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1 Introduction

These are a set of notes that I’ve compiled in order to provide a resource for those interested
in the area of Unsupervised Environment Design (Dennis et al., 2020, UED). I’ll try to
be somewhat precise mathematically, but hopefully not to the extent that the ideas are
inaccessible.

For starters, UED is a reinforcement learning (RL) framework for training a generalist agent.
In particular, the axis of generalisation is across levels of an environment, meaning different
configurations of the same environment. A popular example (and benchmark) of such a
configurable environment is the Minigrid Maze (Chevalier-Boisvert et al., 2023), an imple-
mentation of which is shown in Figure 1.

Figure 1: A screenshot of different Minigrid maze levels from the JaxUED library (Coward
et al., 2024).

UED is framed as a game, where at each training iteration, there is an adversary that plays a
distribution over training levels, and the agent trains on levels sampled from that distribution.
In the robustness sense, the adversary is supposed to propose levels that challenge the agent.
The intention here (informally) is that at some point in this game where neither player
can improve their strategies, the agent can generalise across the level set. However, for the
sake of efficiency, we are also concerned with providing the agent with a curriculum, which
transitions the agent gradually from easier levels to harder levels throughout training in

1



order to guide its learning process. Thus, the adversarial training mechanism of UED in
some sense is a form of an autocurriculum.

2 UED Basics

2.1 Notation

In terms of notation, we will mostly use that of Monette et al. (2025). UED is formalised by
the Underspecified POMDP, which defines some POMDP (S,O,A, r, P, ρ, γ) for each level
λ in level set L. S is the state space, O is the observation space, A is the action space, and
r : S × A × L → R is the reward function. Different from Monette et al. (2025), we define
the function D(·) as the function that takes any set to the set of probability distributions
over that set. Thus, we define the transition distribution function P : S × A × L → D(S),
the initial state distribution function ρ : L → D(S).

Moreover, we write the agent’s neural policy as πx : O → D(A), where x ∈ X is the
parameters of the policy. Moreover, we write y as the adversary’s parameters, Λ ⊆ L as
the set of levels the adversary has access to, and Λ(y) as the sampling distribution over the
level set parameterised by y. J(πx, λ) is the policy’s expected return on level λ, and J(πx,Λ)
is the vector of policy returns on the levels in Λ. Similarly, we describe the policy’s score
as s(πx, λ) and s(πx,Λ), which is some function of the policy that the adversary uses to
optimise its distribution. Finally, we describe the policy’s trajectory distribution on a level
to be πx(λ).

2.2 General UED Algorithm
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Figure 2: A visualisation of the general UED procedure. The policy trains on sampled levels
from the adversary, and then the policy and (sometimes) the adversary are updated.

In general, the UED training regime takes the following steps at each iteration (roughly in
order):

1. Sample levels λ ∼ Λ(y).

2. Sample trajectories τ ∼ πx(λ).
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3. Update the agent’s parameters x using reinforcement learning.

4. Update the adversary’s parameters y using a variety of techniques (e.g. gradient opti-
misation, heuristics, evolution, or keeping it fixed)

Practically speaking, UED as a research area mostly concerns itself with steps 1 and 4, and
can use essentially any RL algorithm to train its underlying agent (at your own risk, because
in practice pretty much all of the UED papers use PPO). These steps are summarised in
Figure 2.

2.3 General Assumptions of UED

Firstly, there are some ideas that set the framework for how UED can be run. Primarily,
we do not have access to the test distribution of levels, however we usually have access to
the full set of levels L (usually exponentially large or even continuous), or at least some
very large subset. Moreover, in order for UED methods to create effective curricula, there
generally has to be levels of varying difficulties.

3 Warm-up: Uniform Randomisation

3.1 Domain Randomisation

Domain Randomisation (Tobin et al., 2017, DR) is the simplest UED algorithm, to the extent
that it may be considered a “degenerate case” of other methods (Jiang et al., 2021a). DR is
really simple: it samples levels uniformly over L, with a fixed level set and distribution. In
practice, we often do DR over some subset of L, but this may lead to some bias in the training
process. Regardless, as per Coward et al. (2024), more complicated methods may not actually
outperform DR in some settings. According to the results from Coward et al. (2024), my
hypothesis about this is that when the levels are not particularly expressive, good levels are
very uncommon, or for some other reason, there must be a very high throughput of levels,
then it may be difficult to outperform DR without doing a very intensive search/filtering
step.

3.2 Sampling For Learnability

Say that we do want to perform filtering on the level space. What would be a good procedure
for doing this? One answer is Sampling For Learnability (Rutherford et al., 2024, SFL),
which performs a large filtering step every N training iterations, and then samples levels
uniformly from the top-k scoring levels from the filtering step over the next N iterations.
One assumption made by SFL is that it assumes a deterministic environment, because scoring
a level where we have high aleatoric uncertainty is a difficult problem to solve in practice,
and while there are proposed solutions, they don’t really scale (Jiang et al., 2022).

In order to perform this filtering step, many levels are sampled, and the policy is evaluated
for a number of episodes on each level. From the trajectories on each level, we then evaluate
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the variance of outcomes on each level, called learnability. If the environment has binary
outcomes, we can write this with the policy’s solve rate on level λ, pλ:

s(πx, λ) = pλ · (1− pλ). (1)

In other words, this is the variance of the Bernoulli distribution describing the policy’s
outcome. In the more general (still deterministic) case, the generalised learnability was
written as the variance of returns scaled with a Gaussian fit to the level scores in Monette
et al. (2025), but I’ll leave the details to that paper, since they are a bit confusing.

4 Generator-Based Methods

4.1 PAIRED

Alongside the formal introduction of UED as a framework, Dennis et al. (2020) introduced
PAIRED, which used what I like to call a “RL adversary.” In particular, the way that
levels are sampled in PAIRED is by having the adversary play an RL environment that
involves designing the levels in some way. In the maze example, this might involve placing
the walls, goal, and agent in their respective grid cells. Some contemporary methods (Garcin
et al., 2024) have also replaced the RL adversary with generative models like a VAE to some
success.

Moreover, PAIRED actually trains three total agents. The adversary is trained to maximise
the regret of the agent, which would typically be written in terms of the optimal policy π∗:

s(πx, λ) = J(π∗, λ)− J(πx, λ). (2)

However, as π∗ is typically not available, PAIRED trains two RL agents: the protagonist
(which we would call the agent) and also the antagonist. The agents are trained with RL
on the same levels as each other (batches sampled from the adversary), however, if we write
the protagonist as πP and antagonist as πA, the adversary gets the score

s(πx, λ) = J(πA, λ)− J(πP , λ) (3)

which serves as the (sparse) reward for the end of each episode of its RL level generation. No-
tably, the antagonist is differentiated from the protagonist via the coordination assumption,
meaning that there is some form of coordination between the adversary and antagonist.

PAIRED tends to not do so well in comparison to more modern methods (Parker-Holder
et al., 2022; Coward et al., 2024), but it does have the advantage of being a zero-sum game,
so some modification of it could possibly have interesting convergence properties.

4.2 ADD

An improved approach for generating levels is to use diffusion (Chung et al., 2024, ADD).
In ADD, image representations of each level are generated, and those images are parsed to
get parameters that are usable by the underlying RL environment. ADD also uses classifier
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guidance with the diffusion model, where an approximate regret bin classification model is
used to “steer” the diffusion process towards a level that would cause agent to suffer high
regret. ADD has the benefit of using diffusion (which is powerful), but the unfortunate side
effect of using images as its level representation, which seems unwieldy.

5 Replay-Based Methods

5.1 PLR

Prioritised Level Replay (Jiang et al., 2021b,a, PLR) led to the result that the curation of
a dynamic buffer of levels Λ to re-play might be a more effective way to perform UED. It is
more efficient because it does not require the adversary to generate new levels (and requires
minimal overhead for the adversary to adjust its parameters), but also seems to perform
better than PAIRED.

PLR operates between two “modes:” sampling new levels and replaying old levels. In imple-
mentation (see: Jiang et al. (2023); Coward et al. (2024)) this means sampling a Bernoulli
random variable at the beginning of each training iteration, where one outcome makes Λ(y)
the uniform distribution over L, and the other outcome makes Λ(y) the distribution over
the levels in Λ, parameterised by the normalised scores of the levels in the buffer (with the
addition of some heuristics that are something to the effect of entropy regularisation).

Notably, these heuristics may be prohibitive of a convergent adversary (e.g. the rank pri-
oritisation: see Jiang et al. (2021b)). In order to compute Λ(y), the buffer must maintain
a score for each level from the last time it was sampled. Thus, PLR typically relies on a
score function that can be computed from just training trajectories, such as the value loss of
the critic averaged across the episode.1 Also, when sampling uniformly over L, high-scoring
levels are then inserted into the buffer Λ in place of low scoring levels.

5.2 ACCEL

A more performant version of PLR is called ACCEL (Parker-Holder et al., 2022), which adds
in an additional step on replay mode: level mutation. This requires the environment to have
a mutation operator in order to edit the levels, but this enables the adversary to engage in
evolution. Essentially, after performing an agentic update in replay mode, the agent is then
rolled out on a batch of edited levels, and the levels where the policy receives a higher score
than a level in the buffer, the edited level will be inserted into the buffer.

5.3 NCC

In PLR⊥ (Jiang et al., 2021a), the uniform mode of sampling is effectively an evaluation
step. On the principle that evaluation is cheap in comparison to training, we can reasonably
evaluate on more levels than we actually train on. NCC (Monette et al., 2025) takes this
principle to the extreme, and never actually keeps a buffer of scores, but rather evaluates the

1This score function does not perform that well but I’m using it for sake of example.
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policy on the entire level buffer Λ every training iteration. Practically speaking it doesn’t
have to change every iteration, although that is how the paper was carried out.

NCC was the first UED paper that had provable convergence2, and it does this in a very
similar way to PLR, except it uses projected gradient ascent on the following objective to
optimise the adversary:

max
y∈Y

f(x, y)

f(x, y) = Eλ∼Λ(y)

[
s(πx, λ)

]
+ αH(y)

= yT s(πx,Λ) + αH(y)

where α > 0 is the regularisation coefficient for entropy H(·). Notably, this objective is
strongly concave, so the optimisation of y is theoretically easy. Some intuition about this
objective is that the adversary wants to find the levels which maximise the score, while
maintaining some diversity (entropy) over the level set.

According to Monette et al. (2025), NCC performs quite well, however it requires large
amounts of evaluation which may be infeasible in some environments (particularly ones not
in JAX). In particular, when it has access to true regret, it seems to produce policies that
are robust, as its theoretical version’s guarantees point to.

6 Conclusion

Thanks for checking this out! Please don’t hesitate to reach out if you have any questions
or feedback :).
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