
mize its discounted expected rewards for any given 6 € O.
In the model-free setting, where transition and observation
functions are not known a priori, this objective is formulated
as: max VO (m) = maxE, |:ZtH:O rf . 'yt}. where 70 is the
™ s
reward obtained by the student policy 7 in a level with envi-
ronment parameter 6 at time step ¢. Consequently, the student
needs to be trained on a series of € values that maximize its
generalization capability across all possible levels from O.
To achieve this objective, the teacher agent is employed. The
goal of the teacher is to generate a distribution over the next
set of environment parameter values to train the student, i.e.,
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A : I — A(O) to achieve good generalization performance,
where II is the set of possible policies of the teacher.

2.2 Existing Methods

Dennis et al. (2020) first formalized the UED and introduced
the Protagonist Antagonist Induced Regret Environment De-
sign (PAIRED) algorithm, which is a three-agent game: the
protagonist 77 (student), the antagonist 74 (expert) and the
environment generator G (teacher). The environment gen-
erator G learns to control the distribution of environmental
parameters # by maximizing regret, which is approximated by
the difference between the cumulative reward obtained by the
protagonist and the antagonist under the same environment
with parameters 6:

REGRET! (77, ) = VO (z?) — VO (xT) (1)

Both the protagonist and antagonist are trained to maximize
their own cumulative reward in the current environment 6.
Note that the environment generator (teacher) is discouraged
from generating levels that can not be solved because they
will have a maximum regret of 0. This teacher-student-expert
framework co-evolves the policies, creating an adaptive cur-
riculum learning approach where the teacher constantly cre-
ates an emergent class of levels that get progressively more
difficult along the borderline of the student’s ability, allowing
agents to learn a good policy that enables zero-shot trans-
fer. However, this framework struggles because of teacher
efficiency, as it uses a RL generator and requires expensive in-
teractions with the environment to collect millions of samples
to train Protagonist and Antagonist agents separately.

As an alternative regret-based UED approach, Jiang,
Grefenstette, and Rocktéschel (2021) proposed Prioritized
Level Replay (PLR), where a student policy is challenged
by two co-evolving teachers, Generator and Curator. In PLR,
Generator randomly creates new environments, while the
Curator prioritizes the replay probability for each environ-
ment based on the estimated learning potential. By adapting
the sampling of the previously encountered levels to train,
PLR is an active learning strategy that improves sample effi-
ciency and generalization. In addition, PLR uses Generalized
Advantage Estimation (GAE) (Schulman et al. 2015) to ap-
proximate the regret compared to the more expensive regret
definition used in PAIRED. Specifically, the regret Fyq.(6)
of the environment 6 is defined as:

L I T
Fyae(0) = T Zmax{Z(*y)\)k_ték,O} 2)
k=t

t=0

where A and ~y are the exponential weight discount and MDP
discount factor respectively. J is the TD-error at timestep ¢.
The agent trained by PLR shows good generalization ability
in terms of empirical results. However, PLR is still limited
as it is unable to exploit any previously discovered level
structure and can only curate randomly sampled levels. More-
over, the random search will be heavily affected by the high-
dimensional design space, making it highly unlikely to sam-
ple levels at the frontier of the agent’s current capabilities.
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Figure 1: Overall framework of our approaches, MBeED and MBeDED.
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Figure 2: Correlation between performance changes after
training for 10k timesteps in various environments of Lunar-
Lander for two metrics: 1. Regret defined as the performance
gap between expert and student agents (Left, Equation 1), 2.
Regret approximated using GAE values (Right, Equation 2).
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Figure 3: Comparison of normalized diversity scores for level
replay buffer. Higher scores indicate higher diversity. MBe-
DED extends MBeED by intentionally training agents in
“diverse” environments with high marginal benefits to facili-
tate general capability.

3 Approach

In this section, we describe the technical details of our
proposed UED methods, Marginal Benefit driven Environ-
ment Design (MBeED) and its extension, Marginal Bene-
fit and Diversity driven Environment Design (MBeDED).
Our algorithms, MBeED and MBeDED, rely on the teacher-
student framework, which consists of an environment gener-
ator (teacher) and two student agents that help compute the
marginal benefit of a generated environment. Algorithm 1
provides the pseudocode of these algorithms, and Figure 1
illustrates the overall framework. Typically:

* MBeED incorporates the Marginal benefit-driven environ-
ment generator;

* MBeDED further extends MBeED to include representa-
tive state diversity-guided environment selection.

3.1 Marginal Benefit Based RL Environment
Generator: MBeED

MBeED incentivizes the teacher to generate marginal benefit
maximizing environments. To compute marginal benefit, two
versions of the student policy, Alice and Bob, are maintained.
While Alice represents the student policy that is current (after
training on the generated environment), Bob represents the
base policy (slightly outdated policy without training on
the generated environment). We define the marginal Benefit
() of a generated environment (6) as the difference in the
expected values obtained by Alice and Bob’s policies in that
environment:

p (e, 7 P) = VO(xh) = VO(x?) 3)
For the marginal benefit to be positive, the teacher needs to
generate environments that improve the student policy, pro-
viding an incentive to continuously generate environments
that boost student performance. Alice and Bob each collect
their trajectories, 74 and 75, in the current environment 0
(Line 7 and 15 in Algorithm 1). The marginal benefit of train-
ing in the environment § is then computed as the difference
between the cumulative rewards they received (Line 9). Note
that since Bob is “outdated” Alice, we can use the same set of
trajectories 7 to evaluate Bob and train Alice, and collect tra-
jectories from updated Alice to compute the marginal benefit
value, pf (74, 78).

There are alternative methods to compute the marginal
benefit, such as using the difference in the scoring function
based on the average magnitude of the GAE, we provide
discussions in Appendix B.1. In this work, we opted to com-
pute the marginal benefit as the difference between Bob and
Alice’s expected cumulative returns because of its simplicity
and promising results in creating challenging yet solvable
environments. Similar to PAIRED, if the teacher generates
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Algorithm 1: MBeED and MBeDED

1: Input: Level buffer A, replay probability p.
2: Initialize: policy Alice 7%, Bob 72, level generator (teacher)
G and replay distribution Prepiay;

3: while Not converged do

4 Sample a replay decision, € ~ U|[0, 1]
5:  if e > p then
6:
7

Generate ¢ from G, and create POMDP M
Collect Alice’s and Bob’s trajectories 7 and 72 in My,
and compute V' (7%) = Ztho ytrd

8: Train 7 to maximize V' (7*)
9: compute (7, 78) using Eq. 3
10: Train G with RL Update and reward p(74, 72)
11: Determine Sy {For MBeDED}
12: If Faiu(,) of 6 is higher than the lowest one in the A,
replace that one by 0 to A and update Prpiqy according
to Eq. 21
13:  else
14: Sample 6 from A according to Prepiay, and create
POMDP My
15: Collect Alice’s and Bob’s trajectories 74 and 72 in My,
and compute V¥ (7%) = S5 'y
16: Train 7 to maximize V?(7*)
17: compute (7, 772) using Eq. 3
18: Update Sy {For MBeDED}
19: Update Pycpiay according to Eq. 21
20:  endif

21:  Update 7% by letting 7% = 74

22: end while

unsolvable environments, Alice and Bob would perform the
same (marginal benefit is zero) and the teacher would get a
reward of zero, but if the teacher generates environments the
student agent will get a high improvement after training on
the environments, the teacher achieves a positive reward. By
focusing on improvement in student policy for a generated
environment, we adopt a student-centric perspective, which
allows for generating environments at a suitable pace and pro-
vides a more accurate representation of the student’s actual
improvement during training.

In order to generate a challenging environment at a suit-
able pace, the teacher G is trained to maximize the marginal
benefit p(Line 10). Alice is trained to maximize its cumu-
lative reward (Line 8 and Line 16). A crucial aspect of this
approach is the direct policy copying from Alice to Bob (Line
21), which avoids the need for costly interactions with the
environment to train an optimal antagonist’s policy at the cur-
rent level, as required in PAIRED (Dennis et al. 2020). The
self-regulating feedback loop between Alice and Bob enables
the environment generator to establish an adaptive curricu-
lum, where new levels that could significantly improve Alice
and Bob’s behavior are constantly generated. Additionally,
we provide a discussion in Appendix B.1, demonstrating that
our base model 772 can be approximated to learn a minimax
policy similar to PAIRED. Furthermore, the definition of our
marginal benefit ;¢ (74, 78) in Eq. 3 offers greater scalabil-
ity compared to the regret definition in Eq. 1 for PAIRED,
as it bypasses the need for resource-intensive training of an
expert agent in each environment. Such agent-focused mea-

sure not only generates the “right” environments depending
on the agent’s policy but also simplify the training process.

3.2 Diversity Guided Environment Selection:
MBeDED

The objective of this section is to incorporate representative
state diversity into the UED framework to enhance explo-
ration and improve the generalizability of the student agent.
Existing algorithms (Jiang et al. 2021; Jiang, Grefenstette,
and Rocktidschel 2021; Parker-Holder et al. 2022) that uti-
lize random generation also consider a setup whereby a level
buffer A is introduced to store the top K visited levels with
the highest learning potential. The key intuition behind intro-
ducing diversity is that while the marginal benefit-induced RL
generation is a good criterion for generating an environment,
it may not contribute to generalization if the level replay
buffer A contains many similar environments (in terms of key
states that are visited). In Figure 3, we show the normalized
diversity score calculated by our representative state diversity
measurement. Random-based generation methods such as
PLR encounter fewer similarities due to their inherent ran-
domness. However, RL-based generation is more likely to
consistently produce similar or redundant environments over
time, as the MBeED records the lowest diversity. Thus, deter-
mining the level buffer by the learning potential alone may
result in preserving similar or repeated levels, resulting in
low exploration of the environment space, and the agent will
not learn much from training on these similar environments.

Therefore, we propose to selectively add diverse environ-
ments to the level buffer, so as to ensure that the student
agent gets exposure to a wider variety of environments (as
shown in Figure 3, MBeDED can achieve the same diversity
level compared to random generation approaches). In this
section, we first provide a measure for representative state
diversity based on the representative observed state vector
when the agent executes its policy in an environment. We
then, describe how we ensure the level replay buffer remains
diverse and finally we explain our overall algorithm.

Representative Observed State Vector We first define
the representative observed state vector Sy of environment ¢
given a student policy. We also provide other forms of Sy in
Appendix B.2.

Definition 1 (Representative observed state vector) For an
environment 6, given multiple trajectories collected by the
current student policy, we have the set of all visited states in
environment 0, Sg = {s1, $2, ...S,, }. We define the represen-
tative observed state vector, Sy as

So = {51, 82,....8m }, wherem < n
and Sy C Sy represents the set of representative states visited
in the trajectories.
Sp consists of two types of states:
* important states: we rank the observed states according to
their TD-error, 6 = 7 + YV (st41) — V(s¢). States with
high TD errors are considered important as they have a

significant impact on training. We select the top m; states
with the highest TD error and include them in Sy.



representative states: we also aim to ensure that Sy effec-
tively represents the environment 6. This means that for
every observed state in S, there should be a similar state
in Sp. We add the remaining my = m — my states to en-
sure that Sy provides a comprehensive representation of
the level 6.

Formally, the representative score of Sy is defined as:

Z max{k Si,85)}

sJE 0

“

rep S@

k(.,.) represents the similarity kernel between states. One
choice for the similarity kernel is the cosine similarity, de-
fined as: k(s1,s82) =
observed state s.

While finding the important states is simple, determining
the Sy that maximizes F).p(.) is NP-hard, and it is computa-
tionally expensive when S is typically very large. Motivated
by (Fang et al. 2019), we propose a heuristic way. We first
randomly sample a set S’ C S of size n’, where m < n’ < n.
Then we initialize Sy as a set including those top m impor-
tant states, and use a greedy algorithm to pick the top msy
observed states from S’ to get the final Sy. Specifically, at
each step, we will add the observed state s that maximizes the
marginal gain to S, where the marginal gain F..,,({s}|Ss) is
defined as the difference in F).¢,(-) when adding the observed
state {s} to Sp:

TGP({SHSG) Tep({s} U SG) T'ep(SG) (5)

Because Fi.p(Sp) is a submodular function, the greedy
algorithm can provide a solution, S; with an approximation
factor of 1 — % (Nemhauser, Wolsey, and Fisher 1978).

5182

= Ty Where |Is|| is the norm of

Diverse Level Replay Buffer We now describe how to uti-
lize the representative observed state vector Sy to maintain a
diverse level replay buffer A. A diverse level buffer A is more
informative and will contribute to the effective exploration
and improve the generalizability of the agent. The formal
definition to measure the state-aware diversity among the
level buffer A for a given student policy is as follows.

Definition 2 (Representative state diversity score among \)
Consider the level replay buffer A = {01,...,0k}, each
level 0; € A has its corresponding representative observed
state vector, Sy,. We can compute the state-aware diversity
score Fyi (A, A) of level replay buffer A as follows:

Fuin(A,A) = > Fain (03, A\ {6;}) and

6, €A
Fuin (05, A\ {0:}) = — > {k(si,55)} ©
div\Vi, if) = Sje?é?f(}q‘géj SiySj

Siesﬂi

Fiiv(0;, A\ {0,}) measures the representative state diversity
score between the level 0; and a set of levels A\ {6;}.

Unlike computing the representative score in Eq. 4, we
introduce a negative sign before the kernel function to as-
sess the representative state diversity between two states. A
high similarity between two representative observed state
vectors indicates a low diversity score between those two
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Figure 4: Example levels generated by MBeDED (placing up
to 50 blocks) during training.

levels, and vice versa. When generating a new environment
Onew, if that new level is added to the level replay buffer A,
we want to increase the diversity among A, which means the
representative state diversity score among A, i.e., Fy;,, (A, A),
should increase. We now provide a heuristic way to deter-
mine whether a newly generated level 6,,.,, should be added
to the level replay buffer A:

[1] Consider the level buffer A = {6;,...,0x} and the
newly generated level 6,,.,,, each of which has its corre-
sponding observed state representative vector Sy. For any
level 6 € {0 } U A, we can compute its state-aware diver-
sity score Fy;, (, ) with other levels 6" € {0pe } UA\ {6}
as follows:

Faiv(0,{0newy UA\{0}) = — Z gneaé{k(oi,oj)}, @)

0;ESp i
(21 1 Fiio (Onew, A) > min {Faio (0, {Onew} UAN {01}
i€

add 0,., to A and remove 60; that has the lowest
Fuin (05, {Onew } UA\ {0;}) value, as a higher diversity score
of 0,,¢,, indicates a lower likelihood of finding a similar ob-
served state within the levels in A.

3.3 Overall Algorithm

At the beginning of each iteration, MBeDED either generates
new levels (with probability p, line 5 and 6) or samples a
mini-batch of levels in the level buffer to train the student
(line 13 and 14 of Algorithm 1). When sampling levels from
buffer A, we assign each level 6; a probability based on the
combination of its diversity score (indicating the general-
ization through training on diverse environments) and most
importantly its marginal benefit (representing the learning
potential from an environment for the agent).

First, we provide the probability computation correspond-
ing to marginal benefit. Given the marginal benefit ;% as
the proxy for its learning potential for each level, we rank
them accordingly and use a prioritization function & to de-
cide how differences in learning potential are translated into
differences in prioritization. As a result, we obtain a learning
potential prioritized distribution P, (A) over the level buffer,
and the probability for 6; is

h (rank(p%)) 1/8
z h (rank (7)) "”

where [ is the temperature parameter that tunes how
much h(r nk( i)) determines the resulted probability, and
h(rank(p%)) is the rank of level 6; sorted in descending order
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among the level buffer. Similar to (Jiang, Grefenstette, and IQM Optimality Gap
4 ;) = L Minimax | I
Rocktasche.l 2021), we employ h (ranlf(u 7)) = ax | |
Note that different surrogates for learning potential can be PAIRED I I
used, such as the regret (Equation 1) and GAE value (Equa- REPAIRED o -
: : : : MBeED I 1
tion 2). Our experiments in the Lunar Lander environment MBeDED | -

indicate that marginal benefit is a better measure of learning
potential for improving the agent’s generalization capabilities,
and a detailed comparison is provided in Appendix D.2.

Similarly, we can calculate the diversity scores with Equa-
tion 14 and then translate the diversity scores into a priori-
tized distribution Pg;, (A) over the level buffer. We update
the overall replay probability distribution Py.cpiay(A) over
A by combining P,,;(A) (based on marginal benefit) and
Py (A) (based on diversity score) as (Line 19):

0.0 0.2 04 0.6 0.4 0.6 0.8 1.0
Min-Max Normalized Score of Minigrid

Figure 6: Aggregate zero-shot OOD test performance in Min-
igrid Domain across 5 independent runs. Specifically, [(QM
focuses on the middle 50% of combined runs, discarding the
bottom and top 25%, thereby providing a robust measure of
overall performance. The optimality gap captures the amount
by which the algorithm fails to meet a desirable target (e.g.,
Prepray(A) = (1= p) - Pop(A) + p - Pain(A)  (9) 95% solved rate), beyond which further improvements are
considered unimportant. Higher IQM scores and lower opti-

The hyperparameter p € [0, 1] balances the trade-off between mality gap scores indicate better performance.

marginal benefit and diversity. Details regarding the replay
process are explained in Appendix B.4 in the appendix.

4 Experimental Results tails continuous control with dense rewards. Similar to (Wang
et al. 2019),we use a modified version of BipedalWalker-
Hardcore from OpenAl Gym (Brockman et al. 2016). In
BipedalWalker, there are 8 parameters that indirectly repre-
trained agent is transferred to new environments. We compare sent the intensity of four kinds of terrain-based obstacles for
our approach against existing UED methods: Domain Ran- a two-legged robot: the minimum/maximum roughness of the
domization (DR) (Tobin et al. 2017), Minimax (Wang et al. ground, the minimum/maximum height of stump obstacles,

2019), PAIRED (Dennis et al. 2020), REPAIRED (Jiang et al. the minimum/maximum width of pit gap obstacles, and the
2021). We have focused on comparing our approach to other minimum/maximum size of ascending and descending flights

RL-controlled environment generation methods while ignor- of stairs. We provide an illustration of these four kinds of
ing random-based approaches such as PLR (Jiang, Grefen- obstacles in Figure 8 in the Appendix.

In this section, we present our experimental results in the do-
mains of BipedalWalker, Minigrid, and CarRacing to demon-
strate the superior performance of our approach when a

stette, and Rocktidschel 2021), ACCEL (Parker-Holder et al. The BipedalWalker environment provides the student with
2022) as they have a huge variance in performances and a 24-dimensional proprioceptive state with respect to its lidar
also require human-defined edits and a predetermined start- sensors, angles, and contacts. The action space is continu-
ing point for environments. However, we wish to point out ous and consists of four values that control the torques of the
that our contributions are complementary and can be utilized agent’s four motors. The teacher learns to control eight param-
along with ACCEL and other random-based environment eters that correspond to the range of four kinds of obstacles
generation approaches. We show the average and variance of and then combines a random seed to generate a specific level.
the performance for our method, baselines with five random All agents are trained using Proximal Policy Optimization
seeds. Table 1 in the appendix provides a summary of the key (PPO) (Schulman et al. 2017). For a fair comparison, during
characteristics of all approaches. training, we presented a vanilla BipedalWalker, a challeng-
Performance on BipedalWalker: We first evaluate our ap- ing BipedalWalker-Hardcore environment, and four specific
proach on BipedalWalker environment. This environment en- levels in the context of isolated challenges in {Roughness,
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Stump height, Pit gap, Stair step} to evaluate our algorithm
and baselines.

Figure 5 shows the transfer performance throughout train-
ing. MBeED and MBeDED consistently outperform other
baselines across most of test environments, while also achiev-
ing faster convergence. Additionally, our approaches demon-
strate greater scalability compared to the RL-based generator
algorithms, PAIRED and REPAIRED, as detailed in Table 5
in Appendix D.6. These results provide strong evidence in
support of the key principles driving MBeDED’s design: a
student-centric generator that progressively produces environ-
ments to facilitate the improvement of the student policy, and
the maintenance of diverse environments to enhance effective
exploration and improve generalizability. We further summa-
rize the empirical results of all approaches in Figure 10 in
Appendix D.1.

Performance on Minigrid: We investigate the maze navi-
gation environment, which is based on Minigrid (Chevalier-
Boisvert, Willems, and Pal 2018). We train the environment
generator to learn how to build maze environments by choos-
ing the location of the obstacles, the goals, and the starting
location of the agent. Specifically, at the beginning of each
iteration, the generator will place the student agent and the
goal, and then every time step afterward, the generator out-
puts a location where the next obstacle will be placed. There
will be up to 50 blocks that can be placed. Several examples
of generated mazes during training are illustrated in Figure 4.

The maze is partially observable, where the student agent’s
view is shown as a blue-shaded area in Figure 4. The student
agent (blue triangle) must explore the maze to find a goal
(green square). In order to deal with the partially observable
setting, our agents use PPO with a Recurrent Neural Network
structure. We compare our agents’ transfer ability trained by
different approaches on human-designed levels.

Due to space constraints, the test environments and cor-
responding performance results are provided in Figure 11
in Appendix D.1. It shows that the original RL-based ap-
proach, PAIRED, performs poorly, as the long time horizon
to build the environment and the sparse reward are challeng-
ing for an RL-based generator, and minimax performs worse
than PAIRED. While DR is a strong baseline in this domain,
MBeDED can achieve a similar or higher mean return. We
summarize the empirical results of all approaches in Figure 6.
Despite both REPAIRED and DR can learn well on the Mini-
grid domain, MBeDED outperforms them on both IQM and
optimality gap.

Performance on Car Racing: In the CarRacing environ-
ment, we design each track as a closed loop for the student
agent to drive around, with the goal of completing a full
lap. To enhance the expressiveness of the original CarRac-
ing environment, we reparametrize the tracks using Bézier
curves. Specifically, each track is constructed from a Bézier
curve (Mortenson 1999) based on 12 control points randomly
sampled within a fixed radius, B/2, of the center of the Bx B
playfield. The track is comprised of a sequence of L polygons,
with the student receiving a reward of 1000/ L for driving
over each previously unvisited polygon. In addition, the stu-
dent receives a penalty of —0.1 at each time step. Following
the methodology of (Jiang et al. 2021), we do not penalize
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Figure 7: Zero-shot transfer performance on the OOD F1
tracks: Vanilla, Italy and Germany.

the agent for driving out of bounds but terminate the episode
if it deviates too far off track. To reduce the complexity of the
observation space, we provide the student with a 96 x 96 x 3
pixel observation in RGB channels, clipped to an egocentric
bird’s-eye view of the vehicle centered horizontally in the
top 84 x 96 portion of the frame. The remaining 12 x 96
portion of the frame displays the dashboard, which visualizes
the agent’s latest action and return.

We present per-track zero-shot transfer returns of policies
trained by each method on some of the human-designed For-
mula One (F1) tracks throughout training in Figure 7. Note
that these tracks are significantly different, out-of-distribution
(OOD) from environments generated in training and they can
not be generated within 12 control points. Remarkably, both
MBeED and MBeDED are able to achieve better performance
than other baselines in mean performance, providing further
evidence of the benefits of the induced curriculum and diverse
level buffer. We also summarize the empirical results of all
approaches in Figure 12 in Appendix D.1. More experimental
details can be found in Section C in the appendix.

Ablation and additional Experiments: We conduct detailed
ablation studies to evaluate the impact of different design
choices. Additionally, we use the Lunar Lander, which is
a classic rocket trajectory optimization problem, to explore
the relationship between transfer performance improvements
and three different measures: 1. regret, 2. GAE, 3. marginal
benefit. We show that marginal benefit is a more reliable
measure to indicate the benefit accrued from training in terms
of generalization capabilities in the current environment. All
detailed results are included in Section D in the Appendix.

5 Conclusion

In this paper, we introduce MBeED and MBeDED for unsu-
pervised environment design. Our approaches utilize a cur-
riculum to automatically create a distribution of training envi-
ronments by employing a novel marginal benefit-based mea-
sure. Moreover, to enhance effective exploration and improve
generalizability, MBeDED selectively revisits previously gen-
erated environments by prioritizing those with higher esti-
mated learning potential and representative state diversity.
Finally, we conducted experiments in various benchmark en-
vironments and demonstrated that our RL-based generation
algorithms achieve superior zero-shot transfer performances.
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