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Abstract
A central challenge in building continually improving agents is
that training environments are typically static or manually con-
structed. This restricts continual learning and generalization be-
yond the training distribution. We address this with COvolve, a
co-evolutionary framework that leverages large language models
(LLMs) to generate both environments and agent policies, expressed
as executable Python code. We model the interaction between en-
vironment and policy designers as a two-player zero-sum game,
ensuring adversarial co-evolution in which environments expose
policy weaknesses and policies adapt in response. This process in-
duces an automated curriculum in which environments and policies
co-evolve toward increasing complexity. To guarantee robustness
and prevent forgetting as the curriculum progresses, we compute
the mixed-strategy Nash equilibrium (MSNE) of the zero-sum game,
thereby yielding a meta-policy. This MSNE meta-policy ensures
that the agent does not forget to solve previously seen environ-
ments while learning to solve previously unseen ones. Experiments
in urban driving, symbolic maze-solving, and geometric navigation
showcase that COvolve produces progressively more complex en-
vironments. Our results demonstrate the potential of LLM-driven
co-evolution to achieve open-ended learning without predefined
task distributions or manual intervention.
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1 Introduction
Developing agents that continually acquire new skills in dynamic
and unpredictable settings remains a core challenge in AI. Most
current training pipelines still depend on large amounts of human-
curated data, which is costly and often produces agents that gen-
eralize poorly beyond their training distribution [47]. While rein-
forcement learning (RL) offers an appealing alternative by allowing
agents to learn through extensive interaction in a simulator [41], it
inherits a fundamental limitation: the environments used for train-
ing are either fixed and/or manually designed. Constructing an
environment distribution that captures the diversity and variability
of real-world conditions is inherently difficult [5], and RL agents of-
ten fail to generalize beyond the narrow distribution they encounter
during training [15, 22, 23]. Achieving robustness and transferabil-
ity, therefore, requires exposing agents to a diverse and continually
evolving curriculum of environments that adapt to their capabilities
and expand the range of behaviors they must master [6, 23].

Unsupervised environment design (UED) [9, 21] addresses these
limitations in training environments by automatically generating
a curriculum of environments that adapts in difficulty based on
the agent’s performance. By dynamically tailoring environments to
expose and challenge the agent’s weaknesses, UED encourages con-
tinual learning. However, UED typically generates environments
via randomization or simple heuristics, which limits the diversity
and relevance of the resulting tasks. We overcome this by introduc-
ing COvolve1, a co-evolutionary framework that frames UED as
a two-player zero-sum game. COvolve leverages LLM-based code
generation with rich priors to imaginatively design both environ-
ments and policies. In COvolve, an LLM-powered environment
designer and policy designer compete adversarially to co-evolve
more challenging levels and more capable policies, respectively, as
conceptually illustrated in Figure 1.

1Code and videos are available at: https://github.com/sygkounas/covolve
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Figure 1: A conceptual overview of the proposed COvolve, comprised of an Environment Designer and a Policy Designer that
co-evolve by playing a two-player zero-sum game. The Environment Designer generates increasingly challenging environments
(as code), while the Policy Designer creates policies (as code) to solve them. A mixed-strategy Nash equilibrium enables robust,
open-ended learning through continual adaptation.

Previous research has explored LLM-driven environment gener-
ation [12] and policy design [25] using code-based outputs, where
both environments and policies are represented directly as exe-
cutable programs. Such programmatic representations provide ad-
vantages over neural encodings, including improved generalizabil-
ity to unseen scenarios [19, 45], greater modularity and reuse of
behavioral components [11, 48], and stronger verifiability and in-
terpretability [2, 46]. They also allow Python to express arbitrarily
complex environment and policy logic, while LLMs contribute pri-
ors that enable the automatic synthesis of diverse tasks without
hand-crafted templates [12]. However, existing approaches typically
address either environment generation without promoting robust
agent learning [12], or policy design without continual adaptation
to new challenges [26]. In contrast, COvolve integrates both aspects
into a closed-loop LLM-driven co-evolution process that simulta-
neously advances environment complexity and policy capability.
Concretely, we make the following contributions:

(1) Game-theoretic Framework for Robust Policy Design. We frame
the co-evolution as a two-player zero-sum game between a policy
player and an environment player, where the payoff is the policy’s
success rate in each environment. At each iteration, COvolve main-
tains populations of policies and environments, evaluates all pairs to
form an empirical payoff matrix, and computes the mixed-strategy
Nash equilibrium of this matrix game. The resulting meta-policy
distribution solves the max–min objective within the empirical
meta-game [32], improving worst-case performance against the
current environment set and guiding the environment player to
generate levels that exploit weaknesses of the equilibrium distri-
bution [24]. In contrast, prior approaches [50] train independent
policies per environment, thereby compromising population-level
robustness and causing catastrophic forgetting.

(2) Empirical Evidence of Emergent Curriculum and Generalization.
We empirically demonstrate that COvolve produces increasingly
challenging environments across diverse domains (urban driving,

maze-solving, and 2D navigation), with generated levels exhibit-
ing escalating complexity and diversity over time. Crucially, our
evaluation shows that computing the MSNE is essential to prevent
catastrophic forgetting, unlike approaches such as Eurekaverse [26],
which retain only the latest best policy and finetune on new envi-
ronments, leading to forgetting.

2 Related Works
Domain randomization (DR) exposes agents to a broad distribution
of environments [20, 44] but lacks adaptivity and often produces
trivial or unsolvable tasks [9]. Unsupervised environment design
(UED) addresses this by automatically generating curricula tailored
to agent performance. For instance, minimax adversarial training
selects environments that minimize the agent’s reward [31, 35, 39].
However, it can produce overly difficult tasks unless constrained [9].
Regret-based methods like PAIRED [9] address this by defining re-
gret relative to an approximated optimal policy to ensure solvability.
While our work uses a minimax adversary, future directions could
also incorporate regret-based strategies to avoid generating un-
solvable levels. Crucially, our LLM-driven co-evolution introduces
data-driven priors that enable the design of more challenging and
relevant environments than classical, heuristic-based UED.

Recent work uses LLMs to generate and automate environment
design [12, 49], world model generation [8, 43], and reward specifi-
cation in RL [17, 29]. However, most frameworks either decouple
environment and agent learning or focus only on environment
generation, limiting agent robustness. Our framework enables fully
closed-loop co-evolution, automatically generating a curriculum
that adapts to both the agent and the environment. We use game-
theoretic principles to maintain a diverse policy population via a
mixed-strategy Nash equilibrium, yielding a meta-policy that is ro-
bust across the evolving set of generated environments and provides
a principled population-level objective for continual adaptation.

In parallel with environmental design, LLMs have been used to
synthesize modular, generalizable, and interpretable code-based
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policies. Approaches like Code-as-Policies[25], RL-GPT[28], and
ProgPrompt[42] leverage LLMs to generate executable plans or
combine code with RL controllers, but are typically limited to nar-
row task distributions. In contrast, our approach constructs robust,
continually adaptive policies that learn within an open-ended, co-
evolving curriculum.

Our work is also related to the self-play paradigm, in which
models play dual roles to create a self-improvement loop. Here,
LLMs create copies of themselves with di�erent roles to improve
without relying on human data. This has been used in domains like
coding (Coder-Tester Agents) [27, 51] and reasoning (Challenger-
Solver Agents) [3, 18]. The improvement step is directly applied to
the LLMs, which can be ine�cient for domains where solutions can
be represented by compact policies rather than large, monolithic
models. In contrast,COvolveharnesses LLMs to drive the design
of specialized agents that are modular, interpretable, and easier to
deploy. A more concurrent work is Bachrach et al. [1] where LLMs
produce strategies as code for playing against a Nash equilibrium
mixture over the current population of strategies.

3 Preliminaries
3.1 Unsupervised Environment Design (UED)
Formally, a UED is de�ned over an underspeci�ed partially observ-
able Markov decision process (UPOMDP) [9], given by the 8-tuple
M = ¹�• S• A• O•)•$• '•Wº , with the last seven elements having
the same meaning as in a standard POMDP:S, A , andO are the sets
of states, actions, and observations, respectively,) and$ denote
the transition and observation functions,' is the reward function,
and W 2 »0• 1¼ the discount factor.

The �rst element� of a UPOMDPM denotes the space of un-
derspeci�ed environment parameters (e.g., number and position
of obstacles, size of the grid). Picking a speci�c\ 2 � material-
izes a concrete POMDP. A UPOMDP can hence be viewed as a set
of POMDPs. A concrete set of parameters\ 2 � is also referred
to as a level. The choice of\ may in�uence the reward function
' : S � A � � ! R , the transition function) : S � A � � ! �¹Sº ,
and the observation function$ : S � � ! O , where�¹(º is the
set of all probability distributions over S.

Given a level\ 2 � , the expected discounted return (i.e. utility)
of a policyc and a level\ is denoted as* \ ¹cº = Eg�¹c•\ º »� g¼, with
g denoting trajectories sampled under the policyc at level\ . � g is
the sum of discounted rewards for each trajectory:

Í )
C=0W

CAC, with
ACbeing the reward collected at time stepC. The optimal policy for
level \ is then given by c¢\ = arg maxc * \ ¹cº.

The goal of UED is to train a policy that performs well across a
broad distribution of environments. To this end, UED is typically
framed as a two-player game, with an adversary� from which we
can sample levels given a policy:\ � �¹cº . The adversary's goal
is to identify levels that challenge the policyc by optimizing the
utility function * \ ¹cº that exposes its weaknesses.

A simple example is that of a minimax adversary [31, 35, 39],
which is a point distribution�¹cº = arg min \ 2� * \ ¹cº and pro-
poses new levels to minimize the policy performance. In response, a
maximin policy is one that tries to perform well under the most ad-
versarial levelc � = arg maxc 2� min\ 2� * \ ¹cº. However, solving

this exactly is computationally intractable. In the following section,
we introduce an e�cient approximation method.

3.2 Policy Space Response Oracles (PSRO)
PSRO [24] is a general framework for multi-agent learning that
addresses the fundamental challenge of non-stationarity in multi-
agent environments. In such settings, the optimal policy for one
agent depends on the policies of other agents, creating a moving
target that makes traditional single-agent reinforcement learning
approaches ine�ective. Rather than attempting to learn a single
�best" policy, PSRO builds and maintains a diverse population of poli-
cies over time. This approach provides robustness against various
opponent strategies and reduces exploitability in competitive sce-
narios. In a 2-player setting, the PSRO framework operates through
the following four-step iterative process:

(1) Each player8 2 f1•2g maintains a growing set of policies
P8 = fc 8

1• c8
2• ” ” ” • c8Cg, creating a library of strategies for that

individual player.
(2) PSRO constructs a payo� matrix M2 Rj P1 j � j P 2 j by eval-

uating all pairwise policy combinations, where each entry
represents the expected payo�s for players 1 when player 1
uses policy c18 and player 2 uses policy c29.

(3) The framework computes a meta-policy for player 1 that de-
termines how to mix the existing policies in the population.

(4) For player 2, a new best response policyc2
C¸1 is trained to

maximize performance against the player 1 meta-policy, and
is subsequently added to the policy populationP2 of player 2.
This iterative process continues until convergence, resulting
in a diverse and robust policy population.

4 Methodology
We adapt PSRO to UED by formulating environment and policy
generation as a co-evolutionary process between an Environment
Designer and a Policy Designer. The two designers iteratively gener-
ate, evaluate, and retain populations of environments and policies.
At each iteration, new candidates are produced via structural pro-
gram mutations [14, 52] of previously generated environments and
policies, followed by �tness-based selection. This interaction is
governed by a minimax objective, yielding a two-player zero-sum
game summarized in Algorithm 1, with additional algorithmic de-
tails provided in Appendix A. Since both environments and policies
are represented as executable Python code, Figure 2 illustrates their
co-evolution across successive iterations.

4.1 Policy Designer
For the current level, the Policy Designer	 synthesizes a policy
via an iterative best-response procedure. Given a level\ , the pol-
icy designer generates candidate policy mutations by applying
LLM-guided program transformations to the current best policy,
conditioning on the level-speci�c observation and action spaces
O\ andA \ . Each candidate policy~c: is evaluated on\ , and the
highest-performing candidate according to the utility* \ is retained.
The selected policyc constitutes an approximate best response for
level \ and is appended to the growing policy sequence P.
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Figure 2: Example of co-evolution in COvolve. Left: successive environment implementations, progressing from ad hoc
generation to a structured, parameterized design with explicit solvability checks and controllable chokepoints. Right: successive
policy implementations, progressing from basic navigation to improved handling of keys and doors, together with re�nements
to the A* based planner for more reliable action selection. Highlighted code blocks indicate the changes introduced.

Algorithm 1 COvolve

1: Require: Initial environment \0

2: Hyperparameters: Total iterations ) , candidate generated per level
 

3: Initialize environment levelsL  f\ 0g, policy sequenceP  ¹ º ,
Payo� Matrix M = » ¼ • Initialize co-evolving populations

4: for C = 0 to ) do
5: # 1. Policy Design (structural mutation + selection)
6: Generate  candidates: f~c1• ” ” ” •~c  g = 	¹c C �1• O\ C �1• A \ C �1 º
7: cC = arg max9* \ C �1 ¹ ~c 9º
8: Append P  c C

9: # 2. Update Payoff Matrix M (fitness evaluation)
10: for 8• 9 = 0 to C do
11: <8 9  * \ 9 ¹c8º
12: end for • Cross-population �tness computation
13: # 3. Recompute MSNE (population-level update)
14: ?¢  SolveNash¹" º • Eq. 1 • Mixture over evolved policies
15: # 4. Best Response Environment Design (structural

mutation + selection)
16: Generate  candidates: f~\ 1• ” ” ” •~\  g = �¹\ C �1• ?¢ º
17: \C¸1 = arg min9fEc 8�? ¢ »* ~\ 9

¹c8º ¼g

18: Add L  \ C¸1

19: end for
20: Return: MSNE Policy distribution ?¢ , environment levels L

While each policy is tailored to an individual level, our broader
goal is to obtain an approximation of the optimal policyc � that per-
forms well across levels. Since the interaction between the policy
designer and the environment designer forms a two-player zero-
sum game, a mixed-strategy Nash Equilibrium (MSNE) provides

a principled solution, ensuring that the obtained policy is robust
under adversarial conditions. Building on PSRO, we achieve this by
maintaining a growing sequence of policiesP = fc 1• ” ” ” • cCgand
previously generated levelsL = f\ 1• ” ” ” • \Cg, where each policy
c8 is optimized for its corresponding level\ 8 using the process de-
scribed above. Let the payo� matrix be M2 RA �C, where each entry
< 8 9= * \ 9¹c8º denotes the expected return of policy c8 on level \9.
The new MSNE is then computed via a minimax optimization where
the policy agent maximizes its worst-case expected payo� [34]:

?¢ = arg max
?2� A

min
9 2f1•”””•A g

AÕ

8=1

?8< 8 9 where,

� A =

(

? 2 RA

�
�
�
�
�

AÕ

8=1

?8 = 1• ?8 � 0 88

)

”

(1)

Here,?¢ is the mixture weights over policies that maximizes
the worst-case expected return across all levels, de�ning the MSNE
policy distribution?¢ , where each policyc8 is sampled fromcMSNE

with probability ?�
8. At the beginning of each episode, the agent

samples a policyc8 � ? ¢ and takes actions according to0 � c in
the given level.

4.2 Environment Designer
The Environment Designer generates a new level as a best response
to the current MSNE policy. Its goal is to minimize the expected
return of the mixture policy, thereby revealing its weaknesses. This
adversarial loop encourages curriculum-like progression, automat-
ically increasing the environment's di�culty in response to the
agent's improvement.
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Using a best-response update, the environment designer uses an
LLM-based adversary� to generate candidate mutations of the
current environmentf ~\ 1• ” ” ” •~\  g = �¹\• ? ¢ º. The candidate that
minimizes performance under cMSNE is selected.

The selected environment is added to the level setL , after which
a new policy is synthesized in response and appended to the policy
sequenceP. This procedure repeats across iterations, expanding
both the environment and policy sets.

5 Experiments
We evaluateCOvolveacross three complementary domains that
capture distinct challenges in agent learning. MiniGrid [4] requires
symbolic planning in procedurally generated mazes with sequential
dependencies such as keys and doors. PyGame [36] emphasizes
continuous 2D navigation with geometric reasoning and collision
constraints, with di�culty scaling through denser obstacles and
narrower traversable passages. CARLA [10] provides a high-�delity
urban driving setting with partial observability, dynamic vehicles,
pedestrians, and tra�c lights. Together, these domains provide a
testbed for evaluating the emergence and robustness of curriculum
under co-evolution.

5.1 Environments and Tasks
All main experiments use GPT-5.2 [33] as the generative model for
both environment and policy synthesis. Prompts are provided in
Appendix C. All generated code is dynamically validated and exe-
cuted usingexec() . For each policy�environment pair, we evaluate
the payo� * \ ¹cº 2 »0• 1¼, averaged over 100 episodes, to populate
the empirical payo� matrix M. Complete environment speci�ca-
tions (action and observation spaces, task scaling, termination, and
feasibility checks) are provided in Appendix B.

MiniGrid Symbolic Maze Solving. We use theMiniGrid-Empty
environment as a base for generating symbolic maze-solving tasks.
It is a fully-observable environment with= �= � 3 grids, augmented
with the agent's absolute position and orientation, resulting in an
= � = � 3 ¸ 2 observation vector, where= is the grid width and
height. Each cell encodes object type, color identi�er, and state (e.g.,
open/closed doors). The agent acts in a 5-action discrete space (turn,
move, pick up, drop, toggle). Di�culty is scaled by enlarging grids,
adding walls, and introducing locked doors with keys that must be
retrieved and used in sequence, enforcing multi-step planning even
in small mazes. We use handcrafted heuristics to validate if the
generated environments are feasible (c.f., Ÿ 6 Limitations). Episodes
terminate when the agent reaches the goal tile or when the step
horizon is reached. A selection of evolved environments is shown
in Figure 3, with further implementation details in Appendix B.1.

PyGame Geometric 2D Navigation. To test LLM's ability to deal
with continuous action spaces, we use a custom 2D navigation envi-
ronment in which a circular agent must reach a rectangular goal
zone while avoiding �xed rectangular obstacles. States are fully
observable, consisting of the agent's position and a list of all ob-
jects (obstacles and goals) with their positions and sizes (growing
in size for each new level). The agent acts in a continuous space
through 2D velocity commands. Di�culty increases when obsta-
cles are added, the agent�goal distance is increased, and narrow

Figure 3: A selection of evolved MiniGrid environments pro-
duced by COvolve. Complexity increases from empty grids
to larger mazes with dense walls and locked doors requiring
corresponding keys. The agent must reach the green goal tile,
often by planning multi-step sequences of key retrieval and
door unlocking.

passages are created that may block traversal. This requires agents
to identify traversable corridors relative to their size and to plan
long detours when direct routes are infeasible. Episodes terminate
when the agent overlaps the goal zone or when the step horizon is
reached. A selection of evolved environments is shown in Figure 4,
with further details in Appendix B.2.

Figure 4: A selection of evolved PyGame environments pro-
duced by COvolve. Tasks progress from open arenas to clut-
tered maps with dense obstacles and narrow corridors. The
agent must reach the goal zone while navigating collision-
free paths through increasingly constrained layouts.

CARLA Urban Driving. We evaluate urban driving inCARLA
Town01, a high-�delity simulator with vehicles, pedestrians, and
tra�c lights. The vehicle follows a prescribed route using con-
tinuous steering, throttle, and brake controls. Observations are
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egocentric and partial, consisting of the vehicle's kinematics, the
nearest tra�c light, and compact features of nearby vehicles and
pedestrians. Task di�culty increases with varying tra�c density
and pedestrian activity, introducing adversarial behaviors such as
abrupt braking or tra�c-light violations. Episodes terminate upon
route completion (success) or any infraction (collision, red-light
violation, or timeout). This setting tests policy robustness under
partial observability and multi-agent interactions with stochastic
and sometimes adversarial actors. A selection of evolved environ-
ments is shown in Figure 5, with further details in Appendix B.3.

Figure 5: Selected CARLA environments produced by COvolve.
Tasks progress from urban driving on empty roads to
crowded streets with increasingly aggressive actor behav-
iors. The task for the agent is to drive along the street while
following tra�c rules (such as stopping at red lights) and, at
the same time, adapt to increasingly unpredictable behaviors
from fellow drivers and pedestrians.

5.2 Results
We evaluate whether adversarial co-evolution with equilibrium rea-
soning yields policies that both adapt to increasingly di�cult envi-
ronments and retain performance on previously generated ones. At
each iteration, we compare three strategies: (i) UED-Greedy, which
retains only the latest best policy; (ii) UED-Uniform, which samples
uniformly from all policies generated up to the current iteration; and
(iii) COvolve, which computes a mixed-strategy Nash equilibrium
(MSNE) over the policy population. At iteration: , all strategies are
evaluated on the full environment archive f\0• ” ” ” • \: g.

UED-Greedy retains only the latest policy. UED-Uniform evalu-
ates a uniform mixture over all policies generated up to the current
iteration, controlling for mixture size without optimizing mixture

weights.COvolveinstead computes a mixed-strategy Nash equi-
librium over the policy population, selecting mixture weights that
maximize the minimum return across the environment archive.

Because co-evolution produces distinct environment archives
across runs, results from di�erent random seeds are not directly
comparable: averaging would mix performance over non-identical
evaluation sets. We therefore report results from a single represen-
tative run and provide results for a second seed in Appendix D.3.

The results, presented in Figure 6, report three views: (i) UED-
Greedy, where the latest policyc: is evaluated on all environments
generated up to iteration: ; (ii) COvolve, where policies are sampled
from the MSNE and evaluated on the same environments; and (iii)
a direct comparison between UED-Greedy andCOvolveat iteration
:, with performance averaged across all environments.

UED-Greedy policies are optimized for the most recently gen-
erated environment and exhibit reduced performance on earlier
environments (Figure 6, left). In contrast, the MSNE mixture main-
tains performance across the full environment set as it grows over
iterations (Figure 6, center). The aggregated comparison shows that,
when the equilibrium is non-trivial, MSNE selection yields higher
average performance than the latest-only UED-Greedy strategy
when evaluated across all environments (Figure 6, right).

5.3 Generalization
We evaluate generalization beyond co-evolution on unseen stan-
dardized benchmark environments that preserve the same under-
lying task structure as the evolved environments. For MiniGrid,
we considerMiniGrid-MultiRoom-N6-v0 (six rooms),MiniGrid-
LockedRoom-v0, andMiniGrid-DoorKey-16x16-v0. For CARLA,
we evaluate onTown02, which is not encountered during co-evolution.

At iteration :, we compare three strategies under identical roll-
out settings: UED-Greedy (latest-only policy), UED-Uniform, and the
COvolveMSNE policy distribution. For UED-Uniform andCOvolve,
a policy is sampled at the beginning of each episode according to
the corresponding mixture distribution. Detailed environment spec-
i�cations and their di�erences from the evolved tasks are provided
in Appendix D.1. For each evolutionary seed, we run 100 evaluation
episodes and compute the mean return. We then report the mean
and standard deviation across two seeds. We do not report PyGame
generalization results, as no standardized evaluation benchmarks
exist for this domain.

Environment UED-Greedy UED-Uniform COvolve

MiniGrid-MultiRoom-N6-v0 1”00 � 0”00 0”86 � 0”06 1”00 � 0”00
DoorKey-16x16-v0 (MiniGrid) 1”00 � 0”00 0”62 � 0”24 1”00 � 0”00
LockedRoom-v0 (MiniGrid) 1”00 � 0”00 0”66 � 0”16 1”00 � 0”00
Town02 (CARLA) 0”62 � 0”09 0”13 � 0”06 0”71 � 0”05

Table 1: Generalization to unseen environments. Results are
reported as mean � standard deviation across evolutionary
seeds, with 100 evaluation episodes per seed.

Importantly, these standardized environments are substantially
simpler than the environments generated during co-evolution. In
contrast, the evolved environments typically contain multiple se-
quential key�door dependencies, narrow chokepoints, and adver-
sarial obstacle placements; the benchmark tasks considered here
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