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Abstract

Quality diversity (QD) optimization is a branch of stochastic optimization that aims to search for a diverse, high-
performing collection of solutions. For example, given the task of training a humanoid robot to walk, a typical
single-objective optimization algorithm would teach the robot to walk in only one way. In contrast, QD would teach the
robot to walk in many ways: normally, tip-toeing slowly, running quickly, and even skipping and jumping. Historically,
QD algorithms have focused on relatively small problems, limiting their applicability in areas like machine learning. In
this dissertation, I propose that QD algorithms can be made more accessible by scaling them to overcome three key
bottlenecks. First, I show how to scale QD to high-dimensional solutions, enabling QD to tackle problems in deep
reinforcement learning. Second, I show how to scale QD to problems with long evaluation times, making QD more
accessible in environment generation. Third, I show how to scale QD to more complex specifications of diversity,
enabling a rich array of machine learning problems to be specified as QD problems. Furthermore, to make these
methods available to the community, I present pyribs, a software package that implements these methods and many
other QD algorithms. By scaling up QD in this manner, these works provide an algorithmic and software toolbox that

makes QD accessible for a wide variety of practitioners.
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Chapter 1

Introduction

1.1 Motivation

Quality diversity (QD) optimization proposes to find a diverse, high-performing set of solutions to a given problem [[190].
For example, consider a humanoid robot that has the objective of learning to move forward. A traditional single-objective
optimization algorithm would train the humanoid to move forward as quickly as possible, e.g., by running. However,
there are many ways to move forward that each have their own benefits. For example, the humanoid could be trained
to tip-toe forward slowly, which might be useful in quiet areas like libraries. Or it could learn to walk normally, so
that it can move along as part of crowds. It can even learn to hop along, which is perhaps useful on rugged terrain.
While the single-objective optimization algorithm would find only the fastest way to move forward, a QD algorithm
would seek to learn all of these ways to move forward. A single execution of a QD algorithm would produce a set of
solutions that enable the humanoid robot to tip-toe, walk, hop, run, and so forth. This paradigm of searching for diverse,
high-performing solutions to a problem has proven powerful in many domains, such as reinforcement learning [[175}
42,1239, 186, 240\ 144, |14]], robot manipulation [165] |164], human-robot interaction [71, {76, 74]], video game level
generation [75,|61]], agent testing [[19], generative modeling [73]], urban planning [86]], design [83]], internet congestion
control [64]], and drug discovery [251].

Formally, a QD problem considers an objective function f : R” — R and measure function m : R™ — R* where
R™ is the n-dimensional solution space and R¥ is the k-dimensional measure space. The goal of a QD algorithm is to
find a set of solutions that elicit diverse outputs of the measure function while maximizing the objective. In the earlier

example, the humanoid robot maximizes the objective f of moving forward, while the measure function m represents
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Figure 1.1: General layout of a QD algorithm.

the different ways to move forward, like tip-toeing and running. Each way of moving forward is represented by an
n-dimensional solution, e.g., the solution could be the parameters of a controller for the humanoid.

A QD algorithm typically proceeds in three steps, as shown in[Fig. T.1} First, the algorithm generates new candidate
solutions 6,. Next, it evaluates the solutions to determine their objective values f(0;) and measure values m(6;).
Finally, the algorithm adds the solutions to an archive, i.e., it updates the archive. To elaborate, the archive stores
the collection of diverse, high-performing solutions found by the QD algorithm. After running for some number of
iterations, the QD algorithm outputs the archive to the user.

In this dissertation, I address limitations that QD algorithms have encountered in each of these steps:

1. High-Dimensional Solutions: When generating solutions, QD algorithms typically assume the solutions have
relatively few parameters (i.e., n < 100). However, many problems in machine learning require high-dimensional
solutions, e.g., in deep reinforcement learning, policies/controllers frequently require tens of thousands of
parameters. Such high dimensionalities make it challenging to generate solutions that achieve adequate diversity

and performance.

2. Long Evaluation Times: When evaluating solutions, QD algorithms have assumed access to quick evaluations.
However, in domains like environment generation, evaluations can take seconds or even minutes, making it

intractable to run a sufficient number of evaluations.

3. High-Dimensional Measures: When updating the archive, QD algorithms have assumed low-dimensional
representations of diversity, specifically, a low-dimensional measure space R*. This occurs because high-
dimensional measures (k > 10) create a host of challenges. However, high-dimensional measures offer the

opportunity to more flexibly specify the diversity of solutions needed in a QD problem.



Collectively, these limitations have restricted the applicability of QD algorithms to relatively small problems. Hence, in
this dissertation, I propose that addressing these limitations will enhance the accessibility of QD algorithms, making
them applicable in a wide variety of problems. To that end, I propose methods to address each limitation and show
how those methods each enhance an application area for QD. Furthermore, I propose pyribs, a software package that
implements an array of QD algorithms, including these advances, greatly improving the accessibility of QD for the

community. In the remainder of this chapter, I overview the development of each method.

1.2 Scaling to High-Dimensional Solutions

The majority of QD algorithms operate with low-dimensional solutions, i.e., with solution space dimensionality n < 100.
However, in fields such as deep reinforcement learning (RL), a policy/controller can easily require tens of thousands of
parameters. Even a relatively small policy, consisting of a neural network with two hidden layers, can require 20,000
parameters. This large number of parameters makes it difficult to identify promising search directions and generate
high-performing solutions.

To address these issues, I first propose a black-box QD method that scales to high-dimensional solutions. As
described in[Chapter 2] this method builds on CMA MAE, a state-of-the-art QD algorithm. CMA-MAE is unable to
operate in high-dimensional search spaces because it requires O(n?) runtime to generate a new solution. For n > 1000,
CMA-MAE quickly becomes computationally intractable. Thus, [Chapter 2] proposes to replace certain components of
CMA-MAE with approximations that reduce the runtime to O(n), or O(dn) with a small constant d.

While the black-box method described in[Chapter 2|can tackle a wide range of problems, it does not fully leverage
the information available in the RL formulation, which prevents it from achieving maximal performance. RL is typically
formulated as a Markov decision process [234], and the objective in an RL problem is the summation of rewards
received at each timestep of an agent’s operation. Deep RL algorithms [81}103|] leverage this structure to efficiently
train high-performing policies by creating a surrogate objective and performing gradient ascent on that objective. In

contrast, [Chapter 2|assumes the objective is a black box, i.e., that no information is available about it beyond the output.

To search more effectively, [Chapter 3|and [Chapter 4]integrate deep RL algorithms with QD algorithms. Specifically,

these methods build on differentiable quality diversity (DQD) [73|], a paradigm of QD that assumes the objective and

measures are first-order differentiable. Since the objective in RL is not differentiable, DQD cannot directly be applied.



To overcome this issue, [Chapter 3|introduces the idea of using existing RL algorithms to approximate gradients for
existing DQD algorithms. [Chapter 4]takes this idea a step further by deeply integrating PPO [216]] (a deep RL algorithm)
into DQD, resulting in state-of-the-art performance among QD algorithms for deep RL. Together, these methods form a

toolbox that makes QD algorithms accessible to deep RL practitioners.

1.3 Scaling to Long Evaluation Times

For various reasons, QD algorithms are rather sample-inefficient, i.e., they must sample and evaluate a large number of
solutions to create the final archive. When evaluating a solution is computationally cheap, this approach is feasible, and
millions of evaluations can be run. However, some problems require long, computationally expensive evaluations. For
example, in environment generation, a QD algorithm searches for environments that elicit diverse behaviors of agents. A
single evaluation requires running one or more agents in an environment found by the QD algorithm. Furthermore, the
agents may need to be run multiple times due to stochasticity in the evaluations. Thus, it is intractable to run millions of
evaluations, and algorithms only have a budget of several thousand evaluations.

To that end, [Chapter 5| proposes to integrate surrogate models into existing QD algorithms to enhance their sample
efficiency. A surrogate model provides a computationally cheap approximation of the objective and measure functions.
By carefully leveraging the surrogate model, a QD algorithm can predict which solutions are likely to have high
objectives and diverse measures. For example, if the surrogate model predicts that a solution will have a low objective
value, the QD algorithm can avoid evaluating it, thus reducing the total number of evaluations needed. shows

how this technique enhances a QD algorithm’s ability to generate environments for testing agents.

1.4 Scaling to High-Dimensional Measures

QD algorithms typically assume the measure space is fairly low-dimensional, i.e., the measure space dimensionality k
is less than 10. In fact, many QD works only consider two measures, i.e., k = 2. However, high-dimensional measures
offer the opportunity for more complex specifications of diversity. For instance, the variety of humanoid robot gaits may
require more than just two measures to describe. [Chapter 6|studies the challenges posed by high-dimensional measures

and presents an algorithm that addresses these challenges. This algorithm primarily addresses distortion, which is a



problem where many solutions have similar measures, making it difficult for the QD algorithm to distinguish between
them. Ultimately, shows how this algorithm makes QD more accessible to the broader machine learning

community by enabling specifying measures with datasets of values, rather than hand-designing measure functions.

1.5 Pyribs

While the aforementioned methods all improve the applicability of QD algorithms to some extent, it is difficult for
them to have impact without a reliable, easy-to-use software implementation. To make these methods truly accessible
to QD practitioners, presents pyribs, a “bare-bones” Python library for QD. Pyribs implements both the
aforementioned methods and a large set of QD algorithms developed by the community. Pyribs divides QD algorithms
into modular components with a conceptual framework called RIBS. The software itself is implemented in Python and
is supported by extensive documentation and tutorials. Since its inception in 2021, pyribs has grown to support the
research of dozens of groups across academia and industry worldwide. As of writing, it has been applied to image
generation [73}72]], video game level generation [61]], environment generation [19], reinforcement learning [240, 239],
hyperparameter optimization [211]], architecture design [85]], internet congestion control [64]], chicken farming [[166],

and model rocketry [212].

1.6 Conclusions and Future Work

This dissertation proposes to make QD more accessible by developing methods that scale QD to overcome three common
bottlenecks: high-dimensional solutions, long evaluation times, and high-dimensional measures. This dissertation
describes each of these methods and shows how they have facilitated new applications of QD. There are a wide variety
of problems that are best solved by finding a diversity of solutions rather than a single solution. I believe future work
should focus on identifying such problems and solving them with the algorithmic and software toolbox presented in this

dissertation.



Chapter 2

Scaling Black-Box Quality Diversity to High-Dimensional Controllers

2.1 Introduction

By generating a diverse collection of controllers, we can endow a robot with a variety of useful behaviors. For example,
one popular approach in robotic locomotion has been to train a collection of neural network controllers to enable a
walking robot to adapt to damage [49} 42,239, [175]]. The controllers differ by how often each foot contacts the ground,

such that if a foot is damaged, the robot can select a controller that does not rely on that foot.

Searching for diverse controllers may be viewed as a quality diversity (QD) optimization problem [190]. In QD, the
goal is to find solutions ¢ that are diverse with respect to one or more measure functions m;(¢) while maximizing
an objective function f(¢). In the locomotion example presented, we search for neural network controller policies
¢ parameterized by ¢. Each controller should satisfy a unique output of the measure function by using its feetin a

different manner from the other controllers, while optimizing the objective by walking forward quickly.

A QD algorithm must balance two aspects given a limited compute budget: exploring measure space and optimizing
the objective. In our locomotion example, exploration finds new controllers that use the robot’s feet a different amount,

and optimization makes existing controllers walk faster.

Prior algorithms [239] |175]] seem to strike a balance between these two aspects of QD, leading to state-of-the-
art results. However, these algorithms have practical limitations due to their dependence on deep reinforcement
learning (RL) methods. Namely, they must perform time-consuming training of a neural network and have many

hyperparameters.
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Figure 2.1: We propose variants of the CMA-MAE algorithm that scale to high-dimensional controllers. The variants
maintain a Gaussian search distribution with mean ¢* and approximate covariance matrix 3. Solutions ¢; sampled
from the Gaussian are evaluated and inserted into an archive, where they generate improvement feedback A; based on
their objective value f(¢;) and a threshold ¢, that each archive cell maintains. Finally, the Gaussian is updated with an
evolution strategy (ES). Our variants differ from CMA-MAE by incorporating scalable ESs, as the CMA-ES used in
CMA-MAE has ©(n?) time complexity per sampled solution.

Recent work [205] suggests evolution strategies (ES) as a compelling alternative to deep RL methods when
optimizing a single controller. Compared with deep RL, ESs do not require network training, and ESs such as the
Covariance Matrix Adaptation Evolution Strategy (CMA-ES) [[108] are designed to have almost no hyperparameters.
Given these benefits, prior work [42,239] has developed QD algorithms based on ESs, but these methods have not yet

matched the performance of deep RL-based QD methods.

On the other hand, the recently proposed ES-based Covariance Matrix Adaptation MAP-Annealing (CMA-MAE)
algorithm [72]] has proven adept at trading off the exploration and objective optimization aspects of QD. Tuning a single
hyperparameter @ € [0, 1] in CMA-MAE enables blending these two aspects, yielding state-of-the-art performance on
QD benchmarks. We hypothesize that CMA-MAE’s ability to balance this tradeoff would enable it to excel in training

neural network controllers for robotic locomotion tasks.

While CMA-MAE excels at moderate-dimensional domains, it is intractable for modern neural network controllers
because such controllers are high-dimensional, i.e., they have thousands or even millions of parameters. Internally,
CMA-MAE guides the QD search with one or more CMA-ES instances [[108]]. Since CMA-ES’s time complexity is

quadratic in the number of parameters, it cannot scale to such controllers.

CMA-ES’s complexity arises from how it models the search distribution with a Gaussian that has a full rank n x n
covariance matrix. However, by replacing this full matrix with sparse approximations, prior work [247] creates variants

of CMA-ES that scale to high-dimensional problems.



Our key insight is that we can scale CMA-MAE to high-dimensional controllers by adopting such approximations
in its CMA-ES components. Following this insight, we propose three scalable CMA-MAE variants (Sec. 2.3). To
understand their performance and runtime properties, we study these variants on optimization benchmarks (Sec. 2.4).
Next, we evaluate the variants on robotic locomotion tasks (Sec. 2.5). We show that our variants are the highest-
performing QD methods based solely on ES. Furthermore, they are comparable to or exceed the state-of-the-art deep
RL-based QD method PGA-ME [175]] on three of four tasks, while inheriting the aforementioned practical benefits
of ES. We are excited about future applications in other domains, such as robotic manipulation [[164] and scenario

generation [|19], and we have open-sourced our variants in the pyribs library [238].

2.2 Background

2.2.1 Formulation

Quality diversity (QD). Drawing from the definition in prior work [73]], QD considers an objective function f(¢)
and k-dimensional measure function m(¢)where ¢ € R" is an n-dimensional solution. The outputs of m form a
k-dimensional measure space X. The QD objective is to find, for every € X, a solution ¢ such that m(¢) = x
and f(¢) is maximized. Solving this QD objective would require infinite memory since X’ is a continuous space,
so algorithms based on MAP-Elites [[169]] relax the QD objective by discretizing X" into a tesselation ) of M cells.
Then, the QD objective is to maximize the (sum of) objective values of an archive A containing solutions ¢, i.e.,
maxe, Zf\il f(¢;). Furthermore, ¢ s are constrained such that each ¢; has measures m(¢;) corresponding to a

unique cell in ).

Quality diversity reinforcement learning (QD-RL). As defined in prior work [239], QD-RL is a special instance
of QD where ¢ parameterizes a reinforcement learning (RL) agent’s policy 74, and the objective is the agent’s expected
discounted return in a Markov Decision Process (MDP) [234]. QD-RL also includes a k-dimensional measure function

m(¢) that describes the agent’s behavior during an episode.

*It is common to define m(¢) via k separate measure functions m; (¢). Prior work also refers to measure function outputs as behavior
descriptors or behavior characteristics.



2.2.2 Large-Scale Evolution Strategies

An evolution strategy (ES) [17] optimizes continuous parameters by adapting a population of solutions such that the
population is more likely to attain high performance. A large-scale ES scales to high-dimensional search spaces.

OpenAI-ES [205] is one large-scale ES notable for performing well in RL domains. It represents a population with
an isotropic Gaussian and updates only the Gaussian’s mean by passing approximated gradients to Adam [136].

Several large-scale ESs build on Covariance Matrix Adaptation Evolution Strategy (CMA-ES) [108]], an approxi-
mate second-order method that achieves state-of-the-art results in black-box optimization [110]. CMA-ES models a
distribution of search directions with a Gaussian A/(u, X). Every iteration, CMA-ES samples A solutions from this
Gaussian and updates it based on rankings of the solutions’ performance.

CMA-ES itself does not scale to high dimensions, as it requires ©(n?) space and ©(n?) runtime per sampled
solution. The space is due to the n X n covariance matrix X, while runtime stems from two operations. First, updating
¥ requires matrix-vector multiplications. Second, since it is easy to sample from the standard Gaussian A/(0, I) on a

computer, sampling from A (u, 3) is implemented as:

N(p.2) ~ p+N(0,5) ~ p+ B2N(0, 1) @1

The transformation matrix 7 requires an O(n?3) eigendecomposition, which CMA-ES amortizes to O(n?2) per sampled
solution by only recomputing )>F every ¥ iterations.
Multiple variants [247]] of CMA-ES scale to high dimensions by replacing the full covariance matrix with an

efficient approximation. We incorporate OpenAI-ES and two such variants to scale CMA-MAE to high dimensions.

2.2.3 MAP-Elites

Many QD algorithms, including those in this work, build on Multi-dimensional Archive of Phenotypic Elites (MAP-
Elites) [169]. The vanilla version of MAP-Elites divides the measure space into an archive of evenly-sized grid cells.
Then, it generates solutions by sampling existing solutions from the archive and applying a genetic operator. These new
solutions are inserted into archive cells based on their measures. If they land in the same cell as a previous solution,

they replace the solution only if they have a higher objective.



One recent line of work integrates CMA-ES into MAP-Elites to optimize for the QD objective (Sec. 2.2.1). In
Covariance Matrix Adaptation MAP-Elites (CMA-ME) [77]], CMA-ES directly samples solutions, adapting the search
distribution to find solutions that create the greatest archive improvement. CMA-ME runs multiple CMA-ES instances
in parallel, each encapsulated in an emitter — emitters are QD algorithm components that generate solutions for
evaluation [77, [238]]. Meanwhile, Covariance Matrix Adaptation MAP-Elites via a Gradient Arborescence (CMA-
MEGA) 73] operates in the differentiable quality diversity (DQD) setting, where exact objective and measure gradients
are available. Here, instead of sampling solution parameters, CMA-ES branches from a solution point by sampling
coefficients that form linear combinations of the objective and measure gradients.

Multiple methods extend MAP-Elites to train neural network controllers, as vanilla MAP-Elites performs poorly
in such problems [42}239,|175]]. For instance, CMA-MEGA cannot be applied to QD-RL since it assumes gradients
are provided, and such gradients are often unavailable in RL due to non-differentiable environments. Hence, recent
work [239] introduces CMA-MEGA variants that instead approximate the gradients. Meanwhile, MAP-Elites with
Evolution Strategies (ME-ES) [42] integrates OpenAI-ES to improve the objective value of a solution point or move
the point to a new area of the archive. Finally, Policy Gradient Assisted MAP-Elites (PGA-ME) [175]] replaces the
genetic operator with two operations: (1) gradient ascent, performed with TD3 [81]], and (2) crossover, performed with

a genetic algorithm [249]]. We include these methods as experimental baselines.

224 CMA-MAE

We extend Covariance Matrix Adaptation MAP-Annealing (CMA-MAE) [72], a method that builds on CMA-ME and
achieves state-of-the-art performance on QD benchmarks.

The key difference between CMA-MAE and CMA-ME is a soft archive that enables balancing between optimizing
the objective and searching for solutions with new measure values. This soft archive records a threshold t. for
each cell e. t. is initialized to a minimum objective miny. When a solution ¢ is inserted into the archive, it is
placed into its corresponding cell e if its objective value f(¢) exceeds t.. Then, t. is updated via polyak averaging
te + (1 — a)te + af (@), where a € [0, 1] is the archive learning rate. Finally, the insertion returns an improvement
value A; < f(¢) — t., where higher values indicate greater archive improvement. Note that during insertion, the

solution’s objective value only needs to cross the threshold, rather than the objective value of the solution previously in
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the cell. Thus, implementations must track the best solutions separately, as the archive does not always store them like
MAP-Elites does.

Like CMA-ME, CMA-MAE maintains one or more emitters. Each emitter contains a CMA-ES instance that
directly samples solutions from a Gaussian. By updating the Gaussian based on rankings of the solutions’ improvement
values, CMA-ES moves the Gaussian towards solutions more likely to generate high improvement.

The archive learning rate « is a key parameter in CMA-MAE. When « = 0, the threshold remains at min ¢, so
the improvement A; always equals the objective f(¢) (minus a constant min ¢). This makes CMA-MAE equivalent
to CMA-ES, as it optimizes solely for the objective. When o« = 1, the threshold is equal to the objective value of
the solution currently in the cell, which means there is minimal improvement for inserting a solution into a cell with
an existing solution. In this case, CMA-MAE is equivalent to CMA-ME, which always prioritizes discovering new
solutions in measure space over improving existing solutions. Varying « from 0 to 1 smoothly trades off between these

two extremes.

2.3 Scaling CMA-MAE

In CMA-MAE, each emitter uses CMA-ES to update its Gaussian search distribution. Since CMA-ES requires ©(n?)
space and ©(n?) runtime per solution (with n the solution dimension), CMA-MAE cannot train high-dimensional
neural network controllers. To scale CMA-MAE, we propose three variants that replace CMA-ES with large-scale ESs.
These variants differ primarily in the complexity of their covariance matrix approximation, and each variant is named

by taking its large-scale ES’s name and replacing “ES” with “MAE”:

* LM-MA-MAE substitutes Limited-Memory Matrix Adaptation ES (LM-MA-ES) [154], a large-scale CMA-ES
variant that approximates the transformation matrix »2 with k < n n-dimensional vectors, each representing a

different direction of the search distribution. This rank-% approximation leads to ©(kn) complexity.

¢ sep-CMA-MAE substitutes Separable CMA-ES (sep-CMA-ES) [199], a large-scale CMA-ES variant that

constrains the covariance matrix 3 to be diagonal, yielding ©(n) complexity.

* OpenAI-MAE substitutes OpenAl-ES [205]. As OpenAI-ES is not a CMA-ES variant, it differs from CMA-ES

in several mechanisms, but it nevertheless represents the search distribution with a Gaussian, specifically an
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Algorithm 1: CMA-MAE variants. Highlighted lines show differences from CMA-MAE [72].

1 CMA-MAE variants (eval, ¢g, N, ¢, A, 0, o, ming):

Input: eval function that rolls out policy 7¢ and outputs objective f(¢) and measures m(¢), initial
solution ¢y, iterations N, number of emitters 1, batch size ), initial step size o, archive learning
rate «v, minimum objective min s

Result: Generates N\ solutions, storing elites in an archive A

2 Initialize archive A and threshold t. «<— min for every cell e

3 Initialize v emitters, each with mean ¢* < ¢, covariance matrix approximation > + oI, and internal
parameters p

for iter < 1..N do

for Emitter 1 .. Emitter 1) do

4

5

6 for i < 1..A do

7 @i ~ N(9*, %)

8 f(#i), m(¢;)  eval(e;)

9 e < calculate_archive_cell(A, m)

10 Az — f(¢l) - te

11 if f(¢;) > t. then

12 Replace the solution in cell e of archive A with ¢;
13 te < (1 — a)te + af(ed;)
14 Rank ¢; by A,
15 Adapt ¢*, 3, p based on improvement ranking A;
16 if ES algorithm converges then

17 Restart emitter with ¢* < a randomly selected elite in A, Yol , and new internal

parameters p

isotropic Gaussian with constant covariance oI. Though the covariance is constant, vector operations on the

solutions still necessitate ©(n) complexity.

The listed complexities refer to (1) the space required per emitter, as each emitter maintains its own ES instance, and (2)

the runtime required per sampled solution, which is the same regardless of the number of emitters.

[Algorithm 1|and [Fig. 2.1|show an overview of the variants. Each variant begins by initializing the archive along

with each emitter’s ES parameters (line . This step includes initializing the covariance matrix approximation >
in lieu of the full covariance matrix 3 used in CMA-MAE. Next, each variant repeatedly queries the emitters for
solutions (line E) Each emitter (line [5) samples ) solutions from the distribution A/ (¢*, 2) (line . Note that the
sampling procedure depends on the approximation employed by the variant. Once sampled, the solutions are evaluated
and inserted into the archive if they cross their cell’s threshold ¢, (line . Then, ¢*, f], and the ES’s parameters
are updated based on the solutions’ improvement ranking (line [T4{T5), such that the emitter is more likely to sample
solutions with high improvement on the next iteration. Finally, the emitter restarts if the ES converges (line [I6{I7). We

adopt default update and convergence rules from each ES.
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2.4 Optimization Benchmarks

Replacing CMA-ES with large-scale ESs in our CMA-MAE variants raises two questions: (1) Since our variants model
the search distribution with an approximate Gaussian rather than a full Gaussian, how do they perform relative to each
other and relative to CMA-MAE? (2) In practice, are the variants faster than CMA-MAE? While our goal is to train
neural network controllers for robotic locomotion, it is impractical to answer these questions in that domain, since
CMA-MAE’s quadratic complexity prevents it from training high-dimensional controllers. Thus, we first study the

variants on lower-dimensional benchmarks.

24.1 Experimental Setup

Domains. We consider three QD benchmarks: (1) In sphere linear projection [[17], the objective is the sphere function
flx) =31, 22, and the measure function linearly projects solutions into a 2D space. (2) Arm repertoire [249]
considers a planar robotic arm with n equally-sized links. The objective is to find configurations of the n joint angles
where the angles have low variance, giving the arm a smooth appearance. The measures indicate the x-y position
of the end of the arm. (3) Hard maze [[145] considers a robot that navigates a maze for 250 timesteps. We use the
Kheperax [98]] implementation, where the objective is the robot’s energy consumption, and the measures are the final
z-y position. The robot is controlled by a neural network with two hidden layers of size 8 and 138 parameters total. In
all domains, we linearly transform the objective to the range [0, 100]. We consider 100- and 1000-dimensional versions
of sphere and arm, yielding five domains: Sphere 100, Sphere 1000, Arm 100, Arm 1000, Maze.

We select these benchmarks since they are well-studied in the QD literature and exhibit different properties. For
instance, Sphere has a separable objective, and its measure space is intentionally distorted to make it difficult to find new
archive solutions. In contrast, the variance objective in Arm is non-separable, but its measure space tends to be easier to
explore, with prior work [72] showing that even vanilla MAP-Elites fills most of the archive. Finally, as a small-scale
QD-RL benchmark, Maze has a less intuitive mapping from neural network parameters to objectives and measures.

Metrics. Our primary metric is QD score [[190], which holistically measures algorithm performance by summing
the objectives of all archive solutions. To ensure no solution subtracts from the score (this happens if objectives are
negative), we subtract the minimum objective (i.e., CMA-MAE’s min ) from all solutions’ objectives before computing

the score. Note that min; = 0 in all domains in this section, but min; < 0 in all environments in We also
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record archive coverage (fraction of archive cells containing a solution), best performance (highest objective in the
archive), and execution time (wall-clock time of the experiment). In our tables, we abbreviate these metrics as “QD”,

“Cov”, “Best”, and “Time.”

Procedure. In each domain (Sphere 100, Sphere 1000, Arm 100, Arm 1000, Maze), we conduct a between-groups
study with the algorithm (CMA-MAE, LM-MA-MAE, sep-CMA-MAE, OpenAI-MAE) as independent variable and
the QD score and execution time as dependent variables. We repeat experiments for 10 trials, where each trial executes
an algorithm in a domain for 2 million solution evaluations. All experiments run on a single CPU core, except in Maze,

where we run evaluations on an NVIDIA RTX A6000.

Hyperparameters. CMA-MAE and its variants run with archive learning rate o« = 0.001 (except a = 0.01 in
Maze) and i) = 5 emitters. Each emitter has batch size A = 40 and initial step size 0 = 0.02. LM-MA-MAE sets
k = X = 40. The Adam optimizer for OpenAI-ES in OpenAI-MAE uses learning rate 0.01 and L2 regularization

coefficient 0.005.

Hypotheses. All methods considered model their search distribution with a Gaussian or approximate Gaussian. We
predict that methods with a more complex distribution will perform better but take longer to execute. To elaborate,
the first and simplest algorithm in this ranking is OpenAI-MAE, which models a fixed isotropic Gaussian. Since this
Gaussian has a constant shape that cannot adapt to the search space, we predict OpenAI-MAE will have the lowest
performance. However, since OpenAI-MAE only updates the mean of the Gaussian, it should be the fastest algorithm.

Second, sep-CMA-MAE models a diagonal Gaussian. Since this distribution can change shape and adapt over
time, we predict it will lead to higher performance when guiding the QD search. While the diagonal Gaussian gives
sep-CMA-MAE the same linear complexity as OpenAI-MAE, sep-CMA-MAE will likely be slower, as it requires
additional operations to update the diagonal covariance matrix.

Third, LM-MA-MAE uses a rank-k approximation. While the Gaussian in sep-CMA-MAE is limited to being
axis-aligned since it is diagonal, the rank-k approximation can represent a more complex Gaussian that is not necessarily
axis-aligned. This property should give LM-MA-MAE greater flexibility to adapt to the search space, leading to higher
performance. However, the ©(kn) complexity will likely make LM-MA-MAE slower than sep-CMA-MAE.

Finally, CMA-MAE maintains a full Gaussian, which should be highly flexible and able to adeptly guide the QD

search. The ©(n?) complexity will likely make it the slowest algorithm. Our hypotheses may be summarized as:
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H1: The OD score will be ranked OpenAI-MAE < sep-CMA-MAE < LM-MA-MAE < CMA-MAE.

H2: The execution time will be ranked OpenAI-MAE < sep-CMA-MAE < LM-MA-MAE < CMA-MAE.

2.4.2 Results

summarizes our results. To analyze the results, we ran an ANOVA for each dependent variable in each
domain. Before running the ANOVAs, we verified the data were normally distributed through visual inspection and
the Shapiro-Wilk test. Next, we checked homoscedasticity with Levene’s test. In homoscedastic settings, we ran a
one-way ANOVA, and in non-homoscedastic settings, we ran Welch’s one-way ANOVA. In almost all domains, we
found significant differences across the algorithms for both dependent variables (Table 2.1)). To analyze the rankings in
H1 and H2, we performed pairwise comparisons with Tukey’s HSD test or a Games-Howell test, depending on whether

the data were homoscedastic or not, respectively.

Table 2.1: One-way and Welch’s one-way ANOVA results for each dependent variable on each benchmark. All p-values
are less than 0.005, except for QD Score in Maze. Note that large between-group variation led to several high F'
statistics.

QD Score Execution Time
Sphere 100  Welch’s F'(3,15.31) = 63320 Welch’s F'(3,18.95) = 57608
Sphere 1000 Welch’s F(3,15.80) = 688.45 Welch’s F(3,15.62) = 3.08 x 10°
Arm 100 F(3,36) = 5.46 Welch’s F'(3,18.48) = 67102
Arm 1000  F'(3,36) = 258.21 Welch’s F(3,19.10) = 2.18 x 10°
Maze F(3,36) =0.978 (p > 0.05) F(3,36) = 891.73

H1: In all Sphere and Arm domains, OpenAI-MAE underperformed all other methods. There were no significant
differences among the other methods, except that sep-CMA-MAE outperformed CMA-MAE in Sphere 100. In Maze,
while there was a trend towards OpenAI-MAE being the best-performing, large variances meant that there were no
significant differences among any methods.

Overall, our results fail to support H1. Namely, we find that more complex search distributions do not necessarily
yield better QD score. On one hand, as predicted, the most basic distribution (OpenAI-MAE’s isotropic Gaussian)
underperforms CMA-MAE in Sphere and Arm. However, there is no significant difference between OpenAI-MAE
and CMA-MAE in Maze. Furthermore, we found no significant differences in any domain between a simple diagonal

Gaussian (sep-CMA-MAE) and a full Gaussian (CMA-MAE).
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The only case where increasing search distribution complexity increases performance is with sep-CMA-MAE
outperforming OpenAI-MAE in Sphere and Arm. Yet, increasing the complexity further (i.e., LM-MA-MAE’s rank-k
approximation and CMA-MAE’s full Gaussian) fails to garner further improvement.

H2: Pairwise comparisons found that the execution time of the algorithms matched the rankings in H2. The
difference between CMA-MAE and the variants was particularly pronounced in the higher-dimensional Sphere 1000
and Arm 1000, where, on average, CMA-MAE took 14.5 times longer than LM-MA-MAE, the slowest variant. These
results validate H2, showing that the variants are empirically faster to run than CMA-MAE, and that the variants

become faster as their search distribution becomes simpler.

2.5 Training High-Dimensional Controllers

We evaluate our CMA-MAE variants’ abilities to train diverse, high-performing neural network controllers for robotic

locomotion tasks in the QDGym benchmark [[174]].

2.5.1 Experimental Setup

Environments. shows the QDGym environments considered in this work. These environments are unidi-
rectional, i.e., the objective is to walk forward quickly, and the measures track the proportion of time that each of the
robot’s feet touches the ground, e.g., if a robot has four legs, it has four measures. As prior work [239] notes, the
challenge in these environments arises from performing objective optimization across the entire archive. Namely, it is
easy to find a single high-performing controller and fill the rest of the archive with controllers that stand in place and
lift their legs to achieve different measures. However, it is difficult to make the robot walk quickly at all points in the
measure space.

As in prior work [239] |[175]], each domain uses an archive with grid cells. The robot controller is a neural network
mapping states to actions. The network has two hidden layers of size 128 and tanh activations and is initialized with
Xavier initialization. For the minimum objective min y, QDGym does not have predefined minimum objectives, but
we adopt values from prior work [239] that recorded the minimum objective inserted into an archive during their

experiments. [lable 2.5|includes the archive dimensions, number of parameters, and minimum objective in each domain.
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Table 2.5: QDGym locomotion environments [[174].

QD Ant QD Half-Cheetah QD Hopper QD Walker
Archive Grid [6,6,6,6] [32,32] [1024] [32,32]
Parameters 21,256 20,742 18,947 20,230
Min. Objective -374.70 -2,797.52 -362.09 -67.17

Baselines. We compare our variants with five baselines: PGA-ME [[175]], two CMA-MEGA variants [239] that
approximate gradients (CMA-MEGA (ES) and CMA-MEGA (TD3, ES)), ME-ES [42], and MAP-Elites. We adopt
hyperparameters from the original papers for PGA-ME, the CMA-MEGA variants, and ME-ES, except ME-ES uses
a population size of 200. Our MAP-Elites baseline uses isotropic Gaussian noise mutations with standard deviation

o = 0.02 and batch size 100. The CMA-MAE variants themselves use the same parameters as in the optimization

benchmarks (Sec. 2.4.1).

Procedure. We conduct a between-groups study in each environment (QD Ant, QD Half-Cheetah, QD Hopper, QD
Walker) with the algorithm (LM-MA-MAE, sep-CMA-MAE, OpenAI-MAE, PGA-ME, CMA-MEGA (ES), CMA-
MEGA (TD3, ES), ME-ES, MAP-Elites) as independent variable and QD score and execution time as dependent
variables. We repeat experiments for 10 trials, where each trial executes an algorithm for 1 million solution evaluations.
Each algorithm runs single-threaded and has 100 CPUs allocated for solution evaluations on a high-performance cluster.
In addition to these 100 CPUs, PGA-ME and CMA-MEGA (TD3, ES) are allocated one NVIDIA Tesla P100 GPU to

train TD3.

Corrected Metrics. To save computation, we evaluate each solution for only one episode. However, unlike the
optimization benchmarks, the locomotion environments are stochastic since each episode’s initial state is randomly
sampled. Thus, solutions may be inserted into archives due to inaccurate evaluations, e.g., a solution may obtain a high
objective by chance. Hence, we report corrected metrics |68l |67]], where we first re-evaluate all solutions in each final
archive for 10 episodes, inserting them into a new, corrected archive based on their mean scores. We then compute the

metrics from [Sec. 2.4.1] over this corrected archive.
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Hypotheses. Among the variants, our performance (QD score) prediction remains the same as on the optimization
benchmarks (Sec. 2.4.1)), i.e., the variant with the simplest search distribution (OpenAI-MAE) will perform worst, and
more powerful search distributions (sep-CMA-MAE followed by LM-MA-MAE) will improve performance. While the
optimization benchmark results did not support this prediction, higher dimensionality in the locomotion

environments may highlight differences between the variants.

Compared to the baselines, we believe the smooth improvement ranking in the variants will enable balancing
objective optimization and measure space exploration, yielding better performance. To elaborate, CMA-MEGA (ES)
and CMA-MEGA (TD3, ES) use a standard MAP-Elites archive (equivalent to setting = 1 in CMA-MAE’s soft
archive), so we think they will focus too much on exploration. PGA-ME and ME-ES separate measure space exploration

from objective optimization with distinct operations; this separation may be less effective than blending the two aspects.

We predict that execution time differences among the variants will be the same as on the optimization benchmarks;
i.e., variants with simpler search distributions will have faster runtimes. Compared to the baselines, we believe a
key factor will be whether a method includes deep RL components. Unlike the CMA-MAE variants, PGA-ME and
CMA-MEGA (TD3, ES) include components of TD3 [81] to train actor and critic networks, and these training steps

are often time-consuming. Our hypotheses may be summarized as follows:

H3: The performances of the CMA-MAE variants will be ordered as OpenAI-MAE < sep-CMA-MAE < LM-MA-

MAE.

H4: All CMA-MAE variants will outperform all baselines.

HS: The execution times of the CMA-MAE variants will be ordered as OpenAI-MAE < sep-CMA-MAE < LM-MA-

MAE.

H6: All CMA-MAE variants will be faster than deep RL-based baselines, i.e., PGA-ME and CMA-MEGA (TD3,

ES).
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2.5.2 Results

summarizes our results. Following our analysis procedure in we first verified normality through

visual inspection and the Shapiro-Wilk test. Next, Levene’s test showed homoscedasticity was violated in all environ-
ments. Thus, we ran Welch’s one-way ANOVA (Table 2.6), finding significant differences in all cases. Finally, we

performed pairwise comparisons with the Games-Howell test.

Table 2.6: Welch’s one-way ANOVA results in each locomotion environment. All p-values are less than 0.001.

QD Score Execution Time
QD Ant Welch’s F/(7,30.30) = 287.34  Welch’s F(7,29.19) = 54.83
QD Half-Cheetah Welch’s F'(7,30.66) = 207.25 Welch’s F'(7,29.55) = 97.66
QD Hopper Welch’s F'(7,30.33) = 1017.19 Welch’s F'(7,30.39) = 60.56
QD Walker Welch’s F'(7,29.29) = 500.89  Welch’s F'(7,29.88) = 111.61

H3: [Table 2.7| shows pairwise comparisons of corrected QD scores for H3 and H4. We find H3 unsupported,
as there tends to be no significant difference among the variants. While these results do not align with [Sec. 2.4.2fs
findings that OpenAI-MAE often underperforms the other variants, both experiments show that more complex search

distributions do not necessarily yield higher performance.

H4: shows that the CMA-MAE variants outperform or are not significantly different from prior ES-
based methods (CMA-MEGA (ES) and ME-ES), making them the highest-performing ES-based methods in QD-RL.
Compared to deep RL-based methods PGA-ME and CMA-MEGA (TD3, ES), the variants also tend to perform better
or have no significant difference. In particular, both sep-CMA-MAE and LM-MA-MAE outperform PGA-ME on QD
Ant and QD Hopper while having no significant difference in QD Half-Cheetah. While the variants underperform the
deep RL-based methods on QD Walker, prior work [239] highlights the importance of deep RL in this task, as only
algorithms with TD3 have performed well here. In short, these results partially support H4, showing that the variants

often but not always outperform the baselines.

HS: HS5 was not supported. We found no significant differences between the variants’ runtimes, except sep-
CMA-MAE was significantly faster than the other variants in QD Walker. This outcome may arise from the more
complex hardware setup of this experiment. Compared to the single CPU used to run the optimization benchmarks,
the evaluations here run on 100 CPUs across multiple nodes. Slight differences among the nodes may create runtime

variance that obscures differences caused by the search distribution complexity.
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Table 2.7: Pairwise comparisons for QD score among the variants (for H3) and between the variants and the baselines
(for H4) in the locomotion environments. Each entry compares the method in the row to the method in the column; e.g.,
LM-MA-MAE was significantly better than OpenAI-MAE in QD Ant. The symbols used are < (significantly less), —

(no significant difference), > (significantly greater), & (invalid comparison). We abbreviate CMA-MEGA to MEGA
for brevity.

QD Ant QD Half-Cheetah QD Hopper QD Walker
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He6: All CMA-MAE variants were significantly faster than PGA-ME and CMA-MEGA (TD3, ES) in all domains.
The two deep RL-based algorithms took more than twice as long to run as the variants. While variance in compute
nodes may have contributed to this difference as we believe it did in HS, we believe the majority of the difference stems
from the internal algorithm runtime, specifically the aforementioned network training performed in the deep RL-based
methods.

Memory Usage: To better understand resource requirements, we report the memory usage of each algorithm’s
internal components in Many algorithms have similar usage due to creating similarly sized components.
For instance, in the CMA-MAE variants, CMA-MEGA (ES), ME-ES, and MAP-Elites, memory is dominated by the

archive, with negligible space for components like emitters. Meanwhile, PGA-ME and CMA-MEGA (TD3, ES) require

more memory to store their TD3 replay buffers.

2.5.3 Ablation of Archive Learning Rate

We believe the soft archive and improvement ranking play a key role in the CMA-MAE variants’ performance. Thus,
we ablate this mechanism by varying the archive learning rate « in sep-CMA-MAE. shows the result of
varying @ € [0, 1]; note that all experiments thus far used o = 0.001. These results show that, similar to CMA-MAE in
benchmark QD domains [[72]], performance (QD score) falls at the extreme values &« = 0 and « = 1, when sep-CMA-

MAE focuses entirely on objective optimization or archive exploration, respectively. In contrast, intermediate values

blend both aspects to achieve high performance.
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2.6 Discussion and Conclusion

We create variants of CMA-MAE that scale to neural network controllers for robotic locomotion by replacing CMA-
MAE’s CMA-ES component with efficient approximations. Our results on optimization benchmarks help
distinguish the variants’ properties, while our results on locomotion tasks showcase the effectiveness of the
variants compared to existing methods. Furthermore, compared to state-of-the-art deep RL-based methods, our variants
bring attractive practical benefits:

(1) The CMA-MAE variants are light on computation. PGA-ME and CMA-MEGA (TD3, ES) both train deep RL
components with TD3, a lengthy process that significantly increases runtime as shown in the results of H6.

(2) The CMA-MAE variants have very few hyperparameters since they depend on CMA-ES and its variants, which
are designed to be parameterized by only an initial step size o and batch size A\. Hence, the CMA-MAE variants
only require 5 hyperparameters (v, A, o, o, miny, see . In contrast, deep RL-based methods require
many more parameters: 18 for PGA-ME, 15 for CMA-MEGA (TD3, ES). Methods without deep RL require fewer
hyperparameters: 5 for CMA-MEGA (ES), 6 for ME-ES, 2 for MAP-Elitesm However, our experiments show that such
methods do not perform as well as the CMA-MAE variants.

We emphasize that our CMA-MAE variants are black-box methods that do not leverage the MDP structure of the
QD-RL problem, making them suitable for settings beyond QD-RL. Hence, we envision future applications of our

variants in areas such as manipulation [[164] and scenario generation [[19].

"These counts are based on prior listings [239] of hyperparameters.
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Chapter 3

Adapting Differentiable Quality Diversity to Reinforcement Learning

3.1 Introduction

We focus on the problem of extending differentiable quality diversity (DQD) to reinforcement learning (RL) domains.
We propose to approximate gradients for the objective and measure functions, resulting in two variants of the DQD
algorithm CMA-MEGA [73].

Consider a half-cheetah agent (Fig. 3.1)) trained for locomotion, where the agent must continue walking forward
even when one foot is damaged. If we frame this challenge as an RL problem, two approaches to design a robustly
capable agent would be to (1) design a reward function and (2) apply domain randomization [24 1} [184]. However, prior
work [[120}39] suggests that designing such a reward function is difficult, while domain randomization may require
manually selecting hundreds of environment parameters [[184, |176].

As an alternative approach, consider that we have intuition on what behaviors would be useful for adapting to
damage. For instance, we can measure how often each foot is used during training, and we can pre-train a collection of
policies that are diverse in how the agent uses its feet. When one of the agent’s feet is damaged during deployment, the
agent can adapt to the damage by selecting a policy that did not move the damaged foot during training [49} 42]].

Pre-training such a collection of policies may be viewed as a quality diversity (QD) optimization problem [190} |49,
169 42]]. Formally, QD assumes an objective function f and one or more measure functions 1m. The goal of QD is to
find solutions satisfying all output combinations of m, i.e. moving different combinations of feet, while maximizing
each solution’s f, i.e. walking forward quickly. Most QD algorithms treat f and 1 as black boxes, but recent work

[73]] proposes differentiable quality diversity (DQD), which assumes f and m are differentiable functions with exact
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Figure 3.1: A half-cheetah agent executing two walking policies. In the top row, the agent walks on its back foot while
tapping the ground with its front foot. In the bottom row, the agent walks on its front foot while jerking its back foot.
Values below each row show the percentage of time each foot contacts the ground (each foot is measured individually,
so values do not sum to 100%). With these policies, the agent could continue walking even if one foot is damaged.

gradient information. QD algorithms have been applied to procedural content generation [95]], robotics [49, [169],

aerodynamic shape design [83], and scenario generation in human-robot interaction [[71} [74].

The recently proposed DQD algorithm CMA-MEGA [73]] outperforms QD algorithms by orders of magnitude when
exact gradients are available, such as when searching the latent space of a generative model. However, RL problems
like the half-cheetah lack these gradients because the environment is typically non-differentiable, thus limiting the
applicability of DQD. To address this limitation, we draw inspiration from how evolution strategies (ES) [4, [258], 205,
157]] and deep RL actor-critic methods [214, 216} 149, |81]] optimize a reward objective by approximating gradients for
gradient descent. Our key insight is to approximate objective and measure gradients for DQD algorithms by adapting

ES and actor-critic methods.

This chapter makes three contributions. (1) We formalize the problem of quality diversity for reinforcement
learning (QD-RL) and reduce it to an instance of DQD. (2) We develop two QD-RL variants of the DQD algorithm
CMA-MEGA, where each algorithm approximates objective and measure gradients with a different combination of ES
and actor-critic methods. (3) We benchmark our variants on four PyBullet locomotion tasks from QDGym [63]|174]].
One variant performs comparably (in terms of QD score; to the state-of-the-art PGA-ME [173] in two
tasks. The other variant achieves comparable QD score with PGA-ME in all task{"| but is less efficient than PGA-ME in

two tasks.

“We note that the performance of the CMA-MEGA is worse than PGA-ME in two of the tasks, albeit within variance. We consider it likely that
additional runs would result in PGA-ME performing significantly better in these tasks. We leave further evaluation for future work.
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Figure 3.2: We develop two RL variants of the CMA-MEGA algorithm. Similar to CMA-MEGA, the variants sample
gradient coefficients ¢ and branch around a solution point ¢*. We evaluate each branched solution ¢} as part of a
policy 7y and insert ¢!, into the archive. We then update ¢* and NV (p, 3) to maximize archive improvement. Our RL
variants differ from CMA-MEGA by approximating gradients with ES and TD3, since exact gradients are unavailable
in RL settings.

These results contrast with prior work [73] where CMA-MEGA vastly outperforms a DQD algorithm inspired by
PGA-ME on benchmark functions where gradient information is available. Overall, we shed light on the limitations of
CMA-MEGA in QD domains where the main challenge comes from optimizing the objective rather than from exploring
measure space. At the same time, since we decouple gradient estimates from QD optimization, our work opens a path

for future research that would benefit from independent improvements to either DQD or RL.

3.2 Problem Statement

3.2.1 Quality Diversity (QD)

We adopt the definition of QD from prior work [73]]. For a solution vector ¢ € R"™, QD considers an objective
function f(¢) and k measureﬂ m;(¢) € R (for i € 1..k) or, as a joint measure, m(¢) € R¥. These measures form a
k-dimensional measure space X. For every & € X, the QD objective is to find solution ¢ such that m(¢) = @ and
f(¢) is maximized. Since X is continuous, it would require infinite memory to solve the QD problem, so algorithms in

the MAP-Elites family [|169]|49]] discretize X by forming a tesselation ) consisting of M cells. Thus, we relax the QD

TPrior work refers to measure function outputs as “behavior characteristics,” “behavior descriptors,” or “feature descriptors.”
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problem to one of searching for an archive A consisting of M elites ¢;, one for each cell in . Then, the QD objective

is to maximize the performance f(¢;) of all elites:

M

max > f(es) 3.1

¢1..1W i—1

3.2.1.1 Differentiable Quality Diversity (DQD)

In DQD, we assume f and m are first-order differentiable. We denote the objective gradient as V f(¢), or abbreviated

as V f, and the measure gradients as Vm(¢) or Vm.

3.2.2 Quality Diversity for Reinforcement Learning (QD-RL)

We define QD-RL as an instance of the QD problem in which each solution ¢ parameterizes an RL policy 7. Then,
the objective f(¢) is the expected discounted return of 7y, and the measures m(¢) are functions of 4. Formally,
drawing on the Markov Decision Process (MDP) formulation [234], we represent QD-RL as a tuple (S, U, p, r,v, m).
On discrete timesteps ¢ in an episode of interaction, an agent observes state s € S and takes action a € U according to a
policy m¢ (a|s). The agent then receives scalar reward r(s, a) and observes next state s’ € S according to s” ~ p(:|s, a).
Each episode thus has a trajectory £ = {sg, ao, $1, a1, .., ST}, where T' is the number of timesteps in the episode, and
the probability that policy 7 takes trajectory & is py(€) = p(so) HtT:_Ol o (at|se)p(se+1]st, ar). Now, we define the

expected discounted return of policy 7y as

T
f(@) =Eenp, [Z v'r(st, at)‘| (3.2)

t=0

where the discount factor v € (0, 1) trades off between short- and long-term rewards. Finally, we quantify the behavior

of policy ¢ via a k-dimensional measure function m(¢).

3.2.2.1 QD-RL as an instance of DQD

We reduce QD-RL to a DQD problem. Since the exact gradients V f and Vm usually do not exist in QD-RL, we must

instead approximate them.
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3.3 Background

3.3.1 Single-Objective Reinforcement Learning

We review algorithms which train a policy to maximize a single objective, i.e. f(¢) in|[Eq. 3.2 with the goal of applying

these algorithms’ gradient approximations to DQD in

3.3.1.1 Evolution strategies (ES)

ES [17] is a class of evolutionary algorithms which optimizes the objective by sampling a population of solutions and
moving the population towards areas of higher performance. Natural Evolution Strategies (NES) [258],[259] is a type of
ES which updates the sampling distribution of solutions by taking steps on distribution parameters in the direction of
the natural gradient [|6]. For example, with a Gaussian sampling distribution, each iteration of an NES would compute
natural gradients to update the mean p and covariance 3.

We consider an NES-inspired algorithm [205]] which has demonstrated success in RL domains. This algorithm,
which we refer to as OpenAI-ES, samples A, solutions from an isotropic Gaussian but only computes a gradient step
for the mean ¢. Each solution sampled by OpenAlI-ES is represented as ¢ + o€;, where ¢ is the fixed standard deviation

of the Gaussian and €; ~ N(0, I'). Once these solutions are evaluated, OpenAI-ES estimates the gradient as

Aes

Vo)~ ! > f(o+oe)e (3.3)

AesO
e =1

OpenAlI-ES then passes this estimate to an Adam optimizer [[136]] which outputs a gradient ascent step for ¢». To make
the estimate more accurate, OpenAI-ES further includes techniques such as mirror sampling and rank normalization

(27,102}, 258].

3.3.1.2 Actor-critic methods

While ES treats the objective as a black box, actor-critic methods leverage the MDP structure of the objective, i.e.
the fact that f(¢) is a sum of Markovian values. We are most interested in Twin Delayed Deep Deterministic policy
gradient (TD3) [81]], an off-policy actor-critic method. TD3 maintains (1) an actor consisting of the policy m¢ and (2)

a critic consisting of state-action value functions Qg, (s, a) and Qg, (s, @) which differ only in random initialization.
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Through interactions in the environment, the actor generates experience which is stored in a replay buffer 5. This
experience is sampled to train (g, and (Qg,. Simultaneously, the actor improves by maximizing (g, via gradient ascent
(Qe, is only used during critic training). Specifically, for an objective f’ which is based on the critic and approximates
f, TD3 estimates a gradient V f’(¢) and passes it to an Adam optimizer. Notably, TD3 never updates network weights
directly, instead accumulating weights into farget networks e, Qg;, (g, Via an exponentially weighted moving

average with update rate 7.

3.3.2 Quality Diversity Algorithms
3.3.2.1 MAP-Elites extensions for QD-RL

One of the simplest QD algorithms is MAP-Elites [169] 49]. MAP-Elites creates an archive A by tesselating the
measure space X into a grid of evenly-sized cells. Then, it draws A initial solutions from a multivariate Gaussian
N (¢po, o I) centered at some ¢pg. Next, for each sampled solution ¢», MAP-Elites computes f(¢) and m(¢) and inserts
¢ into A. In subsequent iterations, MAP-Elites randomly selects A solutions from A and adds Gaussian noise, i.e.
solution ¢ becomes ¢ + N(0, o). Solutions are placed into cells based on their measures; if a solution has higher f
than the solution currently in the cell, it replaces that solution. Once inserted into A, solutions are known as elites.
Due to the high dimensionality of neural network parameters, direct policy optimization with MAP-Elites has
not proven effective in QD-RL [42]], although indirect encodings have been shown to scale to large policy networks
[195] 84]. For direct search, several extensions merge MAP-Elites with actor-critic methods and ES. For instance,
Policy Gradient Assisted MAP-Elites (PGA-ME) [175] combines MAP-Elites with TD3. Each iteration, PGA-ME
evaluates A solutions for insertion into the archive. % of these are created by selecting random solutions from the
archive and taking gradient ascent steps with a TD3 critic. The other % solutions are created with a directional
variation operator [249]] which selects two solutions ¢, and ¢ from the archive and creates a new one according to
¢ = 1+ i N(0,I) + oa2(¢p2 — ¢1)N(0,1). Finally, PGA-ME maintains a “greedy actor” which provides actions
when training the critics (identically to the actor in TD3). Every iteration, PGA-ME inserts this greedy actor into the
archive. PGA-ME achieves state-of-the-art performance on locomotion tasks in the QDGym benchmark [[174]].
Another MAP-Elites extension is ME-ES [42]], which combines MAP-Elites with an OpenAI-ES optimizer. In the

“explore-exploit” variant, ME-ES alternates between two phases. In the “exploit” phase, ME-ES restarts OpenAI-ES
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Figure 3.3: Diagram of MAP-Elites extensions for QD-RL, showing how our CMA-MEGA variants differ from other
QD-RL algorithms.

at a mean ¢ and optimizes the objective for k iterations, inserting the current ¢ into the archive in each iteration. In
the “explore” phase, ME-ES repeats this process, but OpenAI-ES instead optimizes for novelty, where novelty is the
distance in measure space from a new solution to previously encountered solutions. ME-ES also has an “exploit” variant
and an “explore” variant, which each execute only one type of phase.

Our work is related to ME-ES in that we also adapt OpenAI-ES, but instead of alternating between following a
novelty gradient and objective gradient, we compute all objective and measure gradients and allow a CMA-ES [[108]
instance to decide which gradients to follow by sampling gradient coefficients from a multivariate Gaussian updated
over time (Sec. 3.3.2.7). We include MAP-Elites, PGA-ME, and ME-ES as baselines in our experiments. Refer to

[Fig- 33| for a diagram which compares these algorithms to our approach.

3.3.2.2 Covariance Matrix Adaptation MAP-Elites via a Gradient Arborescence (CMA-MEGA)

We directly extend CMA-MEGA to address QD-RL. CMA-MEGA is a DQD algorithm based on the QD algorithm
CMA-ME [77]. The intuition behind CMA-MEGA is that if we knew which direction the current solution point ¢*

should move in objective-measure space, then we could calculate that change in search space via a linear combination
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of objective and measure gradients. From CMA-ME, we know a good direction is one that results in the largest archive
improvement.

Each iteration, CMA-MEGA first calculates objective and measure gradients for a solution point ¢*. Next, it
generates A new solutions by sampling gradient coefficients ¢ ~ N (u, 3) and computing ¢’ < ¢* + oV f(¢*) +
Zle ¢; Vm,;(¢*). CMA-MEGA inserts these solutions into the archive and computes their improvement, A. A is
defined as f(¢') if ¢’ populates a new cell, and f(¢') — f(¢%) if ¢’ improves an existing cell (replaces a previous
solution ¢%). After CMA-MEGA inserts the solutions, it ranks them by A. If a solution populates a new cell, its A
always ranks higher than that of a solution which only improves an existing cell. CMA-MEGA then moves the solution
point ¢* towards the largest archive improvement, but also adapts the distribution A (, 33) towards better gradient
coefficients by the same ranking. By leveraging gradient information, CMA-MEGA solves QD benchmarks with orders

of magnitude fewer solution evaluations than previous QD algorithms.

3.3.2.3 Beyond MAP-Elites

Several QD-RL algorithms have been developed outside the MAP-Elites family. NS-ES [44] builds on Novelty Search
(NS) [145,|146]], a family of QD algorithms which add solutions to an unstructured archive only if they are far away
from existing archive solutions in measure space. Using OpenAI-ES, NS-ES concurrently optimizes several agents for
novelty. Its variants NSR-ES and NSRA-ES optimize for a linear combination of novelty and objective. Meanwhile,
QD-PG [186] maintains an archive with all past solutions and optimizes agents along a Pareto front of the objective and
novelty. Finally, Diversity via Determinants (DvD) [182] leverages a kernel method to maintain diversity in a population
of solutions. As NS-ES, QD-RL, and DvD do not output a MAP-Elites grid archive, we leave their investigation for

future work.

3.3.3 Diversity in Reinforcement Learning

Here we distinguish QD-RL from prior work which also applies diversity to RL. One area of work is in latent- and
goal-conditioned policies. For latent-conditioned policy 74 (als, 2) [65, 139, 147] or goal-conditioned policy g (als, g)
[210} 9], varying the latent variable z or goal g results in different behaviors, e.g. different walking gaits or walking to a

different location. While QD-RL also seeks a range of behaviors, the measures m(¢) are computed after evaluating ¢,
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rather than before the evaluation. In general, QD-RL focuses on finding a variety of policies for a single task, rather
than attempting to solve a variety of tasks with a single conditioned policy.

Another area of work combines evolutionary and actor-critic algorithms to solve single-objective hard-exploration
problems [43}|132] 188, 236, |131]]. In these methods, an evolutionary algorithm such as cross-entropy method [20]
facilitates exploration by generating a diverse population of policies, while an actor-critic algorithm such as TD3
trains high-performing policies with this population’s environment experience. QD-RL differs from these methods in
that it views diversity as a component of the output, while these methods view diversity as a means for environment
exploration. Hence, QD-RL measures policy behavior via a measure function and collects diverse policies in an archive.
In contrast, these RL exploration methods assume that trajectory diversity, rather than targeting specific behavioral

diversity, is enough to drive exploration to discover a single optimal policy.

3.4 Approximating Gradients for DQD

Since DQD algorithms require exact objective and measure gradients, we cannot directly apply CMA-MEGA to
QD-RL. To address this limitation, we replace exact gradients with gradient approximations (Sec. 3.4.1) and develop

two CMA-MEGA variants (Sec. 3.4.2).

3.4.1 Approximating Objective and Measure Gradients

We adapt gradient approximations from ES and actor-critic methods. Since the objective has an MDP structure, we
estimate objective gradients V f with ES and actor-critic methods. Since the measures are black boxes, we estimate

measure gradients Vm with ES.

3.4.1.1 Approximating objective gradients with ES and actor-critic methods

We estimate objective gradients with two methods. First, we treat the objective as a black box and estimate its gradient
with a black box method, namely the OpenAI-ES gradient estimate in[Eq. 3.3] Since OpenAI-ES performs well in RL
domains [205}|178,|143]], we believe this estimate is suitable for approximating gradients for CMA-MEGA in QD-RL

settings. Importantly, this estimate requires environment interaction by evaluating A., solutions.
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Since the objective has a well-defined structure, i.e. it is a sum of rewards from an MDP @, we also estimate
its gradient with an actor-critic method, TD3. TD3 is well-suited for this purpose because it efficiently estimates
objective gradients for the multiple policies that CMA-MEGA and other QD-RL algorithms generate. In particular,
once the critic is trained, TD3 can provide a gradient estimate for any policy without additional environment interaction.

Among actor-critic methods, we select TD3 since it achieves high performance while optimizing primarily for
the RL objective. Prior work [81]] shows that TD3 outperforms on-policy actor-critic methods [214,[216]]. While the
off-policy Soft Actor-Critic [[103]] algorithm can outperform TD3, it optimizes a maximum-entropy objective designed
to encourage exploration. In our work, we explore by finding policies with different measures. Thus, we leave for future

work the problem of integrating QD-RL with the action diversity encouraged by entropy maximization.

3.4.1.2 Approximating measure gradients with ES

Since measures do not have special properties such as an MDP structure (Sec. 3.2.2), we only estimate their gradient
with black box methods. Thus, similar to the objective, we approximate each measure’s gradient Vm, with the
OpenAI-ES gradient estimate, replacing f with m; in

Since the OpenAI-ES gradient estimate requires additional environment interaction, all of our CMA-MEGA
variants require environment interaction to estimate gradients. However, the environment interaction required to
estimate measure gradients remains constant even as the number of measures increases, since we can reuse the same
Aes solutions to estimate each Vm;.

In problems where the measures have an MDP structure similar to the objective, it may be feasible to estimate each
Vm; with its own TD3 instance. In the environments in our work (Sec. 3.5.1)), each measure is non-Markovian since it
calculates the proportion of time a walking agent’s foot spends on the ground. This calculation depends on the entire

agent trajectory rather than on one state.

3.4.2 CMA-MEGA Variants

Our choice of gradient approximations leads to two CMA-MEGA variants. CMA-MEGA (ES) approximates objective

and measure gradients with OpenAI-ES, while CMA-MEGA (TD3, ES) approximates the objective gradient with TD3

and measure gradients with OpenAI-ES. |Fig. 3.2| shows an overview of both algorithms, and shows their
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Algorithm 2: CMA-MEGA (ES) and CMA-MEGA (TD3, ES). Highlighted portions are only executed in
CMA-MEGA (TD3, ES). Adapted from CMA-MEGA [73]. Functions whose names are in SMALL_CAPS are
helper functions and are available in[Algorithm 3| [Algorithm 4] and|[Algorithm 5|

1 CMA-MEGA variants (evaluate, po, N, X, 04,1, Acs, 0c):

Input: Function evaluate which executes a policy ¢ and outputs objective f(¢) and measures m(¢),
initial solution ¢y, desired iterations IV, batch size ), initial CMA-ES step size o, learning rate 7,
ES batch size A5, ES standard deviation o,
Result: Generates N \ solutions, storing elites in an archive .4

2 NeA—-1-1

3 Initialize empty archive A, solution point ¢* < ¢

4 Initialize CMA-ES with population ), resulting in t = 0, % = 0,1, and internal CMA-ES parameters p
5 B, Qe,,Qe,, T, Qo;, Qoy, Ty INITIALIZE_TD3()

6 for iter «+— 1..N do

7 f(¢*), m(¢*) < evaluate(d*)

8 UPDATE_ARCHIVE(A, ¢*, f(¢*), m(¢*))

9 Vf(¢*), Vm(¢*) + ES_GRADIENTS(¢*, Acs, 0¢)

10 V f(¢*) < TD3_GRADIENT(¢*, Qg,, B)

1 Normalize V f(¢*) and Vm(¢™) to be unit vectors

12 fori«+ 1.\ do

13 ci ~N(p,X)

14 Vi< cioVf(o*)+ Z?:l ¢ij Vm;(¢*)

15 ¢, — d*+ 'V,

16 F (@), m(§}) + cvaluate(g))

17 A; < UPDATE_ARCHIVE(A, ¢,, f(¢}), m(¢}))

18 Rank ¢;, V,; by A;

19 Adapt CMA-ES parameters p, 33, p based on rankings of ¢;
20 Q" — P + 172?:1 Wi Vianki) // w; is part of p
21 if there is no change in A then

22 Restart CMA-ES with g = 0,3 = 0,1

23 Set ¢* to a randomly selected elite from A
2 F(#g).m(,) < evaluate(d,)
25 UPDATE_ARCHIVE(A, ¢, f(¢q), m(¢py))
26 Add experience from all calls to evaluate into B
27 TRAIN—TD?’(QOl ) Q02 y Ty s Qﬂ’l ) Qﬂéa ﬂ—q.')fza B)

pseudocode. As CMA-MEGA (TD3, ES) builds on CMA-MEGA (ES), we present only CMA-MEGA (TD3, ES) and

highlight lines that CMA-MEGA (TD3, ES) additionally executes.

Identically to CMA-MEGA, the two variants maintain three primary components: a solution point ¢»*, a multivariate
Gaussian distribution NV (p, 3) for sampling gradient coefficients, and a MAP-Elites archive A for storing solutions.
We initialize the archive and solution point on line 3] and we initialize the coefficient distribution as part of a CMA-ES

instance on line [4lF}

*We set the CMA-ES batch size )’ slightly lower than the total batch size A (line . While CMA-MEGA (ES) and CMA-MEGA (TD3, ES)
both evaluate A solutions each iteration, one evaluation is reserved for ¢o* (line . In CMA-MEGA (TD3, ES), one more evaluation is reserved for
the greedy actor (line[24).
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Algorithm 3: Helper function for updating the archive.

1
2
3
4
5
6
7
8
9

10
11

UPDATE_ARCHIVE (A, ¢, f(¢), m(¢)):
// € contains ¢e, f(¢pe), m(de)
& « cell in A corresponding to m
if £ is empty then
be, f(pe), m(ps) < ¢, f(p), m(¢)
return (NEW_CELL, f(¢))
elseif f(¢p) > f(¢e) then
¢57 f(¢5)a m(¢5) A ¢7 f(¢)7 m(¢)

return (IMPROVE_EXISTING_CELL, f(¢) — f(¢¢))
else
| return (NOT_ADDED, f(¢) — f(¢¢))

Algorithm 4: TD3 helper functions. Adapted from PGA-ME [175]] and TD3 [81]].

1

w N

D-TE-CREE - L N

11
12
13
14
15
16
17
18
19
20
21
22
23
24
25

INITIALIZE_TD3:
B < initialize_replay_buffer()
// As done in the TD3 author implementation [|81[],
networks with the default PyTorch weights.
Qe,,Qo,, Ty, < initialize networks()
Qo;, Qoy. mey < Qo,, Qo,, e,
return 53, le , ng, Tepys lel , Qgé s Ty,
TD3_GRADIENT (¢, Qg, , B):
Sample n,4 transitions (s, at, r(s¢, at), S¢41) from B
V¢J(d)) = %m Z V¢7T¢(st)an91 (st7 a)|a:7r¢(s,,)
return VJ (o)
TRAIN_TD3 (le s Q92 s Ty Qgi s Qgé Tl s B):
// Trains the critic and the greedy actor.
for i « 1..n..; do
Sample n, transitions (s¢, a;, 7(s¢, at), S¢+1) from B
// Sample smoothing noise.
€ ~ clip(N (0, op), —Cetip, Celip)
y =r(st, ar) + vy mini=1 2 Qe; (st+1, 7T¢/q(8t+1) +€)
// Update critics.
0; < argming, niq S (y — Qe, (st,a))?
if ¢ mod d = 0 then
// Update greedy actor.
Ve, I (0g) = 7o 22 Ve, T, (5:)VaQo, (5t a)lazry, (s1)
// Update targets.
0, — 710, +(1—1)6;
Py Thy+ (1 -7y,

we initialize these
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Algorithm 5: Helper function for estimating objective and measure gradients with the gradient estimate
from OpenAI-ES. This implementation differs from [Eq. 3.3] since it includes mirror sampling and rank
normalization.

1 ES_GRADIENTS (¢, Aes, 0c):

18
19

20

21
22
23
24
25

// Mirror sampling - divide Mg by 2.
for i < 1..2¢= do
€; ~ N(O, I)
xT; < d) + 0c€;
f(x;), m(x;) + evaluate(x;)
T, — ¢ — 0.€; // x, reflects ;.
f(x)), m(x}) < evaluate(x;)
for j <+ 0..k do
if 7 = 0 then
| L < all z; and ], sorted by f
else
‘ L + all z; and x, sorted by m;
// Rank normalization.
R < rank (index) of every «; in L
R’ + rank (index) of every @} in L
// Ranks should be normalized over both lists combined (R||R’) rather
than in each list separately.
Normalize ranks in R|| R’ to [-0.5, 0.5]
// Estimate gradient.

Ve s .2 ei(Ri - RY)
if j = O2then
Vi) <V
else
return V f(¢), Vm(¢o)
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In the main loop (line[6), we follow the workflow shown in [Fig. 3.2] First, after evaluating ¢* and inserting it into
the archive (line[7}{§), we approximate its gradients with either ES or TD3 (line[OHI0). This gradient approximation
forms the key difference between our variants and the original CMA-MEGA algorithm [73)].

Next, we branch from ¢* to create solutions ¢} by sampling ¢; from the coefficient distribution and computing
perturbations V; (line[13[[15). We then evaluate each ¢ and insert it into the archive (line[16}{17).

Finally, we update the solution point and the coefficient distribution’s CMA-ES instance by forming an improvement
ranking based on the improvement A, line [T8}{20). Importantly, since we rank based on improvement,
this update enables the CMA-MEGA variants to maximize the QD objective (73].

Our CMA-MEGA variants have two additional components. First, we check if no solutions were inserted into the
archive at the end of the iteration, which would indicate that we should reset the coefficient distribution and the solution
point (line @-@ Second, in the case of CMA-MEGA (TD3, ES), we manage a TD3 instance similar to how PGA-ME
does (Sec. 3.3.2.T). This TD3 instance consists of a replay buffer 3, critic networks Qe, and Qe, , a greedy actor 7,
and target networks ngl s Qgé, T, (all initialized on line E]) At the end of each iteration, we use the greedy actor to

train the critics, and we also insert it into the archive (line 24}27)).

3.5 Experiments

We compare our two proposed CMA-MEGA variants (CMA-MEGA (ES), CMA-MEGA (TD3, ES)) with three
baselines (PGA-ME, ME-ES, MAP-Elites) in four locomotion tasks. We implement MAP-Elites as described in
and we select the explore-exploit variant for ME-ES since it has performed at least as well as both the

explore variant and the exploit variant in several domains [42].

3.5.1 Evaluation Domains
3.5.1.1 QDGym

We evaluate our algorithms in four locomotion environments from QDGym [[174], a library built on PyBullet Gym [45]
63| and OpenAl Gym [28]]. [Table 2.5|lists all environment details. In each environment, the QD algorithm outputs an

archive of walking policies for a simulated agent. The agent is primarily rewarded for its forward speed. There are
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Table 3.1: QDGym environments details. We list the dimensions of the state space (|S|) and action space (|I/|), number
of neural network parameters, number of measures | X'|, archive grid dimensions (number of cells along each dimension),

total archive grid cells, and min and max objectives (Sec. 3.5.1.3).

QD QD QD QD

Ant Half-Cheetah Hopper Walker
|S]| 28 26 15 22
|| 8 6 3 6
Parameters 21,256 20,742 18,947 20,230
|X] 4 2 1 2
Archive dim [6,6,6,6] [32,32] [1024] [32,32]
Grid cells 1,296 1,024 1,024 1,024
Min objective -374.70 -2,797.52 -362.09 -67.17
Max objective 2,500.00 3,000.00 2,500.00 2,500.00

also reward shaping [173|| signals, such as a punishment for applying higher joint torques, intended to guide policy
optimization. The measures compute the proportion of time (number of timesteps divided by total timesteps in an

episode) that each of the agent’s feet contacts the ground.

QDGym is challenging because the objective in each environment does not “align” with the measures, in that
finding policies with different measures (i.e. exploring the archive) does not necessarily lead to optimization of the
objective. While it may be trivial to fill the archive with low-performing policies which stand in place and lift the feet
up and down to achieve different measures, the agents’ complexity (high degrees of freedom) makes it difficult to learn

a high-performing policy for each value of the measures.

3.5.1.2 Hyperparameters

Each agent’s policy is a neural network which takes in states and outputs actions. There are two hidden layers of 128

nodes, and the hidden and output layers have t anh activation. We initialize weights with Xavier initialization [91].
For the archive, we tessellate each environment’s measure space into a grid of evenly-sized cells (see

for grid dimensions). Each measure is bound to the range [0, 1], the min and max proportion of time that one foot can

contact the ground.
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Each algorithm evaluates 1 million solutions in the environment. Due to computational limits, we evaluate each

solution once instead of averaging multiple episodes, so each algorithm runs 1 million episodes total. Refer to

for detailed hyperparameters.

3.5.1.3 Metrics

Our primary metric is QD score [190], which provides a holistic view of algorithm performance. QD score is the sum
of the objective values of all elites in the archive, i.e. vail 1y, exists f (¢;), where M is the number of archive cells.
We note that the contribution of a cell to the QD score is O if the cell is unoccupied. We set the objective f to be the
expected undiscounted return, i.e. we set v = 1 in[Eq. 3.2}

Since objectives may be negative, an algorithm’s QD score may be penalized when adding a new solution. To
prevent this, we define a minimum objective in each environment by taking the lowest objective value that was inserted
into the archive in any experiment in that environment. We subtract this minimum from every solution, such that
every solution that was inserted into an archive has an objective value of at least 0. Thus, we use QD score defined
as Zf\il 1y, exists(f(¢;) — min objective). We also define a maximum objective equivalent to each environment’s
“reward threshold” in PyBullet Gym. This threshold is the objective value at which an agent is considered to have
successfully learned to walk.

We report two metrics in addition to QD score. Archive coverage, the proportion of cells for which the algorithm
found an elite, gauges how well the QD algorithm explores measure space, and best performance, the highest objective

of any elite in the archive, gauges how well the QD algorithm exploits the objective.

3.5.2 Experimental Design

We follow a between-groups design, where the two independent variables are environment (QD Ant, QD Half-Cheetah,
QD Hopper, QD Walker) and algorithm (CMA-MEGA (ES), CMA-MEGA (TD3, ES), PGA-ME, ME-ES, MAP-
Elites). The dependent variable is the QD score. In each environment, we run each algorithm for 5 trials with different
random seeds and test three hypotheses:

H1: CMA-MEGA (ES) will outperform all baselines (PGA-ME, ME-ES, MAP-Elites).

H2: CMA-MEGA (TD3, ES) will outperform all baselines.
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Table 3.2: CMA-MEGA (ES) and CMA-MEGA (TD3, ES) hyperparameters. n,, and n..;; are only applicable in
CMA-MEGA (TD3, ES). npg here is analogous to n,, in PGA-ME, but we make it much larger here (65,536 vs. 256)
to improve the accuracy of the gradient estimate. It is important to obtain a more accurate gradient estimate since we
only compute one gradient per iteration instead of taking gradient steps on multiple solutions.

Parameter  Description Value
Iterations = 1,000,000 /
N T 5,000
A+ Aes)
A Batch size 100
o Initial CMA-ES step size 1.0
n Gradient ascent learning rate 1.0
Aes ES batch size 100
Oe ES noise standard deviation 0.02
Tig "Sl“iIZ)e3 gradient estimate batch 65.536
Nerit TD3 critic training steps 600
Table 3.3: PGA-ME hyperparameters.
Parameter  Description Value
N Iterations = 1,000,000 / A 10,000
A Batch size 100
Nevo Variation operators split 0.5A =50
Ngrad PG variation steps 10
PG variation learning rate (for
Ggred  Adam) g rate ( 0.001
Npg PG variation batch size 256
Nerit TD3 critic training steps 300
o1 GA variation 1 0.005
09 GA variation 2 0.05
G Random initial solutions 100

Table 3.4: ME-ES hyperparameters. We adopt the explore-exploit variant.

Parameter  Description Value
N Iterations = 1,000,000 / A 5,000
A Batch size 200
o ES noise standard deviation 0.02
Consecutive generations to 10
Noptim_gens Optimize a solution
o Learning rate for Adam 0.01
o) L2 coefficient for Adam 0.005
i Nearest neighbors for novelty 10

calculation
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Table 3.5: MAP-Elites hyperparameters. We describe MAP-Elites in|Sec. 3.3.2.1

Parameter  Description Value
N Iterations = 1,000,000 / A 10,000
A Batch size 100
o Gau.ss¥an noise standard 0.02
deviation

Table 3.6: TD3 hyperparameters common to CMA-MEGA (TD3, ES) and PGA-ME, which both train a TD3 instance.
Furthermore, though we record the objective with v = 1 (Sec. 3.5.1.3), TD3 still executes with v < 1.

Parameter

Description Value

Qerit

Celip

Critic layer sizes

[256, 256, 1]

Critic learning rate (for Adam) 3e-4
Critic training batch size 256
Max replay buffer size 1,000,000
Discount factor 0.99
Target network update rate 0.005
Target network update )
frequency
Smoothing noise standard

. 0.2
deviation
Smoothing noise clip 0.5
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H3: CMA-MEGA (TD3, ES) will outperform CMA-MEGA (ES).

H1 and H2 are based on prior work [73]] which showed that in QD benchmark domains, CMA-MEGA outperforms
algorithms that do not leverage both objective and measure gradients. H3 is based on results [[178]] which suggest that
actor-critic methods outperform ES in PyBullet Gym. Thus, we expect the TD3 objective gradient to be more accurate

than the ES objective gradient, leading to more efficient traversal of objective-measure space and higher QD score.

3.5.3 Implementation

We implement all QD algorithms with the pyribs library [238]] except for ME-ES, which we adapt from the authors’
implementation. We run each experiment with 100 CPUs on a high-performance cluster. We allocate one NVIDIA
Tesla P100 GPU to algorithms that train TD3 (CMA-MEGA (TD3, ES) and PGA-ME). Depending on the algorithm
and environment, each experiment lasts 4-20 hours; refer to for mean runtimes. We have released our source

code athttps://github.com/icaros—usc/dgd-rl

3.6 Results

We ran 5 trials of each algorithm in each environment. In each trial, we allocated 1 million evaluations and recorded the
QD score, archive coverage, and best performance. [Fig. 3.4] plots these metrics. Tables show the QD score
(Sec.3.5.1.3)), QD score AUC (Sec. 3.6.2.1), archive coverage (Sec. 3.5.1.3)), best performance (Sec. 3.5.1.3)), mean
elite robustness , and runtime in hours for all algorithms in all environments. The tables show the value of

each metric after 1 million evaluations, averaged over 5 trials. Due to its magnitude, QD score AUC is expressed as a

multiple of 10'2. Finally, [Fig. 3.5|and |Fig. 3.6|show heatmaps and histograms of the archives from the experiments.
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Table 3.7: QD Score

QD
QD Ant Half-Cheetah QD Hopper QD Walker
CMA-MEGA (ES) 1,649,846.69 4,489,327.04 1,016,897.48 371,804.19
CMA-MEGA (TD3, ES) 1,479,725.62 4,612,926.99 1,857,671.12 1,437,319.62
PGA-MAP-Elites 1,674,374.81 4,758,921.89 2,068,953.54 1,480,443.84
ME-ES 539,742.08 2,296,974.58 791,954.55 105,320.97
MAP-Elites 1,418,306.56 4,175,704.19 1,835,703.73 447,737.90
Table 3.8: QD Score AUC (multiple of 10'?)

QD Ant QD QD H QD Walk
n Half-Cheetah Opper alket
CMA-MEGA (ES) 1.31 3.96 0.74 0.28
CMA-MEGA (TD3, ES) 1.14 3.97 1.39 1.01
PGA-MAP-Elites 1.39 4.39 1.81 1.04
ME-ES 0.35 1.57 0.49 0.07
MAP-Elites 1.18 3.78 1.34 0.35

3.6.1 Analysis

To test our hypotheses, we conducted a two-way ANOVA which examined the effect of algorithm and environment on
the QD score. We note that the ANOVA requires QD scores to have the same scale, but each environment’s QD score
has a different scale by default. Thus, for this analysis, we normalized QD scores by dividing by each environment’s
maximum QD score, defined as grid cells * (max objective - min objective).

We found a statistically significant interaction between algorithm and environment on QD score, F'(12,80) =
16.82,p < 0.001. Simple main effects analysis indicated that the algorithm had a significant effect on QD score in
each environment, so we ran pairwise comparisons (two-sided t-tests) with Bonferroni corrections. Our results are as
follows:

H1: There is no significant difference in QD score between CMA-MEGA (ES) and PGA-ME in QD Ant and
QD Half-Cheetah, but in QD Hopper and QD Walker, CMA-MEGA (ES) attains significantly lower QD score than
PGA-ME. CMA-MEGA (ES) achieves significantly higher QD score than ME-ES in all environments except QD
Hopper, where there is no significant difference. There is no significant difference between CMA-MEGA (ES) and

MAP-Elites in all domains except QD Hopper, where CMA-MEGA (ES) attains significantly lower QD score.
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Table 3.9: Archive Coverage

QD

QD Ant Half-Cheetah QD Hopper QD Walker
CMA-MEGA (ES) 0.96 1.00 0.97 1.00
CMA-MEGA (TD3, ES) 0.97 1.00 0.98 1.00
PGA-MAP-Elites 0.96 1.00 0.97 0.99
ME-ES 0.63 0.95 0.74 0.86
MAP-Elites 0.98 1.00 0.98 1.00

Table 3.10: Best Performance

QD Ant Qb QD H r QD Walker

Half-Cheetah OPpe alke

CMA-MEGA (ES) 2,213.06 2,265.73 1,441.00 940.50
CMA-MEGA (TD3, ES) 2,482.83 2,486.10 2,597.87 2,302.31
PGA-MAP-Elites 2,843.86 2,746.98 2,884.08 2,619.17
ME-ES 2,515.20 1,911.33 2,642.30 1,025.74
MAP-Elites 1,506.97 1,822.88 2,602.94 989.31

H2: In all environments, there is no significant difference in QD score between CMA-MEGA (TD3, ES) and PGA-
ME. CMA-MEGA (TD3, ES) achieves significantly higher QD score than ME-ES in all environments. CMA-MEGA
(TD3, ES) achieves significantly higher QD score than MAP-Elites in QD Half-Cheetah and Walker, with no significant

difference in QD Ant and QD Hopper.

H3: CMA-MEGA (TD3, ES) achieves significantly higher QD score than CMA-MEGA (ES) in QD Hopper and

QD Walker, but there is no significant difference in QD Ant and QD Half-Cheetah.

3.6.2 Discussion

We discuss how the CMA-MEGA variants differ from the baselines (Sec. 3.6.2.1}3.6.2.4) and how they differ from

each other (Sec. 3.6.2.5).
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Table 3.11: Mean Elite Robustness

QD Ant Half- Chee?;?l QD Hopper QD Walker
CMA-MEGA (ES) -51.62 -105.81 -187.44 -86.45
CMA-MEGA (TD3, ES) -48.91 -80.78 -273.68 -97.40
PGA-MAP-Elites -4.16 -92.38 -435.45 -74.26
ME-ES 77.76 -645.40 -631.32 2.05
MAP-Elites -109.42 -338.78 -509.21 -186.14

Table 3.12: Runtime (Hours)

QD Ant Half- Chee?;l)l QD Hopper QD Walker
CMA-MEGA (ES) 7.40 7.24 3.84 3.52
CMA-MEGA (TD3, ES) 16.26 22.79 13.43 13.01
PGA-MAP-Elites 19.99 19.75 12.65 12.86
ME-ES 8.92 10.25 4.04 4.12
MAP-Elites 7.43 7.37 4.59 5.72

3.6.2.1 PGA-ME and objective-measure space exploration

Of the CMA-MEGA variants, CMA-MEGA (TD3, ES) performed the closest to PGA-ME, with no significant QD
score difference in any environment. This result differs from prior work [[73[]] in QD benchmark domains, where

CMA-MEGA outperformed OG-MAP-Elites, a baseline DQD algorithm inspired by PGA-ME.

We attribute this difference to the difficulty of exploring objective-measure space in the benchmark domains. For
example, the linear projection benchmark domain is designed to be “distorted” [[77]. Values in the center of its measure
space are easy to obtain with random sampling, while values at the edges are unlikely to be sampled. Hence, high QD
score arises from exploring measure space and filling the archive. Since CMA-MEGA adapts its sampling distribution,

it is able to perform this exploration, while OG-MAP-Elites remains “stuck” in the center of the measure space.

In contrast, as discussed in[Sec. 3.5.1.1} it is relatively easy to fill the archive in QDGym. We see this empirically:
in all environments, all algorithms achieve nearly 100% archive coverage, usually within the first 250k evaluations
(Fig. 3.4). Hence, the best QD score is achieved by increasing the objective value of solutions after filling the archive.

PGA-ME achieves this by optimizing half of its generated solutions with respect to its TD3 critic. The genetic operator
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Figure 3.5: Archive heatmaps from the median trial (in terms of QD score) of each algorithm in QD Half-Cheetah and
QD Walker. The colorbar for each environment ranges from the minimum to maximum objective stated in[Table 3.1]
The archive in both environments is a 32 x 32 grid. Currently, we are unable to plot heatmaps for QD Ant and
QD Hopper because their archives are not 2D. These heatmaps have several notable features. First, we can see that
MAP-Elites primarily discovers low-performing solutions. Second, from looking at the heatmap videos, we can see
that PGA-ME gradually improves the entire archive “all at once” — this happens because PGA-ME samples solutions
uniformly from the archive and applies variations to them, so the entire archive appears to improve simultaneously.
Finally, again based on the heatmap videos, we see that the CMA-MEGA variants improve the archive with “paintbrush
strokes.” This happens because the CMA-MEGA variants gradually move the solution point ¢* around the archive
while generating solutions around it.
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likely further enhances the efficacy of this optimization, by taking previously-optimized solutions and combining them

to obtain high-performing solutions in other parts of the archive.

On the other hand, the CMA-MEGA variants place less emphasis on maximizing the performance of each solution,
compared to PGA-ME: in each trial, PGA-ME takes 5 million objective gradient steps with respect to its TD3 critic,
while the CMA-MEGA variants only compute Sk objective gradients, because they dedicate a large part of the evaluation
to estimating the measure gradients. This difference suggests a possible extension to CMA-MEGA (TD3, ES) in which

solutions are optimized with respect to the TD3 critic before being evaluated in the environment.
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Figure 3.6: Distribution (histogram) of objective values in archives from the median trial (in terms of QD score) of each
algorithm in each environment. In each plot, the x-axis is bounded on the left by the minimum objective and on the
right by the maximum objective plus 400, as some solutions exceed the maximum objective in[Table 2.3] Note that in
some plots, the number of items overflows the y-axis bounds (e.g. ME-ES in QD Walker).

3.6.2.2 PGA-ME and optimization efficiency

While there was no significant difference in the final QD scores of CMA-MEGA (TD3, ES) and PGA-ME, CMA-

MEGA (TD3, ES) was less efficient than PGA-ME in some environments. For instance, in QD Hopper, PGA-ME

reached 1.5M QD score after 100k evaluations, but CMA-MEGA (TD3, ES) required 400k evaluations.
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We can quantify optimization efficiency with QD score AUC, the area under the curve (AUC) of the QD score plot.
For a QD algorithm which executes [V iterations and evaluates A solutions per iteration, we define QD score AUC as a

Riemann sum:

N
QD score AUC = Z(A * QD score at iteration 7) (3.4
i=1

After computing QD score AUC, we ran statistical analysis similar to and found CMA-MEGA (TD3, ES)
had significantly lower QD score AUC than PGA-ME in QD Ant and QD Hopper. There was no significant difference
in QD Half-Cheetah and QD Walker. As such, while CMA-MEGA (TD3, ES) obtained comparable final QD scores to

PGA-ME in all tasks, it was less efficient at achieving those scores in QD Ant and QD Hopper.

3.6.2.3 ME-ES and archive insertions

With one exception (CMA-MEGA (ES) in QD Hopper), both CMA-MEGA variants achieved significantly higher QD
score than ME-ES in all environments. We attribute this result to the number of solutions each algorithm inserts into the
archive. Each iteration, ME-ES evaluates 200 solutions but only inserts one into the archive, for a total of 5000 solutions
inserted during each run. Given that each archive has at least 1000 cells, ME-ES has, on average, 5 opportunities to
insert a solution that improves each cell. In contrast, the CMA-MEGA variants have 100 times more insertions. Though
the CMA-MEGA variants evaluate 200 solutions per iteration, they insert 100 of these into the archive. This totals to

500k insertions per run, allowing the CMA-MEGA variants to gradually improve archive cells.

3.6.2.4 MAP-Elites and robustness

In most cases, both CMA-MEGA variants had significantly higher QD score than MAP-Elites or no significant
difference, but in QD Hopper, MAP-Elites achieved significantly higher QD score than CMA-MEGA (ES). However,

we found that MAP-Elites solutions were less robust.

3.6.2.5 CMA-MEGA variants and gradient estimates

In QD Hopper and QD Walker, CMA-MEGA (TD3, ES) had significantly higher QD score than CMA-MEGA (ES).

One potential explanation is that PyBullet Gym (and hence QDGym) augments rewards with reward shaping signals
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intended to promote optimal solutions for deep RL algorithms. In prior work [178]], these signals led PPO [216] to train
successful walking agents, while they led OpenAI-ES into local optima. For instance, OpenAlI-ES trained agents which

stood still so as to maximize only the reward signal for staying upright.

Due to these signals, TD3’s objective gradient seems more useful than that of OpenAI-ES in QD Hopper and QD
Walker. In fact, the algorithms which performed best in QD Hopper and QD Walker were ones that calculated objective

gradients with TD3, i.e. PGA-ME and CMA-MEGA (TD3, ES).

Prior work [178] found that rewards could be tailored for ES, such that OpenAI-ES outperformed PPO. Extensions
of our work could investigate whether there is a similar effect for QD algorithms, where tailoring the reward leads

CMA-MEGA (ES) to outperform PGA-ME and CMA-MEGA (TD3, ES).

3.7 Conclusion

To extend DQD to RL settings, we adapted gradient approximations from actor-critic methods and ES. By integrating
these approximations with CMA-MEGA, we proposed two novel variants that we evaluated on four locomotion tasks
from QDGym. CMA-MEGA (TD3, ES) performed comparably to the state-of-the-art PGA-ME in all tasks but was

less efficient in two of the tasks. CMA-MEGA (ES) performed comparably in two tasks.

Our results contrast prior work [[73]] where CMA-MEGA outperformed a baseline algorithm inspired by PGA-ME
in QD benchmark domains. The difference seems to be that difficulty in the benchmarks arises from a hard-to-explore
measure space, whereas difficulty in QDGym arises from an objective which requires rigorous optimization. As such,
future work could formalize the notions of “exploration difficulty” of a measure space and “optimization difficulty” of

an objective and evaluate algorithms in benchmarks that cover a spectrum of these metrics.

For practitioners looking to apply DQD in RL settings, we recommend estimating objective gradients with an
off-policy actor-critic method such as TD3 instead of with an ES. Due to the difficulty of modern control benchmarks,
it is important to efficiently optimize the objective — TD3 benefits over ES since it can compute the objective gradient
without further environment interaction. Furthermore, reward signals in these benchmarks are designed for deep RL

methods, making TD3 gradients more useful than ES gradients.
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By reducing QD-RL to DQD, we have decoupled QD-RL into DQD optimization and RL gradient approximations.
In the future, we envision algorithms which benefit from advances in either more efficient DQD or more accurate RL

gradient approximations.
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Chapter 4

On-Policy Reinforcement Learning and Differentiable Quality Diversity

4.1 Introduction

[ Quality Diversity (QD) algorithms enable the exploration and discovery of diverse skills in a behavior space. For
example, a QD algorithm can train different locomotion gaits for a walker [49]], discover different grasping trajectories
for a manipulator [[164]], or generate a diverse range of human faces [73]. However, since these algorithms are generally
oriented towards solving exploration problems, they struggle to find performant policies in high-dimensional robot
learning tasks. QD-RL is an emerging field that attempts to combine the principled exploration capabilities of QD with
the powerful performance improvement capabilities of RL. Prior methods have leveraged off-policy RL, specifically
TD3, to estimate the gradient of performance, and either Evolution Strategies (ES) or TD3 to estimate the gradient of
diversity in order to search for diverse, high-quality policies. They have shown success in exploration problems and
certain robot locomotion tasks [[175}[186,[239]. Nonetheless, there remains a gap in performance between QD-RL and
standard RL algorithms on continuous control tasks. Furthermore, off-policy RL algorithms were not designed with
massive parallelization in mind. Few works explore how to leverage modern massively-parallelized simulators with
these algorithms, whereas numerous works explore on-policy RL in these regimes [[155} 201} 107} 13} [117].

From our investigation of prior methods, simply combining existing QD methods with an RL algorithm tends not to
scale well to high-dimensional, highly dynamical systems such as Humanoid. For example, all contemporary QD-RL
algorithms for locomotion use non-Markovian measures of behavioral diversity, which in many cases prevents direct

RL-optimization. Most algorithms instead opt for policy parameter mutation, which struggles to scale well with deep

*Work led by Sumeet Batra at the Robotic Embedded Systems Laboratory.
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Figure 4.1: PPGA finds a diverse archive of high-performing locomotion behaviors for a humanoid agent by combining
PPO gradient approximations with Differentiable Quality Diversity algorithms. The archive’s dimensions correspond to
the measures m and meo, i.e., the proportion of time that the left and right feet contact the ground. The color of each
cell shows the objective value, i.e., how fast the humanoid moves. For instance, jumping moves the humanoid forward
quickly, with the left and right feet individually contacting the ground 30% and 22% of the time, respectively.

neural networks. Prior methods that investigated combining Differentiable Quality Diversity and off-policy RL [239]
achieved similar results as other baselines. However, given the gap in performance between standard RL and QD-RL
algorithms in terms of best-performing policy, we believe that DQD algorithms, under a different formulation more
synergistic with its underlying mechanisms, can close this gap. To this end, we leverage Proximal Policy Optimization
(PPO) [216]], a popular on-policy RL algorithm, with Differentiable Quality Diversity (DQD) [73]] because of the
already present synergy. Specifically, DQD algorithms CMA-MEGA [73], and its more recent variation CMA-MAEGA
[72]], maintain a single search point (or policy in the case of RL) that moves through the behavior space and fills in
new, unexplored regions with offspring policies constructed via gradient information collected from online data. It
is through this high level view that we see the emergent synergy between PPO and DQD, in that PPO can be used to
collect gradient estimates from online data when one or both of the objective and measure functions are Markovian and
non-differentiable.

We make several key changes to CMA-MAEGA and PPO to maximally leverage their synergy. Our new algorithm,
Proximal Policy Gradient Arborescence (PPGA), to the best of our knowledge, is the first QD-RL algorithm to not only
achieve 4x performance in best reward on the humanoid domain, but achieve the same level of performance as PPO
without sacrificing any of the diversity in the discovered policies. Specifically, we make the following contributions:

(1) We propose a vectorized implementation of PPO, VPPO, that jointly computes the objective and measure

gradients with little overhead and without running separate PPO instances for each task (2) We generalize prior
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CMA-based DQD algorithms as instances of Natural Evolution Strategies (NES) and show that contemporary NES
methods, specifically xXNES, enable better training stability and performance for DQD algorithms (3) We introduce the
notion of Markovian Measure Proxies (MMPs), which makes the typically non-Markovian measure functions used in
QD-RL amenable to RL-optimization (4) We propose a new method to move the current search point, hereon referred
to as the “search policy,” to unexplored regions of the archive by iteratively “walking” it using collected online data and

RL optimization of a novel multi-objective reward function.

4.2 Background

4.2.1 Deep Reinforcement Learning

Reinforcement Learning algorithms search for a policy, a mapping of states to actions, that maximizes cumulative
reward in an environment. RL assumes the discrete-time Markov Decision Process (MDP) formalism (S, .4, R, P, )
where S and A are the state and action spaces respectively, R(s, a) is the reward function, P(s’|s, a) defines state
transition probabilities, and +y is the discount factor. The RL objective is to maximize the discounted episodic return of
apolicy E {ZZ;OI v*R(sy, ax,)| where T is episode length. Deep Reinforcement Learning solves the RL problem by
finding a policy 7y (a¢|s:) parameterized by a deep neural network 6 that represents a state-action mapping.

On-policy Deep RL methods directly learn the policy my using experience collected by that policy or a recent
version thereof. Contemporary methods [[160] fit the value function V;(s;) to discounted returns and estimate the
advantage A, = Zf;tl ¥ R(sk, ax) — Vy(s:), which corresponds to the value of an action over the current policy [215].
From here, the gradient of the objective w.r.t. 6, or policy gradient, can be estimated as E, [Vglogm;(at |st)/1t} , and
the policy 7y is trained using mini-batch gradient descent.

Trust region policy gradient Deep RL methods constrain the policy updates to maintain the proximity of 7y to the
behavior policy my,,, that was used to collect the experience. TRPO [214]] takes the largest policy improvement step
that satisfies the strict KL-divergence constraint. Proximal Policy Optimization (PPO) [216] approximates the trust

region by optimizing a clipped surrogate objective where 7, (§) = —=¢{etls0)

= Foo{arsn) 18 the importance sampling ratio:

L(6) =K,

0

[min(rt(é))/lt), clip(r(0),1 — e, 1+ €)A,| .
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Off-policy Deep RL algorithms learn parameterized state-action value functions Qg (s¢, a;) that estimate the value of
taking action a in state s;. Then, actions are taken with a greedy policy arg max, Qg(s:, a:), or an e-greedy variation
thereof. Q-functions can be learned from experience collected by recent or past versions of the policy or another policy

altogether.

In continuous control problems, it can be difficult to find a* = arg max, Qy(s:, a;) due to an infinite number of
possible actions. To work around this issue, off-policy methods such as DDPG [149] and TD3 [81] learn a deterministic
policy py(s¢) by solving maxs(Qg (s, 14(s¢)) using gradient ascent. Other off-policy methods, such as soft actor-
critic (SAC) [[103]], maintain an explicit policy 7y, but similarly derive the policy gradient from the critic, allowing them

to learn from off-policy data as well.

4.2.2 Quality Diversity Optimization

Unlike single-objective optimization methods such as RL, Quality Diversity algorithms search for an archive of high-
performing, diverse policies. An optimal archive essentially answers the question, “how does performance change
with behavior?” by mapping out the optimization landscape of a pre-defined behavior space. The QD problem [35]]
assumes an objective function f(-) that quantifies the agent’s performance and k measure functions my(-)...my(-)
that characterize the agent’s behavior. The measure functions, represented jointly as m(-), define an embedding the
QD algorithm should span with diverse policies. The QD objective is to find a policy that maximizes f for every
possible output of m. However, the embedding formed by m is continuous, so the embedding space is discretized into a
tessellation of M cells. The QD objective then becomes to maximize Zf\il £(6;), where 6, is a policy whose measures

m(6;) fall in cell 4 of the tesselation.

QD algorithms originated with NSLC [[145] [146]] and MAP-Elites 169, 49]. While these early QD algorithms
built on genetic algorithms, modern QD algorithms incorporate optimization techniques like evolution strategies [77,
44| 142], gradient ascent [[73} [72]], and differential evolution [38]]. Several works have applied QD optimization to
generative design [[105}83]], procedural content generation [95}61}|135]], robot manipulation [[165]], and reinforcement

learning [[175}239].
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4.2.3 Differentiable Quality Diversity

The Differentiable Quality Diversity (DQD) [[73|] algorithm Covariance Matrix Adaptation Map Elites via Gradient
Arborescence (CMA-MEGA) considers the first-order QD problem where the objective and measure functions are
differentiable, with gradients w.r.t. policy parameters represented as V f = % and Vm = [%, e %]. CMA-
MEGA maintains a search policy Ty, in policy parameter space (6, € R¥) corresponding to some cell in the archive
given by the measures < m1 (7, ), ..., mx(7g,) >, and a search distribution in objective-measure gradient coefficient
space maintained by CMA-ES [108]], a zeroth-order optimizer that optimizes the coefficient distribution to produce
coefficient vectors that point in the direction of greatest archive improvement. At a high level, CMA-MEGA branches
off policies from the search policy in order to locally fill the archive, and then steps the search policy to new, unexplored
regions of the archive. During the branching step, the gradients < V f, Vm >y and \ gradient coefficient vectors
< €y ey C 1,00y < €,y >y sampled from the CMA-ES search distribution ¢; ~ N (p,Y) € R*¥*! are
combined via the dot product i.e. < Vf,Vm >4, -¢1,... to produce local gradients V1, ...,V around the search
policy. Applying the gradients to the search policy gives us A branched policies 7y, , ..., 79, . The new policies can
then be ranked by how much they improve the archive, i.e., f(mg,) — f(ma,,,), % € [1, A], where mg_,, is the incumbent
policy in the archive corresponding to the same cell as mg,. Branched policies that map to new, unexplored cells in the
archive have f(my,,,) set to some minimum threshold. This implicitly biases the ranking towards the exploration of new,
unvisited cells. This ranking is given to CMA-ES, which internally performs an update that steps the search distribution
in the direction of the natural gradient w.r.t. greatest archive improvement. CMA-ES returns weights w1, ..., wy such
that Vep =< wi,...,wx > - < Vy,..., V) > is the natural gradient in parameter space. This weighted linear

recombination of the branching gradients is then used to step the search policy in the direction of greatest archive

improvement 8, < 0, + o'V ssep.

The current state-of-the-art DQD algorithm, Covariance Matrix Adaptation Map Annealing via Gradient Arbores-
cence (CMA-MAEGA) [[72]], introduced the concept of soft archives to CMA-MEGA. Instead of maintaining the best
policy in each cell, the archive maintains a threshold ¢, and updates the threshold by ¢, < (1 — a)t. + o f (7p,) when a
new policy 7y, crosses the threshold of its cell e. The hyperparameter 0 < o < 1, referred to as the archive learning

rate, controls how much time is spent optimizing a region of the archive before exploring a new region. Soft archives
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have many theoretical and practical benefits discussed in prior work [[72]. Our proposed PPGA algorithm builds directly

on CMA-MAEGA.

4.2.4 Quality Diversity Reinforcement Learning

Unlike the standard DQD formulation in which the analytical gradients of f and m can be computed, the QD-RL setting
considers MDPs in which these functions are non-differentiable and must be approximated with model-free RL. The
gradient approximations of f and m can be used to improve the performance and diversity of agents in an archive.
QD-RL methods can be roughly divided into two subgroups. The first set of approaches directly optimizes over the
entire archive by sampling existing policies in the archive and applying operations to the policies’ parameters that either
improve their performance or diversity. For example, PGA-ME [175] collects experience from evaluated agents into a
replay buffer and uses TD3 to derive a policy gradient that improves the performance of randomly sampled agents from
the archive, while using genetic variation [[249] on the same set of agents to improve diversity and fill new, unexplored
cells. Similarly, QDPG [|186] derives a policy and diversity gradient using TD3 and applies these operators to randomly
sampled agents in the archive.

Whereas the first family of QD-RL algorithms simultaneously search the behavioral embedding in many different
regions at once, the second family uses the DQD formulation i.e., maintains a single search policy that explores new
local regions one at a time using objective-measure gradient approximations. In prior work [239]], the authors considered
objective gradient approximations via TD3 and OpenAlI-ES, while approximating the measure function gradients with
OpenAlI-ES. In this work, we notice the unique on-policy nature of DQD algorithms and present a novel formulation

that exploits their synergy with PPO.

4.3 Proposed Method: The Proximal Policy Gradient Arborescence Algorithm

We begin with the DQD algorithm CMA-MAEGA as our foundation. The algorithm can be roughly divided into three
phases: (1) computing the objective-measure gradients for the branching phase, (2) providing the relative ranking of

each branched policy w.r.t. the QD objective to CMA-ES, and (3) stepping the search policy in the direction of greatest

archive improvement. [Sec. 4.3.1|and[Sec. 4.3.2|focus on enabling RL optimization for phase one, [Sec. 4.3.3|explores
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Figure 4.2: PPGA estimates V f, Vm with PPO. We randomly sample gradient coefficients ¢ and perform weighted
linear recombination of the objective-measure gradients with ¢ as the weights. This produces a population of gradients
that, in turn, result in a population of branched policies. The policies are evaluated and inserted into the archive. xNES
adapts the gradient coefficient distribution based on these insertions towards maximal archive improvement. The new
mean of the coefficient distribution is used to walk the search policy towards a new, potentially unexplored region of the
archive.

the connection between CMA-ES and NES and how this can improve training stability in phase two, and [Sec. 4.3.4]

describes our method for walking the search policy with PPO in phase three.

4.3.1 Markovian Measure Proxies

QD problems often contain non-Markovian measure functions. For robot locomotion tasks, the standard measure
function is the proportional foot contact time with the ground m;(6) = Z?:o d;(s¢) foreach leg i,7 = 1...k, where
the Kronecker delta J;(s;) indicates whether the i’th leg is in contact with the ground or not in state s;, and 7 is
the episode length. However, this measure function is defined on a trajectory (i.e., the whole episode), making it
non-Markovian and thus preventing us from using RL to estimate its gradient. To solve this issue, we introduce the
notion of a Markovian Measure Proxy (MMP), which is a surrogate function that obeys the Markov property and has
a positive correlation with the original measure function. For locomotion tasks, we can construct an MMP by simply
removing the dependency on the trajectory and making the original measure function state-dependent, i.e., setting it to

be 6;(s¢). We can then use the exact same MDP as the standard RL formulation and replace the reward function with

5i(8t)-
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4.3.2 Policy Gradients for Differentiable Quality Diversity Optimization

PPO is an attractive choice as our objective-measure gradient estimator because of its ability to scale with additional
parallel environments. Being an approximate trust region method, the constrained policy update step provides some
robustness to noisy and non-stationary objectives. This is particularly important in the QD-RL setting, where the
QD-objective is highly non-stationary — that is, the QD-objective changes with the state of the archive, which is updated

on each QD iteration.

We treat the RL objective and K MMPs, each one optimized by an actor-critic pair, as reward functions to optimize.
Rather than spawning a new PPO instance with a separate actor and critic network for the RL objective f and each
MMP §;(s;) independently, we start with a single actor 7y, (a|s) parameterized by the policy parameters 6,, of the
current search policy, and k£ + 1 value functions Vg, Viss ..., Vi 5~ The actor is replicated k + 1 times, each one
paired with a corresponding value function. The actors are combined into a single vectorized policy 7 _, [RTLECN (als)
that jointly optimizes < f,d1(s¢), ..., 01(s¢) > for Nj iterations, where N is a configurable hyperparameter. We
additionally modify the computation of the policy gradient into a batched policy gradient method, where intermediate
gradient estimates of each function w.r.t. policy params only flow back to the parameters corresponding to respective
individual policies during minibatch gradient descent. After N; iterations, we separate the vectorized policy, giving
a set of subpolicies with optimized parameters g, (als), ..., 7o, (a[s) that perform better w.r.t. their objectives. In
the case of measure functions where m;(-) is the proportion foot contact time of the i'th leg, m; (o, ,,,) > mi(m,)
i.e. the resulting policy will have a higher proportion foot contact time over the starting policy after optimization.

Subtracting the initial parameters (6,,) from each resulting policy gives us the desired objective-measure Jacobian

[%, ggi s %}, which can be linearly recombined in various ways to branch policies from 6,,.

In addition to the VPPO implementation, we introduce the option to make the learnable action standard deviation
parameter static. In the typical case, PPO decays this parameter over time in order to converge to a quasi-deterministic
optimal policy at the expense of further exploration. In some environments, narrowing the action distribution can indeed
help promote consistent optimal performance. In other environments, this effect can hinder the QD algorithm’s ability
to branch policies into new cells, given that the outer QD optimization loop relies on gradient estimates produced by

PPO to discover unexplored regions of the archive. In environments where we observe this negative effect, we disable

gradient flow to the action standard deviation parameter.
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Finally, in order to address environmental uncertainty, we insert new policies based on their performance and
behavior averaged over 10 parallel environments. We leverage GPU acceleration to quickly batch process many parallel

environments over a population of branched policies.

4.3.3 Connection to Natural Evolution Strategies

We replace CMA-ES with a Natural Evolution Strategy (NES) to increase the stability and performance of CMA-
MAEGA on noisy RL environments. CMA-based variants of PPGA diverged during training. Prior work [[171]]
showed that CMA-ES struggled to evolve deep neural network controllers with dimensionality R? on stochastic RL
environments. However, CMA-MAEGA uses CMA-ES to maintain search distribution in objective-measure gradient
coefficient space R**! << R?, where k + 1 can be as small as three dimensions, implying that CMA-ES should still
be effective in this low-dimensional space. It was then puzzling to find consistent divergence during the training of
our CMA-based algorithm. We hypothesize that the culprit is the cumulative step-size adaptation (CSA) mechanism
employed by CMA-ES. CMA-ES uses evolution paths p,(,g) to adapt the step size 0(9) between successive generations
(). The mechanisms by which ¢(9) are updated assume a fairly non-noisy and stationary objective f. However, the
application of CMA-ES to QD optimization on stochastic RL environments presumes the exact opposite. That is, the
RL objective fry, is very noisy, and the QD-objective fop = ¢g(frr(-)), which is a function of the RL objective, is
highly non-stationary, since the state of the archive A changes the direction of greatest archive improvement on every
iteration. To address the training divergence, we propose using exponential evolution strategies (XNES) [90]], a more
recent and theoretically well-motivated method, as a drop in replacement for CMA-ES. Prior works have shown strong
links between xXNES and CMA-ES, and generalize both methods as instances of natural evolution strategies [4},90]]. In
fact, the update step in XNES is equivalent to CMA-ES up to the use of evolution paths. We refer to these prior works
for an in-depth comparison. More generally, we believe any natural evolution strategy can be used to maintain and

update the search distribution over gradient coefficients in this and any prior CMA-based DQD method.

4.3.4 Walking the Search Policy

In standard DQD, V ., is computed via weighted linear recombination to produce a gradient vector that steps the

search policy in the least explored direction of the archive. However, the resulting gradient vector is a linearized

59



Algorithm 6: Proximal Policy Gradient Arborescence

Input: Initial policy 6y, VPPO instance to approximate V f, Vm and move the search policy, number of QD
iterations Ng, number of VPPO iterations to estimate the objective-measure functions and gradients
N1, number of VPPO iterations to move the search policy N2, branching population size A,
and an initial step size for xXNES o

Initialize the search policy 8,, = 6. Initialize NES parameters 1, ¥ = 04/
for iter <— 1 to N do
£,V f,m,Vm < VPPO.compute_jacobian(d,, f(-),m(-), Ny)
V f < normalize(V f), Vin < normalize(Vm)
_ < update _archive(f,,, f,m)
fori <+ 1to Ado
¢ ~ N (u, X) // sample gradient coefficients
Vi <+ Covf + Z?:l chmj
0, < 0, +V;
1'%, m/ % < rollout(6),)
A; + update_archive(6;, f',m’)
end for
rank gradient coefficients V; by archive improvement A,
Adapt xXNES parameters p = 1/, ¥ = ¥/ based on improvement ranking A;
f1(0u) =cuof + Z?:l cu,jM;, Where ¢, = i’ // construct multi-objective reward function
0, = VPPO.train(0,, f', N2) // standard PPO training procedure
if there is no change in the archive then
Restart xNES with 1 = 0, = 01
Set 6, to a randomly selected existing cell 6; from the archive
end if
end for

approximation around the current search policy 6, and thus cannot be reused to take multiple gradient steps in a
non-convex optimization problem. It would be remiss not to leverage the highly-parallelized VPPO implementation
to “walk” the search policy over many steps in the direction of greatest archive improvement. We make the key
observation that the mean gradient coefficient vector ¢, of the updated search distribution maintained by xNES points
in the direction of greatest archive improvement for the next iteration of the QD algorithm. Thus, we construct a new
multi-objective reward function for VPPO to optimize by taking the dot product between the gradient coefficient vector
and the objective and measure proxies < ¢y, ..., €y, > - < f,01,...,0; >. Optimizing this function with VPPO
allows us to walk the search policy ¢, in the direction of greatest archive improvement by iteratively taking conservative
steps, where the magnitude of the movement is controllable by hyperparameter Ns. This objective is stationary for all

Nj steps, and is only updated after the subsequent QD iteration. We provide a diagram of our method in and

pseudocode in|Algorithm 6| [Algorithm 7| and [Algorithm 8|
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Algorithm 7: Update Archive
Input: Solution 6 to insert, episodic reward f, measures m =< mq, ..., my, >, archive A,
archive learning rate o
Oinc, fine = A[lm] if A[m] is nonempty else None, 0 // incumbent policy
A, =0
if f > fin. then
insert 6 into cell A[m]
finc <~ (1 - Oé)finc + Oéf

Ai = f - finc
end if
return A\;

Algorithm 8: Vectorized-PPO (VPPO)

Input: Initial search policy 7p,, objective functions to optimize £ = f1(-), ..., fx(+),
number of VPPO iterations /N, number of parallel environments E, rollout length L

Initialize the vectorized agent vy, = vectorized_agent([mg] x (k + 1))

for iter < 1 to N1 do
(S, A, R, S”) < rollout(vectorized_agent, F, L, f) // Note that S = {51, ..., S}, etc
advantage A, returns G < batch_calculate_rewards(S, A, R, S’, f)
vy’ < batch_gradient_descent(A, G, vry) // using the stochastic policy gradient
Vg < VT g/

end for

VI« V7T9/ — VT,

return Vf

4.4 Experiments

We evaluate our algorithm on four different continuous-control locomotion tasks derived from the original Mujoco
environments [242]: Ant, Walker2d, Half-Cheetah, and Humanoid. The standard objective in each task is to maximize
forward progress and robot stability while minimizing energy consumption. We use the Brax simulator to leverage
GPU acceleration and massive parallelization of the environments. The observation space sizes for these environments
are 87, 17, 18, and 227, respectively, and the action space sizes are 8, 6, 6, and 17, respectively. The standard Brax
environments are augmented with wrappers that determine the measures of an agent in any given rollout as implemented
in QDax [150], where the number of measures of an agent is equivalent to the number of legs. The measure function
is the number of times a leg contacts the ground divided by the length of the trajectory. We implement PPGA in
pyribs [238]], with our VPPO implementation based on CleanRL’s implementation of PPO [117]]. Most experiments
were run on a SLURM cluster where each job had access to an NVIDIA RTX 2080Ti GPUs, 4 cores from a Intel(R)
Xeon(R) Gold 6154 3.00GHz CPU, and 108GB of RAM. Some additional experiments and ablations were run on local

workstations with access to an NVIDIA RTX 3090, AMD Ryzen 7900x 12 core CPU, and 64GB of RAM.

61



Table 4.1: List of relevant hyperparameters for PPGA shared across all environments.

HYPERPARAMETER VALUE

ACTOR NETWORK [128, 128, ACTION DIM]
CRITIC NETWORK [256, 256, 1]

Ny 10

Ny 10

PPO NUM MINIBATCHES 8

PPO NUM EPOCHS 4

OBSERVATION NORMALIZATION TRUE

REWARD NORMALIZATION TRUE

ROLLOUT LENGTH 128

4.4.1 Comparisons

We compare our results to current state-of-the-art QD-RL algorithms: Policy Gradient Assisted MAP-Elites (PGA-ME),
Quality Diversity Policy Gradient (QDPG) implemented in QDax [[150], and CMA-MAEGA (TD3, ES) implemented
in pyribs [238]]. We also compare against the state-of-the-art ES-based QD-RL algorithm, separable CMA-MAE
(sep-CMA-MAE) [240], which allows evolutionary QD techniques to scale up to larger neural networks. Finally, in
order to verify our hypothesis on the emergent synergy between PPO and DQD, we provide an ablation where TD3 is
used as a drop-in replacement for PPO in PPGA, which we will refer to as TD3GA going forward. The same archive
resolutions and network architectures are used for all baselines. A full list of shared hyperparameters is in[Table 4.1]
We use an archive learning rate of 0.1, 0.15, 0.1, and 1.0 on Humanoid, Walker2d, Ant, and Half-Cheetah, respectively.
Adaptive standard deviation is enabled for Ant and Humanoid. We reset the action distribution standard deviation to 1.0
on each iteration in all other environments.

We conduct our experiments using the following criteria: QD-score, which is the sum of scores of all nonempty
cells in the archive, and coverage, which is the percentage of nonempty cells in the archive, have been historically used
by QD algorithms to measure performance and diversity respectively, and so we include them as metrics. However,
these metrics have a number of edge cases that make them imperfect measures of performance and diversity. For
example, an algorithm that fills 100% of the archive with low-performing policies can have a higher QD-score and
coverage than a QD algorithm that fills fewer cells with high-performing policies. To more accurately represent the
performance and diversity of a given algorithm, we additionally include plots of the Complementary Cumulative

Distribution Function (CCDF), originally presented in [248]], which shows what percentage of policies in the archive
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Figure 4.3: 2D Archive visualizations of PPGA compared to the current state-of-the-art QD-RL algorithm PGA-ME.
We use 50x50 archives to show detail.

achieve a reward of R or greater for all possible values of R on the z-axis. The CCDF attempts to capture notions
of quality of policies in the archive and diversity, while also shedding light on how the policies are distributed w.r.t.
performance. Finally, we include the best reward metric, denoting the highest-performing policy the algorithm was

able to discover.

Figures 4.3 and [d.4] show that PPGA outperforms baselines in best reward and QD-score, achieving comparable
coverage scores on all tasks except Ant, and generating much more illuminated archive heatmaps with a diverse range
of higher performing policies than the current state of the art, PGA-ME. Notably, PPGA is the only algorithm that
solves Humanoid, achieving over 4x improvement in best-performing policy and QD score compared to baselines.
More important than QD-Score and Coverage are the CCDF plots. At z = 0, all policies in the archive are included,
i.e., x = 0 encapsulates the coverage score. CCDF plots provide a better representation of “quality” than QD-score,
since we can see how the policies in the archive are distributed. Except for Ant, PPGA produces distributions where

more of the mass is distributed to the right where the high-performing policies lie.

In Figure[4.5] we find evidence that PPO has an important synergy with DQD that is perhaps missing in other RL
algorithms. TD3GA fails to find high performing policies on Humanoid. Achieving 100% coverage is indicative of

the step size o in XNES exploding and producing highly stochastic policies that, by chance, land in far away cells.
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Figure 4.4: QD metrics and cumulative distributions for archives of PPGA and the baselines. The CCDF plots in the
last row indicate the percentage of archive policies above a certain objective threshold. All plots show the mean over
four seeds with a 95% bootstrapped confidence interval.

This typically occurs when xXNES cannot fit a covariance matrix to the data, which in this case are weighted linear

combinations of V f, Vm produced by TD3.

4.4.2 Post-Hoc Archive Analysis

QD algorithms are known to struggle with reproducing performance and behavior in stochastic environments. To
determine the replicability of our agents, we follow the guidelines of prior work [67]. We re-evaluate each agent
in the archive 50 times and average its performance and measures to construct a Corrected Archive and use this to
produce Corrected QD metrics such as QD-Score and Coverage. shows the corrected QD metrics and the

corrected CCDPFs, respectively. After re-evaluation, PPGA maintains the lead in best reward on all tasks, QD-score on
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Figure 4.5: PPGA vs TD3GA on Humanoid on the standard QD metrics. All plots are averaged over 4 seeds. The

shaded regions are the 95% bootstrapped confidence intervals.
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Figure 4.6: Corrected CCDFs and Corrected QD metrics: QD-Score, Coverage, Best Reward
four seeds with error bars showing a 95% bootstrapped confidence interval.

. Results are averaged over

Humanoid and Ant, and Coverage on Humanoid. The CCDF plots of the Corrected Archives show PPGA producing

better distributions of policies on all tasks but Ant, suggesting PPGA’s policies are robust to stochasticity.

4.5 Discussion and Limitations

We present a new method, PPGA, which is one of the first QD-RL methods to leverage on-policy RL, the first to solve

the challenging Humanoid task, and the first to achieve equivalent performance in best reward compared to standard

RL on all domains. We show that DQD algorithms and on-policy RL have emergent synergies that make them work

particularly well with each other. However, instead of simply combining DQD and on-policy RL as is, we re-examine

the fundamental assumptions and mechanisms of each component and implement changes that maximize their synergies.
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There are some caveats with this approach. On-policy RL algorithms such as PPO are quite sample-inefficient and
require many parallel environments per agent in order to compute the stochastic policy gradient. Although GPU
acceleration and massive parallelism improve wall-clock convergence over off-policy RL, this makes our approach
less sample-efficient than other off-policy QD-RL methods. Secondly, enabling PPO’s adaptive standard deviation
parameter (which is true by default for PPO) can have detrimental effects on PPGA’s exploration capabilities, as made
evident by the coverage score on Ant. This is mainly due to the fact that PPO favors collapsing the standard deviation to
achieve higher average returns. In the future, we will investigate modifying the standard deviation parameter such that
it dynamically shrinks or increases the standard deviation value based on the QD-optimization landscape as opposed to
the RL one. Finally, we are interested to see how this method scales to even more data-rich regimes such as distributed
settings, as well as its application to harder problems such as real robotics tasks. We leave these as potential avenues of

future research.
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Chapter 5

Quality Diversity for Long Evaluation Times

5.1 Introduction

We present an efficient method of automatically generating a collection of environments that elicit diverse agent
behaviors. As a motivating example, consider deploying a robot agent at scale in a variety of home environments. The
robot should generalize by performing robustly not only in test homes, but in any end user’s home. To validate agent
generalization, the test environments should have good coverage for the robot agent. However, obtaining such coverage
may be difficult, as the generated environments would depend on the application domain, e.g. kitchen or living room,
and on the specific agent we want to test, since different agents exhibit different behaviors.

To enable generalization of autonomous agents to new environments with differing levels of complexity, previous
work on open-ended learning [256] |257] has integrated the environment generation and the agent training processes.
The interplay between the two processes acts as a natural curriculum for the agents to learn robust skills that generalize
to new, unseen environments [55} 181} |56]. The performance of these agents has been evaluated either in environments
from the training distribution [256,[257,|56] or in suites of manually authored environments [55} 122} [181]].

As a step towards testing generalizable agents, there has been increasing interest in competitions [|148},|106] that
require agents to generalize to new game layouts. Despite the recent progress of deep learning agents in fixed game
domains, e.g. in Chess [223]], Go [222], Starcraft [252]], and Poker [163}29]], it has been rule-based agents that have
succeeded in these competitions [106]. Such competitions also rely on manually authored game levels as a test set,

handcrafted by a human designer.

*Work co-led by Varun Bhatt and Matthew C. Fontaine in the ICAROS Lab.
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While manually authored environments are important for standardized testing, creating these environments can be
tedious and time-consuming. Additionally, manually authored test suites are often insufficient for eliciting the diverse
range of possible agent behaviors. Instead, we would like an interactive test set that proposes an environment, observes
the agent’s performance and behavior, and then proposes new environments that diversify the agent behaviors, based on

what the system has learned from previous execution traces of the agent.

To address collecting environments with diverse agent behaviors, prior work frames the problem as a quality
diversity (QD) problem [74,(75,/71]. A QD problem consists of an objective function, e.g. whether the agent can solve
the environment, and measure functions, e.g. how long the agent takes to complete their task. The measure functions
quantify the behavior we would like to vary in the agent, allowing practitioners to specify the case coverage they would
like to see in the domain they are testing. While QD algorithms can generate diverse collections of environments, they
require a large number of environment evaluations to produce the collection, and each of these evaluations requires

multiple time-consuming simulated executions of potentially stochastic agent policies.

We study how deep surrogate models that predict agent performance can accelerate the generation of environments
that are diverse in agent behaviors. We draw upon insights from model-based quality diversity algorithms that have
been previously shown to improve sample efficiency in design optimization [83]] and Hearthstone deckbuilding [267].
Environments present a much more complex prediction task because the evaluation of environments involves simulating
stochastic agent policies, and small changes in the environment may result in large changes in the emergent agent

behaviors [231]].

We make the following contributions: (1) We propose the use of deep surrogate models to predict agent performance
in new environments. Our algorithm, Deep Surrogate Assisted Generation of Environments (DSAGE) (Fig. 5.1)),
integrates deep surrogate models into quality diversity optimization to efficiently generate diverse environments. (2) We
show in two benchmark domains from previous work, a Maze domain [55}|181]] with a trained ACCEL agent [[181] and a
Mario domain [[125,[75[]] with an A* agent [|15]], that DSAGE outperforms state-of-the-art QD algorithms in discovering
diverse agent behaviors. (3) We show with ablation studies that training the surrogate model with ancillary agent
behavior data and downsampling a subset of solutions from the surrogate archive results in substantial improvements in

performance, compared to the surrogate models of previous work [267].
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Figure 5.1: An overview of the Deep Surrogate Assisted Generation of Environments (DSAGE) algorithm. The
algorithm begins by generating and evaluating random environments to initialize the dataset and the surrogate model
(not shown in the figure). An archive of solutions is generated by exploiting a deep surrogate model (blue arrows)
with a QD optimizer, e.g., CMA-ME [77]]. A subset of solutions from this archive are chosen by downsampling and
evaluated by generating the corresponding environment and simulating an agent (red arrows). The surrogate model is

then trained on the data from the simulations ( ). While the images show Mario levels, the algorithm
structure is similar for mazes.

5.2 Problem Definition

Quality diversity (QD) optimization. We adopt the QD problem definition from previous work [73]. A QD
optimization problem specifies an objective function f : R™ — R and a joint measure function m : R” — R™. For
each element s € S, where S C R™ is the range of the measure function, the QD goal is to find a solution 8 € R™ such

that m(0) = s and f(0) is maximized.

Since the range of the measure function can be continuous, we restrict ourselves to algorithms from the MAP-Elites

family 169]| that discretize this space into a finite number of M cells. A solution 8 is mapped to a cell based
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on its measure m(0). The solutions that occupy cells form an archive of solutions. Our goal is to find solutions

0;,i € {1, ..., M} that maximize the objective f for all cells in the measure space.
M
0, 5.1
max Z; £(6)) CRY

The computed sum in is defined as the QD-score [190]], where empty cells have an objective value of 0. A
second metric of the performance of a QD algorithm is coverage of the measure space, defined as the proportion of
cells that are filled in by solutions: % Zf\; 1p,.

QD for environment generation. We assume a single agent acting in an environment parameterized by 8 € R". The
environment parameters can be locations of different objects or latent variables that are passed as inputs to a generative
model [92]@ A QD algorithm generates new solutions 6 and evaluates them by simulating the agent on the environment
parameterized by 6. The evaluation returns an objective value f and measure values m. The QD algorithm attempts to

generate environments that maximize f but are diverse with respect to the measures m.

5.3 Background and Related Work

Quality diversity (QD) optimization. QD optimization originated in the genetic algorithm community with diversity
optimization [145]], the predecessor to QD. Later work introduced objectives to diversity optimization and resulted in
the first QD algorithms: Novelty Search with Local Competition [[146] and MAP-Elites [[169} 49]. The QD community
has grown beyond its genetic algorithm roots, with algorithms being proposed based on gradient ascent [73]], Bayesian
optimization [[130], differential evolution [|38]], and evolution strategies [77, {44, 42[]. QD algorithms have applications in
damage recovery in robotics [49], reinforcement learning [239} 175, |186], and generative design [83} |104]].

Among the QD algorithms, those of particular interest to us are the model-based ones. Current model-based [|12,
161]] QD algorithms either (1) learn a surrogate model of the objective and measure functions [83} 105} 32], e.g. a
Gaussian process or neural network, (2) learn a generative model of the representation parameters [84} [195], or (3) draw
inspiration from model-based RL [129, [152]. In particular, Deep Surrogate Assisted MAP-Elites (DSA-ME) [267]]

trains a deep surrogate model on a diverse dataset of solutions generated by MAP-Elites and then leverages the model

For consistency with the generative model literature, we use z instead of @ when denoting latent vectors
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to guide MAP-Elites. However, DSA-ME has only been applied to Hearthstone deck building, a simpler prediction
problem than predicting agent behavior in generated environments. Additionally, DSA-ME is specific to MAP-Elites
only and cannot run other QD algorithms to exploit the surrogate model. Furthermore, DSA-ME is restricted to direct

search and cannot integrate generative models to generate environments that match a provided dataset.

Automatic environment generation. Automatic environment generation algorithms have been proposed in a variety of
fields. Methods between multiple communities often share generation techniques, but differ in how each community

applies the generation algorithms.

For example, in the procedural content generation (PCG) field [217], an environment generator produces video game
levels that result in player enjoyment. Since diversity of player experience and game mechanics is valued in games,
many level generation systems incorporate QD optimization [95, 75|61} 135} 230,213} |208|]. The procedural content
generation via machine learning (PCGML) [233] |153] subfield studies environment generators that incorporate machine
learning techniques such as Markov Chains [226]], probabilistic graphical models [[101]], LSTMs [232]], generative
models [253} 89} 245, [209]], and reinforcement learning [[134},60|]. Prior work [[126] has leveraged surrogate models

trained on offline data to accelerate search-based PCG [244].

Environment generation methods have also been proposed by the scenario generation community in robotics.
Early work explored automated methods for generating road layouts, vehicle arrangements, and vehicle behaviors
for testing autonomous vehicles [[10} [172} 2| (197 87, |203}, |80]. Outside of autonomous vehicles, prior work [269]
evaluates robot motion planning algorithms by generating environments that target specific motion planning behaviors.
In human-robot interaction, QD algorithms have been applied as environment generators to find failures in shared

autonomy systems [71]] and human-aware planners tested in the collaborative Overcooked domain [[74]]

Environment generation can also help improve the generality of RL agents. Prior work proposes directly applying
PCG level generation algorithms to improve the robustness of RL [[196] [124] or to benchmark RL agents [41]]. Paired
Open-ended Trailblazer (POET) [256, 257|] coevolves a population of both agents and environments to discover
specialized agents that solve complex tasks. POET inspired a variety of open-ended coevolution algorithms [82} 23, 57}
56]. Later work proposes the PAIRED [55]], PLR [[123}[122], and ACCEL [181]] algorithms that train a single generally
capable agent by maximizing the regret between a pair of agents. These methods generate environments in parallel with

an agent to create an automatic training curriculum. However, the authors validate these methods on human-designed

71



environments [[137]]. Our work proposes a method that automatically generates valid environments that reveal diverse

behaviors of these more general RL agents.

5.4 Deep Surrogate Assisted Generation of Environments (DSAGE)

Algorithm. We propose the Deep Surrogate Assisted Generation of Environments (DSAGE) algorithm for discovering
environments that elicit diverse agent behaviors. Akin to the MAP-Elites family of QD algorithms, DSAGE maintains a
ground-truth archive where solutions are stored based on their ground-truth evaluations. Simultaneously, DSAGE also
trains and exploits a deep surrogate model for predicting the behavior of a fixed agent in new environments. The QD
optimization occurs in three phases that take place in an outer loop: model exploitation, agent simulation, and model

improvement (Fig. 5.1). [Algorithm 9| provides the pseudocode for the DSAGE algorithm.

The model exploitation phase (lines[IOH17) is an inner loop that leverages existing QD optimization algorithms and
the predictions of the deep surrogate model to build an archive — referred to as the surrogate archive — of solutions. The
first step of this phase is to query a list of B candidate solutions through the QD algorithm’s ask method. These solutions
are environment parameters, e.g., latent vectors of a GAN, which are passed through the environment generator, e.g., a
GAN, to create an environment (line[I4). Next, we make predictions with the surrogate model. The surrogate model first
predicts data representing the agent’s behavior, e.g., the probability of occupying each discretized tile in the environment
(line[15), referred to as “ancillary agent behavior data” (y). The predicted ancillary agent behavior data () then guides
the surrogate model’s downstream prediction of the objective ( f ) and the measure values (1) (line . Finally, the QD
algorithm’s fell method adds the solution to the surrogate archive based on the predicted objective and measure values.

Note that since DSAGE is independent of the QD algorithm, the ask and fell methods abstract out the QD algorithm’s
details. For example, when the QD algorithm is MAP-Elites or CMA-ME, fell adds solutions if the cell in the measure
space that they belong to is empty or if the existing solution in that cell has a lower objective. For CMA-ME, tell also
includes updating internal CMA-ES parameters.

The agent simulation phase (lines inserts a subset of solutions from the surrogate archive into the ground-
truth archive. This phase begins by selecting the subset of solutions from the surrogate archive (line[I8). The selected
solutions are evaluated by generating the corresponding environment (line and simulating a fixed agent to obtain the

true objective and measure values, as well as ancillary agent behavior data (line 21)). Evaluation data is appended to
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Algorithm 9: Deep Surrogate Assisted Generation of Environments (DSAGE)

Input: N: Maximum number of evaluations, 1,,,4: Number of initial random solutions, N, pii:: Number of
iterations in the model exploitation phase, B: Batch size for the model exploitation QD optimizer

Output: Final version of the ground-truth archive Ag;

1 Initialize the ground-truth archive A, the dataset D, and the deep surrogate model sm

2 © < generate_random_solutions(n.qnq)

3 for 6 € © do

4 env < g(0)

5 f,m,y < evaluate(env)

6 D+ DU, f,m,y)

7 Ay < add_solution(Ag, (0, f,m))

8 evals < Nyand

9 while evals < N do

10 Initialize a QD optimizer gd with the surrogate archive Agyrrogate )

11 foritr € {1,2,..., Negploit} do

12 O < gd.ask(B)

13 for 6 € © do

14 env < g(0) > Model Exploitation
15 4 < sm.predict_ancillary(env)

16 f ,m < sm.predict(env, 3)

17 qd.tell(@, f,m)

18 © < select_solutions(Asurrogate) 3

19 for 6 € © do

20 env < g(0)

21 f,m,y < evaluate(env) \ Agent Simulation
22 D« DU, f,m,y)

23 Agi < add_solution(Ag, (0, f, m))

24 evals + evals + 1

25 sm.train(D) 5

the dataset, and solutions that improve their corresponding cell in the ground-truth archive are added to that archive
(lines 22} 23).

In the model improvement phase (line[25), the surrogate model is trained in a self-supervised manner through the

supervision provided by the agent simulations and the ancillary agent behavior data.

The algorithm is initialized by generating random solutions and simulating the agent in the corresponding environ-
ments (lines [2}{7). Subsequently, every outer iteration (lines [O25) consists of model exploitation followed by agent

simulation and ending with model improvement.

Self-supervised prediction of ancillary agent behavior data. By default, a surrogate model directly predicts the
objective and measure values based on the initial state of the environment and the agent (provided in the form of

a one-hot encoded image). However, we anticipate that direct prediction will be challenging in some domains, as
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it requires understanding the agent’s trajectory in the environment. Thus, we provide additional supervision to the

surrogate model in DSAGE via a two-stage self-supervised process.

First, a deep neural network predicts ancillary agent behavior data. In our work, we obtain this data by recording
the expected number of times the agent visits each discretized tile in the environment, resulting in an “occupancy grid.”
We then concatenate the predicted ancillary information, i.e., the predicted occupancy grid, with the one-hot encoded
image of the environment and pass them through another deep neural network to obtain the predicted objective and
measure values. We use CNNs for both predictors. As a baseline, we compare our model with a CNN that directly

predicts the objective and measure values without the help of ancillary data.

Downsampling to select solutions from the surrogate archive. After the model exploitation phase, the surrogate
archive is populated with solutions that were predicted to be high-performing and diverse. Hence, a basic selection
mechanism (line@) would select all solutions from the surrogate archive, identical to DSA-ME [267]]. However, if
the surrogate archive is overly populated, full selection may result in a large number of ground-truth evaluations per
outer-loop iteration, leading to fewer outer loops and less surrogate model training. To balance the trade-off between
evaluating solutions from the surrogate archive and training the surrogate model, we only select a subset of solutions
for evaluation by downsampling the surrogate archive. Downsampling uniformly divides the surrogate archive into

sub-regions of cells and selects a random solution from each area.

5.5 Domains

We test our algorithms in two benchmark domains from prior work: a Maze domain [[37,|55|181]] with a trained ACCEL
agent [181] and a Mario domain [243] |75]] with an A* agent [15]. We select these domains because, despite their
relative simplicity (each environment is represented as a 2D grid of tiles), agents in these environments exhibit complex

and diverse behaviors.

In the Maze domain, we directly search for different mazes, with the QD algorithm returning the layout of the maze.
In the Mario domain, we search for latent codes that are passed through a pre-trained GAN, similar to the corresponding

previous work.
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We select the objective and measure functions as described below. Since the agent or the environment dynamics are
stochastic in each domain, we average the objective and measure values over 50 episodes in the Maze domain and 5

episodes in the Mario domain.

Maze. We set a binary objective function f that is 1 if the generated environment is solvable and 0 otherwise, indicating
the validity of the environment. Since we wish to generate visually diverse levels that offer a range of difficulty level
for the agent, we select as measures (1) number of wall cells (range: [0, 256]), and (2) mean agent path length (range:
[0, 648], where 648 indicates a failure to reach the goal).

Mario. Since we wish to generate playable levels, we set the objective as the completion rate, i.e., the proportion of the
level that the agent completes before dying. We additionally want to generate environments that result in qualitatively
different agent behaviors, thus we selected as measures: (1) sky files, the number of tiles of a certain type that are in the
top half of the 2D grid (range: [0, 150)), (2) number of jumps, the number of times that the A* agent jumps during its

execution (range: [0, 100]).

5.6 Experiments

5.6.1 Experiment Design

Independent variables. In each domain (Maze and Mario), we follow a between-groups design, where the independent

variable is the algorithm. We test the following algorithms:

DSAGE: The proposed algorithm that includes predicting ancillary agent behavior data and downsampling the
surrogate archive (Sec. 5.4)).

DSAGE-Only Anc: The proposed algorithm with ancillary data prediction and no downsampling, i.e., selecting all

solutions from the surrogate archive.
DSAGE-Only Down: The proposed algorithm with downsampling and no ancillary data prediction.

DSAGE Basic: The basic version of the proposed algorithm that selects all solutions from the surrogate archive and

does not predict ancillary data.
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Baseline QD: The QD algorithm without surrogate assistance. We follow previous work [[75]] and use CMA-ME
for the Mario domain. Since CMA-ME operates only in continuous spaces, we use MAP-Elites in the discrete Maze
domain.

Domain Randomization (DR) [121} 1202} 241|]: Algorithm that generates and evaluates random solutions, i.e., wall
locations in the maze domain and the latent code to pass through the GAN in the Mario domain.

Dependent variables. We measure the quality and diversity of the solutions with the QD-score metric [190](Eq. 5.).
As an additional metric of diversity, we also report the archive coverage. We run each algorithm for 5 trials in each
domain.

Hypothesis. We hypothesize that DSAGE will result in a better QD-score than DSAGE Basic in all domains, which in
turn will result in better performance than the baseline QD algorithm. DSAGE, DSAGE Basic, and the baseline QD
algorithm will all exceed DR. We base this hypothesis on previous work [[169, 71]] which shows that QD algorithms
outperform random sampling in a variety of domains, as well as previous work [[83}/267]] which shows that surrogate-
assisted MAP-Elites outperforms standard MAP-Elites in design optimization and Hearthstone domains. Furthermore,
we expect that the additional supervision through ancillary agent behavior data and downsampling will result in DSAGE

performing significantly better than DSAGE Basic.

5.6.2 Analysis

[Fig. 5.2]summarizes the results obtained by the six algorithms on the Maze and the Mario domains.

One-way ANOVA tests showed a significant effect of the algorithm on the QD-score for the Maze (F(5,24) =
430.98,p < 0.001) and Mario (F'(5,24) = 238.09, p < 0.001) domains.

Post-hoc pairwise comparisons with Bonferroni corrections showed that DSAGE outperformed DSAGE Basic,
Baseline QD, and DR in both the Maze and the Mario domains (p < 0.001). Additionally, DSAGE Basic outperformed
MAP-Elites and DR in the Maze domain (p < 0.001), while it performed significantly worse than the QD counterpart,
CMA-ME, in the Mario domain (p = 0.003). Finally, Baseline QD outperformed DR in both the Maze and Mario
domains (p < 0.001).

These results show that deep surrogate assisted generation of environments results in significant improvements

compared to quality diversity algorithms without surrogate assistance. They also show that adding ancillary agent
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Figure 5.2: QD-score and archive coverage attained by baseline QD algorithms and DSAGE in the Maze and Mario
domains over 5 trials. Tables and plots show mean and standard error of the mean.

behavior data and downsampling is important in both domains. Without these components, DSAGE Basic has limited
or no improvement compared to the QD algorithm without surrogate assistance. Additionally, domain randomization
is significantly worse than DSAGE as well as the baselines. The archive coverage and consequently the QD-score is

negligible in the Mario domain since randomly sampled latent codes led to little diversity in the levels.

shows another metric of the speed-up provided by DSAGE: the number of evaluations (agent simulations)
required to reach a fixed QD-score. We set this fixed QD-score to be 10480.8 in the Maze domain and 1306.11 in
the Mario domain, which are the mean QD-scores of MAP-Elites and DSAGE Basic, respectively, in those domains.

DSAGE reaches these QD-scores faster than the baselines do.

To assess the quality of the trained surrogate model, we create a combined dataset consisting of data from one run
of each surrogate assisted algorithm. We use this dataset to evaluate the surrogate models trained from separate runs of
DSAGE and its variants. shows the mean absolute error (MAE) of the predictions by the surrogate models.
The model learned by DSAGE Basic fails to predict the agent-based measures well. It has an MAE of 157.69 for the
mean agent path length in Maze and MAE = 10.71 for the number of jumps in Mario. In contrast, the model learned by
DSAGE makes more accurate predictions, with MAE = 96.58 for mean agent path length and MAE = 7.16 for number

of jumps.
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Table 5.1: Number of evaluations required to reach a QD-score of 10480.8 in the Maze domain and 1306.11 in the
Mario domain.

(a) Maze (b) Mario
Algorithm Evaluations Algorithm Evaluations
DSAGE 33,930.40 + 1,411.04 DSAGE 2,464.40 + 356.36
DSAGE-Only Anc 51,919.60 + 8,254.24 DSAGE-Only Anc 7,727.40 + 1,433.33
DSAGE-Only Down 42,816.60 £+ 691.38 DSAGE-Only Down 2,768.60 + 586.34
DSAGE Basic 85,328.60 + 2,947.24 DSAGE Basic 10,000
MAP-Elites 100,000 CMA-ME 5,760.00 + 516.14

Table 5.2: Mean absolute error of the objective and measure predictions by the surrogate models.

Maze Mario
Algorithm Objective I\i}:lllﬁg;?sf Mean Agent Path Objective I\;lgltﬁ;ezf Number of
MAE MAE Length MAE MAE MAE Jumps MAE
DSAGE 0.03 0.37 96.58 0.10 1.10 7.16
DSAGE-Only Anc 0.04 0.96 95.14 0.20 1.11 9.97
DSAGE-Only Down 0.10 0.95 151.50 0.11 0.87 6.52
DSAGE Basic 0.18 5.48 157.69 0.20 2.16 10.71

5.6.3 Ablation Study

describes two key components of DSAGE: (1) self-supervised prediction of ancillary agent behavior data, and
(2) downsampling to select solutions from the surrogate archive. We perform an ablation study by treating the inclusion
of ancillary data prediction (ancillary data / no ancillary data) and the method of selecting solutions from the surrogate
archive (downsampling / full selection) as independent variables. A two-way ANOVA for each domain showed no
significant interaction effects. We perform a main effects analysis for each independent variable.
Inclusion of ancillary data prediction. A main effects analysis for the inclusion of ancillary data prediction showed that
algorithms that predict ancillary agent behavior data (DSAGE, DSAGE-Only Anc) performed significantly better than
their counterparts with no ancillary data prediction (DSAGE-Only Down, DSAGE Basic) in both domains (p < 0.001).
shows that predicting ancillary agent behavior data also resulted in a larger mean coverage for Maze, while
it has little or no improvement for Mario. Additionally, as shown in predicting ancillary agent behavior data
helped improve the prediction of the mean agent path length in the Maze domain but provided little improvement to
the prediction of the number of jumps in the Mario domain. The reason is that in the Maze domain, the mean agent
path length is a scaled version of the sum of the agent’s tile occupancy frequency, hence the two-stage process which

predicts the occupancy grid first is essential for improving the accuracy of the model. On the other hand, the presence
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of a jump in Mario depends not only on cell occupancy, but also on the structure of the level and the sequence of the

occupied cells.

Method of selecting solutions from the surrogate archive. A main effects analysis for the method of selecting
solutions from the surrogate archive showed that the algorithms with downsampling (DSAGE, DSAGE-Only Down)
performed significantly better than their counterparts with no downsampling (DSAGE-Only Anc, DSAGE Basic) in

both domains (p < 0.001).

A major advantage of downsampling is that it decreases the number of ground-truth evaluations in each outer
iteration. Thus, for a fixed evaluation budget, downsampling results in a greater number of outer iterations. For
instance, in the Maze domain, runs without downsampling had only 6-7 outer iterations, while runs with downsampling
had approximately 220 outer iterations. More outer iterations leads to more training and thus higher accuracy of the

surrogate model. In turn, a more accurate surrogate model will generate a better surrogate archive in the inner loop.

We ran an ablation to test between two possible explanations for why having more outer iterations helps with
performance: (1) larger number of training epochs, (2) more updates to the dataset allowing the surrogate model to
iteratively correct its own errors. We observed that iterative correction accounted for most of the performance increase

with downsampling.

The second advantage of downsampling is that it selects solutions evenly from all regions of the measure space,
thus creating a more balanced dataset. This helps train the surrogate model in parts of the measure space that are not
frequently visited. We compared against an algorithm that selects a subset of solutions uniformly at random from the
surrogate archive instead of downsampling. We observe that downsampling has a slight advantage over uniform random

sampling in the Maze domain.

Furthermore, if instead of downsampling we sampled multiple solutions from nearby regions of the surrogate
archive, the prediction errors could cause the solutions to collapse to a single cell in the ground-truth archive, resulting

in many solutions being discarded.

Overall, our ablation study shows that both predicting the occupancy grid as ancillary data and downsampling the

surrogate archive independently help improve the performance of DSAGE.
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Figure 5.3: Archive and levels generated by DSAGE in the Maze domain. The agent’s initial position is shown as an
orange triangle, while the goal is a green square.
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Figure 5.4: Archive and levels generated by DSAGE in the Mario domain. Each level shows the path Mario takes,
starting on the left of the level and finishing on the right.

5.6.4 Qualitative Results

[Fig. 5.3|and [Fig. 5.4 show example environments generated by DSAGE in the Maze and Mario domains.

Having the mean agent path length as a measure in the Maze domain results in environments of varying difficulty
for the ACCEL agent. For instance, we observe that the environment in[Fig.5.3|a) has very few walls, yet the ACCEL
agent gets stuck in the top half of the maze and is unable to find the goal within the allotted time. On the other hand, the
environment in[Fig. 5.3d) is cluttered and there are multiple dead-ends, yet the ACCEL agent is able to reach the goal.

[Fig. 5.4 shows that the generated environments result in qualitatively diverse behaviors for the Mario agent too.
Level (b) only has a few sky tiles and is mostly flat, resulting in a small number of jumps. Level (c) has a “staircase

trap” on the right side, forcing the agent to perform continuous jumps to escape and complete the level.
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5.7 Societal Impacts

By introducing surrogate models into quality diversity algorithms, we can efficiently generate environments that result
in diverse agent behaviors. While we focused on an RL agent in a Maze domain and a symbolic agent in a Mario game
domain, our method can be applied to a variety of agents and domains. This can help with testing the robustness of
agents, attaining insights about their behavior, and discovering edge cases before real-world deployment. Furthermore,
we anticipate that in the future, closing the loop between environment generation and agent training can improve the
ability of agents to generalize to new settings and thus increase their widespread use.

Our work may also have negative impacts. Training agents in diverse environments can be considered as a step
towards open-ended evolution [228]], which raises concerns about the predictability and safety of the emergent agent
behaviors [[62,|115]]. Discovering corner cases that result in unwanted behaviors or catastrophic failures may also be

used maliciously to reveal vulnerabilities in deployed agents [[200].

5.8 Limitations and Future Work

Automatic environment generation is a rapidly growing research area with a wide range of applications, including
designing video game levels [217,233] [153]], training and testing autonomous agents [[196, 41}, 256/ |55, [181]], and
discovering failures in human-robot interaction [[71} |75]. We introduce the DSAGE algorithm, which efficiently
generates a diverse collection of environments via deep surrogate models of agent behavior.

Our work has several limitations. First, occupancy grid prediction does not encode temporal information about the
agent. While this prediction allows us to avoid the compounding error problem of model-based RL [262], forgoing
temporal information makes it harder to predict some behaviors, such as the number of jumps in Mario. We will explore
this trade-off in future work.

Furthermore, we have studied 2D domains where a single ground-truth evaluation lasts between a few seconds and
a few minutes. We are excited about the use of surrogate models to predict the performance of agents in more complex

domains with expensive, high-fidelity simulations [261].
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Chapter 6

Quality Diversity for High-Dimensional Measures

6.1 Introduction

We present a method that enhances exploration in quality diversity (QD) optimization and show how this method enables
new applications for QD. QD [[190] is a branch of stochastic optimization that seeks to find diverse, high-performing
solutions to a problem, with applications like robotics [[169]], generative modeling [58]], and LLM red-teaming [206]. To
illustrate, consider searching for “a photo of a hiker.” By itself, this problem is ambiguous since hikers vary widely
in appearance, depending on, for instance, where they are hiking and the time of year. If we run a single-objective
optimization algorithm like Adam [136] or CMA-ES [108]], the image we find would optimize the objective f of “a
photo of a hiker,” but the hiker could take on one of many different appearances. In contrast, QD [[190]] can manage the
ambiguity by searching for an archive (set) of images that both optimize the objective f and diversify along the outputs

of a measure function m.

Prior work [[190] typically hand-designs m to output low-dimensional (<10D) vectors. To illustrate, our measure
function could output two measures: the hiker’s age and the temperature for which they are dressed. Then, our archive
would contain images like a younger hiker dressed for cold weather and an older hiker dressed for warm weather, as

well as all images in between.

One reason prior works focus on low-dimensional measures is that high-dimensional measure spaces are prone
to distortion, where many solutions (images) map to a small region of measure space (i.e., the solutions have similar

measures). For example, it may be easy to search for images of hikers in warm weather, while hikers in cold weather
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Figure 6.1: (a): One failure mode of CMA-MAE. On a flat objective f, solutions €7 and 0 fall in the same archive cell
based on their measures, resulting in identical discount values from the discount function f 4. (b): In our proposed DMS,
the discount model provides a smooth discount function that assigns distinct discount values to 8, and -, showing
that 0, has greater archive improvement than 81 (Ay > A;) and thus providing a stronger signal to guide search. (c):
Number of unique cells where solutions sampled by CMA-MAE land in two benchmarks (mean over 20 trials; .

are hard to find. Although distortion exists in low-dimensional measure spaces [73, [77], it is more prominent in

high-dimensional measure spaces because there are exponentially larger volumes to which solutions can map (Sec. 6.4).

We propose to scale to high-dimensional measure spaces by addressing the effects of distortion in Covariance
Matrix Adaptation MAP-Annealing (CMA-MAE) [72], a state-of-the-art black-box QD algorithm. To fill the archive
of solutions, CMA-MAE searches for solutions € that maximize archive improvement, defined as A(6) = f(6) —
fa(m(0)), where f(0) is the solution’s objective value and f4 is a discount function that returns scalar discount
values based on the solution’s measures m(6). CMA-MAE represents f4 as a histogram by tessellating the measure
space into cells and storing a scalar value in each cell. In domains with high distortion, particularly domains with
high-dimensional measures, solutions with similar measures fall into the same cell. As a result, CMA-MAE incorrectly
assigns these solutions the same discount value, which creates inaccurate improvement values that cause the search to

stagnate (F1g. 6.1a)).

Our key insight is that a smooth, continuous representation of the discount function will enhance exploration in
high-dimensional measure spaces. As such, we propose Discount Model Search (DMS), where a smooth discount
model accurately assigns distinct discount values to solutions even when distortion causes them to have similar measures
(Fig. 6.1b)). The discount values guide DMS to explore the measure space and discover solutions long after CMA-MAE

would stagnate.
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Figure 6.2: In the LSI (Hiker) domain, the objective is “A photo of the face of a hiker,” and the measure space is the
space of images. We specify desired measures with landscape images from LHQ [225]. Thus, DMS finds images
depicting what a hiker might look like in each landscape: hikers in thick jackets for the mountains or lighter clothing for
the beach, and even a baby bundled up for the snow. Each hiker is shown to the left of their corresponding landscape.

We show that by scaling to high-dimensional measure spaces, DMS facilitates new capabilities for QD. For example,
it can be challenging to design a low-dimensional measure function to describe “where the hiker is located,” as locations
vary widely from beaches to mountains to forests. In general, creating measure functions can be tedious and unintuitive
— similar to objective functions [224} [144], the design of the measure function vastly affects the quality of solutions
produced [189]. In contrast, consider that by defining the measures as age and temperature in our earlier example,
we essentially specified a 2D grid of (age, temperature) points for which we sought images of hikers. If we treat the
high-dimensional space of images (e.g., 256 x 256 x 3 RGB vectors) as the measure space, we can replace the 2D
points with images, i.e., we can easily specify “where the hiker is located” by providing a dataset of landscape images
(Fig. 6.2)). Thus, by scaling to high-dimensional measure spaces, we believe DMS makes QD more accessible: it

enables specifying measures via datasets, which can alleviate the need for manual measure function design and enable

specifying new types of measures. We refer to this setup as Quality Diversity with Datasets of Measures (QDDM).

Our contributions are as follows: (1) We propose Discount Model Search (DMS), which improves exploration in
high-dimensional measure spaces by searching over a smooth representation of the discount function (Sec. 6.3)). (2)
We benchmark DMS on standard QD domains (Sec. 6.6.1)), showing it outperforms CMA-MAE and other black-box
QD algorithms (Sec. 6.7). (3) We propose the QDDM setting and introduce two QDDM domains where images form
the measure space (Sec. 6.6.2)), showing that DMS also outperforms existing algorithms in these domains (Sec. 6.7).
Overall, given the ubiquity of datasets in machine learning, we are excited for applications that can be framed as QDDM

problems and tackled with DMS.
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6.2 Problem Formulation

As formulated in prior work [73]], black-box quality diversity (QD) optimization considers a scalar-valued objective
function f : R® — R and a vector-valued measure function m : R" — R¥. Both functions take as input a solution
60 € R”, and m outputs k measures. The image of m forms the measure space S. The QD objective is to find, for
every s € S, a solution 6 such that m(0) = s and f(0) is maximized. As stated, this QD objective requires infinite
memory since S is a continuous space. Hence, algorithms based on MAP-Elites [|169] discretize S into a tessellation
T of M cells, leading to a relaxed QD objective maxg, ,, Zf\il £(8;). Each solution 6, has measures located in the

region of measure space indicated by cell 7 in T", and the set of solutions 61y is referred to as an archive A.

6.3 Background

Our work builds on several black-box QD algorithms.

MAP-Elites [169] produces a “grid archive” where the tessellation 7" divides the measure space into a grid of axis-
aligned (hyper-)rectangles. Each cell in the archive stores one solution. Each iteration, MAP-Elites selects an archive
solution 6, mutates it to create a new solution €', and adds €’ to the archive. As 6’ is added, it is assigned to a cell
e based on its measure values. @’ replaces the solution in cell e if it has a higher objective value. In this manner,
MAP-Elites retains elites, i.e., the best solution found in each cell. We consider a version of MAP-Elites that mutates
solutions by adding isotropic Gaussian noise, i.€., new solutions are created as 8’ < 0 + oA (0, I).

Since grid archives require exponentially more memory in high-dimensional measure spaces, prior work [248]]
proposes defining the tessellation 7" as a centroidal Voronoi tessellation (CVT), where a number of centroids (e.g.,
10,000) divide the measure space into equally-sized Voronoi cells. We use these CVT archives in our experiments in
high-dimensional measure spaces.

MAP-Elites (line) [249] augments MAP-Elites with the Iso+LineDD operator, which leverages correlations between
solutions in the archive by generating new solutions as 8’ < 01 + o1 N'(0,I) + 0o N(0,I)(05 — 61). 61 and 65 are
sampled from the archive.

Covariance Matrix Adaptation MAP-Annealing (CMA-MAE) [72] is a state-of-the-art black-box QD algorithm that

integrates the CMA-ES [108]] optimizer into MAP-Elites to directly optimize the QD objective (Sec. 6.2). CMA-MAE
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maintains a CMA-ES instance that samples solutions 8; from a Gaussian distribution A/(6*, 3). Each solution 6; is
evaluated and added to the archive. For each 8;, CMA-MAE computes an improvement value /\; that represents how
much 8; improves the archive. The ranking of the improvement values enables the CMA-ES instance to update the
distribution parameters * and X in the direction of greatest archive improvement; thus, CMA-ES continues to sample
solutions that improve the archive in future iterations. This update causes CMA-ES to optimize the QD objective.

Multiple CMA-ES instances may operate in parallel, with each instance referred to as an emitter.

The improvement value in CMA-MAE is defined as A(0) = f(6) — fa(m(0)), where f4 : R* — R is a discount
function. CMA-MAE represents f4 as a histogram in measure space by associating a discount value with each cell e.
In CMA-MAE’s predecessor, CMA-ME [77]], the discount value is the objective value of the solution 6, currently in
the cell, i.e., f(6.). When a new solution is added to cell e, the discount value is updated to the objective of the new

solution. As in MAP-Elites, a new solution can only replace the cell solution . if it has a higher objective value.

CMA-MAE builds on the insight that CMA-ME’s discount values can cause the search to quickly leave areas of
the archive that require further optimization of the objective [239]. For example, consider if the maximum objective
attainable for a cell e is 100, and CMA-ME finds a solution with objective 90. Future solutions that land in e garner
little improvement since the discount value associated with cell e is now f(6,), which is 90. Even a solution 8 with
objective f(0) = 100 only receives an improvement of 100 — 90 = 10. Thus, CMA-ME immediately searches for
solutions in other areas of the archive that offer higher improvement values. In contrast, to continue optimizing for
solutions that land in cell e, CMA-MAE sets the discount value to an acceptance threshold t., rather than the objective
value of the solution in the cell. t. is initialized to a minimum value f,,;,. As a new solution 8’ enters cell e, ¢,
is updated as t. < (1 — a)t. + af(0'), where 0 < « < 1 is an archive learning rate that controls how quickly ¢,
updates. Consider a cell e with t, = f,,;, = 0. Given a = 0.1, a solution with objective f(6') = 90 updates t. as
te < (1 —0.1) x0+4 0.1 %90 = 9. A new solution in e with objective 100 would receive improvement 100 — 9 = 81,

so CMA-MAE still receives high improvement for discovering solutions in cell e.

Notably, when o« = 1.0, CMA-MAE focuses on exploration and is equivalent to CMA-ME, since ¢, will always be
set to the objective value of new solutions. When oo = 0.0, CMA-MAE performs single-objective optimization because
t. will be constant, so the improvement only considers the objective, i.e., A(@) = f(0) — C. Thus, adjusting the

learning rate v enables smoothly balancing between optimization of the objective and exploration of the measure space.
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Density Descent Search (DDS) [142]] removes the discount function from CMA-MAE and introduces a kernel density
estimator (KDE) that models the density of previously discovered solutions in measure space. Instead of archive
improvement, DDS ranks solutions by the KDE’s density estimates, prioritizing solutions in areas of low density. The
KDE provides a smoother signal than CMA-MAE’s discrete histogram, enabling DDS to excel at exploring measure
spaces. However, since the KDE does not consider the objective, DDS does not optimize the objective, making it
a diversity optimization algorithm, i.e., it only searches for solutions with diverse measures. Nevertheless, we draw

inspiration from how the smooth signal in DDS enhances exploration.

6.4 Understanding Distortion in High-Dimensional Measure Spaces

Distortion in QD refers to when large areas of solution space map to a small region of measure space [[72]. When
CMA-MAE encounters distortion, the solutions it samples land in fewer archive cells since they have similar measures.
shows one scenario where solutions that land in the same cell interfere with CMA-MAE’s improvement
mechanism. On a flat (constant) objective like the one in the figure, CMA-MAE’s histogram represents how often it
has visited each area of measure space, and the improvement ranking guides it towards areas that it has not visited
before. For instance, Cell 3 has the lowest discount value among the three cells since it has not been explored yet,
so the direction of greatest archive improvement is to generate solutions that land in Cell 3. However, since €, and
65 both land in Cell 2, they have the same discount value. Since they also have the same constant objective, they
receive the same improvement value (A; = As). Hence, CMA-MAE cannot identify the direction of greatest archive

improvement.

In we present an experiment that illustrates how distortion causes solutions to land in the same cell,
which activates failures like the one above. We run CMA-MAE in the 2D and 10D LP (Sphere) benchmarks, which
are designed to exhibit distortion (Sec. 6.6.1). 2D and 10D indicate the measure space dimensionality. We plot the
number of unique archive cells where solutions sampled by CMA-MAE land according to their measures; CMA-MAE
samples 540 solutions per iteration. The plot shows that in both benchmarks, CMA-MAE begins searching in areas of
low distortion, as many solutions land in unique cells. Over time, solutions more often land in the same cell (i.e., the

number of unique cells goes down), indicating CMA-MAE has reached areas with higher distortion.
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While low-dimensional measure spaces can exhibit distortion [142]], our experiment shows how higher dimensions
can amplify its effects. To elaborate, in[Fig. 6.1c| the number of unique cells falls to only 30 in the higher-dimensional
10D LP (Sphere). In part, this occurs because although both the 2D and 10D benchmarks have archives with 10,000
cells, the cells in the 10D domain are exponentially larger by nature of being higher-dimensional. As such, there is a
larger area of measure space where solutions sampled by CMA-MAE can fall and still be assigned the same discount
value, leading to inaccurate improvement values that stall the search.

Since large cells can amplify the effects of distortion, prior work [72] suggests increasing the archive resolution
(i.e., adding more cells), albeit only in a 2D measure space. With higher resolution, cells are smaller, so solutions with
similar measures can still fall in different cells and receive different discount values. However, this approach entails
large amounts of memory, and this amount grows exponentially with measure space dimensionality. Since increasing
the archive resolution effectively makes the histogram closer to a continuous function, we propose to eliminate the

histogram entirely and instead search with a continuous representation of the discount function.

6.5 Discount Model Search

To improve exploration in domains with distorted, high-dimensional measure spaces, we propose Discount Model
Search (DMS). DMS trains a discount model to provide a smooth, continuous representation of the discount function.
The key insight of DMS is that such a representation provides distinct discount values and hence improvement values,
even when solutions have similar measures, making it easier to guide search towards solutions that improve the archive.
For example, in[Fig. 6.1b] the higher improvement A, correctly indicates that generating solutions in the direction of 65
would create greater archive improvement, as such solutions would land in Cell 3, which currently has a low discount
value. Below we describe DMS’s components, with pseudocode shown in[Algorithm T0}

Archive and Emitters. DMS maintains a MAP-Elites-style archive that retains the best solutions found (line [T4}{I6),
and CMA-ES-based [108]] emitters that optimize for archive improvement. Unlike CMA-MAE, DMS does not store
discount or threshold values in the archive.

Discount Model. The primary component of DMS is its discount model, which approximates the true discount function
fa : RF — R. The discount model is a neural network f A(+; 1) parameterized by 1. It takes measures as input and

outputs scalar discount values. While alternative models like kernel-based methods [36] are feasible, we select neural
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Algorithm 10: Discount Model Search (DMS)
1 Discount Model Search (eval, 8y, N, W, X, 0, Ninit, @, Nempty, fmin):

Input: eval function that computes objective f and measures m, initial solution 6, iterations N, num.
emitters W, batch size A, initial step size o, initial training points n;,,;;, archive learning rate c,
num. empty points nempty, Minimum objective frin

Result: Generates N W ) solutions, storing elites in an archive A

2 Initialize empty archive 4; discount model f 'A(+; %) with parameters

3 Sample 1, cells from A and regress f A to output f,,;, at the centers of these cells

4 Initialize W emitters, each with mean 8* < 6, covariance 3 +— o1, internal parameters p

5 for iter +— 1..N do

6 Dy 11 // Dataset of measures and discount value targets.
7 for Emitter 1 .. Emitter W do

8 fori < 1..\do

9 0, ~ N(6*,%)

10 £(8;),m(6;) + eval(6;)

11 A; — f(6;) = fa(m(6))) // Compute improvement based on discount model.
12 Compute t4 ; with where s = m(0;)

13 D 4.append((m(6;),t4;

14 e < calculate_archive_cell(A, m(8;))

15 if f(6;) > f(6.) then

16 ‘ Replace 6. (the solution in cell e) with 6,

17 Rank 6, by A;

18 Adapt 8%, 3, p based on improvement ranking A;

19 if CMA-ES converges then

20 ‘ Restart emitter with 8* <— a random solution from A, ¥ < oI, new internal parameters p
21 Sample 7.¢mpey unoccupied cells ey . ., ., from archive A without replacement
22 Compute centers 81..n.,,,., Of cells €1, n,,..,
23 D a.extend((S1..nepmpey s frmin))
24 Regress f aonDy

networks because the inductive biases of their various architectures make them suitable for many types of measures.
For example, if the measures are low-dimensional vectors as is common in QD, an MLP (Multi-Layer Perceptron)
would suffice. If the measure space includes high-dimensional data like images or text, a convolutional network [[113]]

or transformer [250]] would be suitable.

DMS trains the discount model as follows. First, to reflect that the archive is initially empty, DMS regresses the
discount model to output the minimum objective f,,;, at the centers of n;,;; cells sampled from the archive (line . In
the main loop (line [5}j24), DMS regresses the discount model to match a dataset D 4 of input measure values s and
their corresponding discount value targets ¢ 4. The dataset entries (s, ¢ 4) come from two sources. The first source is
solutions sampled by the emitters (line[T2}{I3)). For each emitter solution @, DMS creates an entry with the solution’s

measure values s = m(60) and a target ¢ 4 that reproduces CMA-MAE’s threshold update rule (Sec. 6.3):
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ty = (6.1)

Here, if the objective value f(@) is worse than its discount value f4(s), t4 is set to the current discount value. If
the objective value exceeds the discount value, ¢ 4 is a linear combination between the objective value and the current
discount value, weighted by archive learning rate . Similar to CMA-MAE’s threshold update rule, this target aims to
slowly increase the discount values (and hence decrease the improvement values) in areas of the measure space that

DMS has explored, so that the emitters are required to find solutions in new areas of measure space.

The second source of data for D 4 is “empty points,” i.e., the centers of unoccupied archive cells. During preliminary
experiments, we noticed that updating the discount model caused it to change its outputs in areas of the measure space
that were not represented in the dataset D 4. In particular, in areas that had not been explored yet, the discount model
should have output the minimum objective f,,;,, but it instead output high arbitrary values. To prevent this issue by
“clamping down” the discount model in unexplored areas of the archive, we sample 7.,y unoccupied cells from the
archive (line . We then add the center of each cell to the dataset D 4, with an associated target of t 4 = f4, (line
. If there are fewer than n¢,y,¢, unoccupied archive cells, we select all such cells. Note that in the CVT archive,

the “center” of the cell is that cell’s centroid.

Summary. DMS performs two phases. First, it searches for solutions that improve the archive .4 by sampling solutions
with the emitters. Since the emitters contain CMA-ES instances, solutions are sampled from a Gaussian (line EI) As
DMS progresses, each emitter updates its Gaussian based on archive improvement rankings (line computed via
the discount model (line @ If CMA-ES converges, the emitters reset (line @]-@I) Second, DMS trains the discount
model f4, ensuring improvement values remain accurate. It collects the dataset D4 (line and regresses

f 4 to match these values (line . Thus, f 4 guides the emitters to fill a high-performing archive.
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6.6 Domains

We evaluate DMS on standard QD benchmarks and in a setting we refer to as Quality Diversity with Datasets of

Measures (QDDM).

6.6.1 Benchmarks

Linear Projection (LP) [77]] benchmarks distortion by creating a measure function that projects the majority of an
n-dimensional solution space into the center of a k-dimensional measure space. We set n = 100 and instantiate LP with
the Sphere, Rastrigin, and Flat objectives. With the Flat objective [[142], which only outputs 1.0, LP becomes a diversity
optimization domain where solutions differ solely by their measures. We use six instantiations of LP, named by the
measure space dimensionality k and the objective function: 2D LP (Sphere), 10D LP (Sphere), 2D LP (Rastrigin),
10D LP (Rastrigin), 2D LP (Flat), 10D LP (Flat).

Arm Repertoire [249] is an inverse kinematics domain where solutions are joint angle configurations of a 2D planar
arm with n = 100 joints. The measure function outputs the 2D position of the arm’s end effector. The objective

indicates the variance of the n joint angles.

6.6.2 Quality Diversity with Datasets of Measures

We propose the QDDM setting, where instead of designing measure functions, a user provides a dataset indicating
their desired measure values. The defining feature of QDDM is that the user provides high-dimensional data, e.g.,
images, audio, or text, and the measure space S is the space of such data, e.g., S C RF=256%256x3=196,608 if the data are
256 x 256 x 3 RGB images.

Initially, it seems problematic to construct an archive for QDDM due to the high dimensionality of the measure
space. However, we adopt the manifold hypothesis [[66], i.e., the assumption that most high-dimensional data lie on a
low-dimensional manifold embedded within the high-dimensional space. We recognize that the distribution of measures
relevant to a user occupies only a small region of the overall measure space, and this distribution is reflected in the user’s
dataset. Hence, we propose to construct a CVT archive where the centroids are the points in the dataset. Here, the CVT
no longer uniformly partitions the measure space. Rather, it only partitions the small region of measure space desired

by the user and indicated in the dataset. However, the CVT archive introduces a new consideration for QDDM, viz., the

91



choice of distance function. To locate the cell where a solution belongs, CVT archives find the centroid closest to the
solution’s measures. While Euclidean distance is common here, it is not always ideal [[248]], which may be especially

true when the measures are as high-dimensional as images or text.

Triangle Arrangement (TA). We introduce two QDDM domains. First, TA builds on computational creativity
domains [237] and involves arranging a prespecified number of triangles to create images. A solution consists of the
vertices, brightness (we consider grayscale images), and alpha (transparency) of each triangle. A solution’s measure is
created by rendering the triangles as a raster image. We specify desired images (measures) by sampling 1000 images
from either MNIST [141]] or Fashion MNIST [263]], leading to two versions of this domain: TA (MNIST) and TA
(F-MNIST). Since the images in these datasets are 28 x 28, the measure space is 784-dimensional. Drawing from the
loss function in prior work [237]], we define the distance function as Euclidean distance, so each solution is placed in
the archive cell of the digit it most resembles. To make the triangle images resemble the MNIST images, we define the
objective as the negative (to facilitate maximization) mean squared error between the triangle image and the archive

centroid (MNIST image) to which it is assigned.

Latent Space Illumination (LSI). LSI entails exploring the latent space of a generative model to create images with
diverse measures. While prior work [75] considers LSI with low-dimensional measures, we consider LSI where the
measures are images. As described in[Sec. 6.1} we search for images of hikers in different landscapes. The solutions are
latent vectors (w-space, but not w™-space) of StyleGAN3 [[127]], with images of faces output by StyleGAN3 serving as
measures. Thus, the measure space is the space of 256 x 256 x 3 images. The desired measures are specified with
a dataset of 10,000 landscape images sampled from LHQ256 [225]). To associate hikers with landscapes in the CVT
archive, the distance function is the CLIP score [193]] between the face and landscape; CLIP score is more semantically
meaningful than Euclidean distance. The objective is the CLIP score between the face image and the prompt “A photo
of the face of a hiker.” We also add a regularizer loss [[72]] to penalize latent vectors that fall outside the StyleGAN3
training distribution, and similar to TA, we reward higher alignment between faces and landscapes by adding the CLIP

score between the face and the landscape to which it is assigned. We refer to this domain as LSI (Hiker).
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Table 6.1: Mean QD Score (“QD”) and Coverage (“Cov”) for each algorithm in each domain.

2D LP (Sphere) 10D LP (Sphere) 2D LP (Rastrigin) 10D LP (Rastrigin) 2D LP (Flat)
QD Cov QD Cov QD Cov QD Cov QD Cov

DMS 6,978.20 95.89% 6,409.50 89.21% 5,738.90 91.67% 5,138.81 88.19% 7,902.05 79.02%
CMA-MAE 6,327.90 80.95% 608.53 6.95% 5,258.59 80.14% 246.55 2.98% 5,675.90 56.76%
DDS 3,156.24 70.75% 4,237.72 60.07% 2,495.11 71.68% 3,331.70 59.54% 6,967.75 69.68%
MAP-Elites (line) 4,908.81 60.42% 2,570.74 29.20% 3,841.05 56.63% 2,001.76 28.04% 4,510.65 45.11%
MAP-Elites 4,163.41 50.76%  228.65 2.35% 3,172.59 48.21% 499.66  7.09% 4,327.00 43.27%

10D LP (Flat) Arm Repertoire TA (MNIST) TA (F-MNIST) LSI (Hiker)

QD Cov QD Cov QD Cov QD Cov QD Cov
DMS 7,982.15 79.82% 7,963.44 80.15% 951.56 99.84% 701.14 72.28% 21491 3.77%
CMA-MAE 1,554.90 15.55% 7,902.43 79.22% 954.27 99.48% 625.65 63.92% 14.61 1.56%
DDS 6,004.95 60.05% 5,568.23 80.24% — — — — — —
MAP-Elites (line) 757.75 7.58% 7,458.67 75.60% 945.60 98.86% 551.13 56.68% -51,827.44 7.49%
MAP-Elites 125.65 1.26% 7,411.10 75.42% 941.94 98.42% 513.13 52.68% -18,917.87 5.06%

6.7 Experiments

We evaluate DMS in low- and high-dimensional measure spaces through experiments in 7 benchmarks [2D LP (Sphere),
10D LP (Sphere), 2D LP (Rastrigin), 10D LP (Rastrigin), 2D LP (Flat), 10D LP (Flat), Arm Repertoire] and 3 QDDM
domains [TA (MNIST), TA (F-MNIST), LSI (Hiker)]. In each domain, we conduct a between-groups study with
the algorithm as the independent variable: besides DMS, we consider the black-box QD algorithms described in
CMA-MAE, DDS, MAP-Elites (line), and MAP-Elites. We consider two dependent variables. QD Score [190]]
represents overall performance by summing the objectives of all solutions in the archive, as is done in the QD objective
(Sec. 6.2). Coverage indicates how much of the measure space has been explored by computing the percentage of
archive cells that have a solution in them. Note that the objective is normalized to have a maximum value of 1 in
all domains. Our hypothesis is that DMS will outperform all other algorithms in both QD Score and Coverage. We

implement all algorithms with pyribs [238]; hyperparameters are in[Sec. 6.8

6.7.1 Analysis

summarizes the results from 20 trials in the benchmark domains and 5 trials in the QDDM domains.
shows sample images from DMS in LSI (Hiker). We could not run DDS in the QDDM domains due to the KDE’s
runtime, which grows linearly with measure space dimensionality. Visual inspection showed the results were normally
distributed, but Levene’s test showed most settings were non-homoscedastic. Thus, to analyze the results, we conducted
Welch’s one-way ANOVA in each domain for each dependent variable. All ANOVAs were significant (p < 0.001), so

we performed pairwise comparisons with the Games-Howell test. We additionally include the following results:
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« [Fig. 6.3|and[Fig. 6.4 show the mean and standard error of the mean of both dependent variables (QD Score and

Coverage), for all algorithms in all domains. The plots shows the values over 10,000 iterations, and the table
shows the final values. Note that since the objective is always 1.0 in the LP (Flat) domains, the QD Score and
Coverage differ by a factor of the number of cells in the archive, i.e., the QD Score is 10,000 times the Coverage.
In the plot for LSI (Hiker), the QD Score is initially negative since the algorithms receive a regularization penalty
due to generating images outside the training distribution of StyleGAN3. Neither MAP-Elites variant’s QD Score

is visible due to being large negative values.

» [Fig. 6.5]and [Fig. 6.6|show sample images from DMS in the TA (MNIST) and TA (F-MNIST) domains. Note that

by default, these domains render the triangles into a 28 x 28 image. However, since the triangles in each solution
form a vector graphic, they can be rendered at any resolution. Thus, for visualization purposes, we rendered them

at 280 x 280 resolution in these figures.

. shows heatmaps of a randomly selected archive of each algorithm, in domains with 2D measure spaces.
shows how the archive and discount model in DMS progresses over iterations in the 2D LP (Sphere)

benchmark. We include further descriptions and analyses of both of these figures in their captions.
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Figure 6.3: Mean and standard error of the mean for QD Score and Coverage of each algorithm in each domain.
Standard error may not be visible in some plots.
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Figure 6.4: Mean and standard error of the mean for QD Score and Coverage of each algorithm in each domain.
Standard error may not be visible in some plots.
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Figure 6.5: A random subset of images generated by DMS in the TA (MNIST) domain, where desired measures are
sampled from the MNIST dataset. The goal in this domain is to arrange triangles to look like the given MNIST digits.
Each rendered triangle image is shown to the left of its corresponding MNIST digit.

Figure 6.6: A random subset of images generated by DMS in the TA (F-MNIST) domain, where desired measures are
sampled from the Fashion MNIST dataset. The goal in this domain is to arrange triangles to look like the images of
fashion items. Each rendered triangle image is shown to the left of its corresponding fashion item.

97



256

— E—— O m—

256

DMS CMA-MAE DDS MAP-Elites (line) MAP-Elites
256
°
5
=
o
2
=]
—
a
Q
-256
—256 256 —256 256 —256 256 —256 256
DMS CMA-MAE MAP-Elites (line) MAP-Elites
256 pr—
2 _ 1
20
g e
3 P
=3
Ay
—
[a)
Q
256
256 256 256 256 256 256 256 256 256
DMS CMA-MAE DDS MAP-Elites (line) MAP-Elites
256
)
=
=]
-
a
a
—256
256 256 256 256 256 256 —256 256 256
DMS CMA-MAE DDS MAP-Elites (line) MAP-Elites
100
£
1}
=1
L
&
&~
<
—100
-100 100 -100 100 —100 100 —100 100 -100

100

0.8

0.6

0.4

0.2

0.0

0.8

0.6

0.4

0.2

0.0

0.8

0.6

0.4

0.2

0.0

Figure 6.7: Heatmaps of a randomly selected archive produced by each algorithm in domains with 2D measure spaces.
Each row contains heatmaps for a single domain. The axes of the heatmaps are the measures, while the color of each cell
indicates the objective value. Notably, the heatmaps show how DMS achieves high coverage of the measure space. They
also show how DDS achieves good coverage but cannot achieve high objective values since it is a diversity optimization

algorithm.
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Figure 6.8: Progression of the archive and discount model in DMS in the 2D LP (Sphere) benchmark. The left heatmap
shows the archive, while the right heatmap shows the discount model. To plot the discount model, we computed its
output at points in a 200 x 200 grid in measure space. The discount model heatmap also shows the dataset D4 of
points on a given iteration — blue circles indicates points created with solutions from the emitters, and yellow triangles
indicate empty points. On Iteration 0, the discount model initializes to output f,,;,, everywhere. On Iteration 250, as
the emitters begin to populate the archive, the discount model begins to output higher values in areas that have been
explored. However, unexplored areas still maintain low values (shown as dark colors) due to the empty points in the
dataset. On further iterations, the discount model outputs higher and higher values as the emitters populate the archive
further, until it outputs high values nearly everywhere on Iteration 10000.
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Figure 6.9: Similar to this figure shows how the archive and discount model in DMS progress across iterations.
However, this time, DMS does not train the discount model with any empty points, i.e., Nempty = 0. As aresult, the
discount model takes on arbitrary values in areas of the measure space that have not been explored yet, as evinced by
the high values across the discount model heatmap on Iteration 250 and 10000. Because the discount values are high
everywhere, the emitters in DMS mistakenly believe they have explored all areas of the measure space, even though the

archive is essentially empty.
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Benchmark Domains. In the benchmarks, DMS significantly outperformed all baselines in QD Score and Coverage,
except in Arm Repertoire, where DDS had significantly better coverage. The high performance on LP shows that DMS
better overcomes distortion than previous algorithms, as these domains are designed to benchmark distortion. Since
DDS is a diversity optimization algorithm, we expect it to achieve the best coverage in all domains, so it is surprising
that DMS outperforms it in almost all domains, even 2D and 10D LP (Flat), which are diversity optimization domains

where the objective is always 1.0.

TA Domains. In TA (MNIST), for both metrics, DMS significantly outperformed the two MAP-Elites algorithms, but
there was no significant difference with CMA-MAE. In TA (F-MNIST), DMS significantly outperformed all baselines
in both metrics. The coverage results in TA (MNIST) illustrate that not all QDDM domains exhibit high distortion —
low distortion is reflected in how all algorithms achieve nearly perfect coverage in TA (MNIST). We believe the high
coverage stems from how MNIST images are fairly similar in appearance. As such, an algorithm can fill the archive by
generating triangle images that differ only slightly from one another. TA (F-MNIST) seems more challenging, as no

algorithm achieves perfect coverage there.

On the other hand, the difficulty of TA (MNIST) seems to lie in optimization of the objective, as the difference in
QD Score between DMS/CMA-MAE and the two MAP-Elites algorithms is small yet statistically significant. This
property suggests a potential limitation of DMS. By nature of being a model, the discount model in DMS exhibits errors,
which we can imagine as adding noise to discount values. We speculate that in domains where objective optimization is
less important, the noise is small enough that improvement rankings remain unaffected. However, in a domain that
requires fine optimization of the objective like TA (MNIST), this noise interferes with improvement rankings, hindering
DMS. CMA-MAE maintains exact values in its histogram and would not have such noise, potentially explaining why

DMS does not outperform CMA-MAE’s QD Score here.

LSI (Hiker). The results in LSI (Hiker) highlight the difficulty of complex QDDM domains. Here, DMS significantly
outperformed CMA-MAE in both metrics, but there was no significant difference with the two MAP-Elites algorithms.
While DMS outperforms CMA-MAE, it covers only 3.77% of the archive, although this still represents 377 hiker
images. We note that the two MAP-Elites algorithms receive large negative QD Scores and high coverages by generating
latent vectors far outside the training distribution of StyleGAN3 and incurring large regularization losses. Similarly,

they exhibit high performance variance, so they have no significant difference with DMS.
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Ablation Study. We conducted an ablation study of the hyperparameters of DMS. We find that the archive learning rate
« behaves similarly as in CMA-MAE: intermediate values enable DMS to balance optimization of the objective and
exploration of the measure space, while o = 0 causes DMS to over-emphasize the objective. Meanwhile, the “empty
points” are necessary for training the discount model: removing them by setting n¢pmpty = 0 causes performance to
drop since the discount model takes on arbitrary values in areas of the measure space that have not been explored
(Fig. 6.9). In contrast, setting nempty = 10, 100, or 1000 resolves this issue by “clamping down” the discount model
(Fig. 6.8). Overall, our experimental results show how the discount model successfully guides optimization in DMS,

leading to high performance across domains with different measure spaces.

6.8 Hyperparameters

lists the hyperparameters of DMS and all baseline algorithms. All algorithms run for 10,000 iterations. The
number of solutions generated and evaluated on each iteration is equal across all algorithms. In DMS, CMA-MAE, and
DDS, this number is equivalent to the number of emitters W times the emitter batch size A. In the two MAP-Elites
algorithms, this number is equivalent to the batch size A. For DDS, we use the KDE version (“DDS-KDE”) [142]. In
all domains, the objective is normalized to be between O and 1, so the minimum objective f,,;, is set to 0. For the
benchmark domains, parameters for the baselines are adapted from prior work [72} |142].

Archive. In each domain, all algorithms use the same archive configuration. In benchmark domains, the archive has
10,000 cells, arranged as a 100 x 100 grid for domains with 2D measure spaces: 2D LP (Sphere), 2D LP (Rastrigin), 2D
LP (Flat), Arm Repertoire. The cells are arranged as a 10,000-cell CVT archive for domains with 10D measure spaces:
10D LP (Sphere), 10D LP (Rastrigin), 10D LP (Flat). In QDDM domains, the archive is a CVT archive consisting
of centroids sampled from the dataset. There are 1,000 cells in the archive for TA (MNIST) and TA (F-MNIST), and
10,000 cells in the archive for LSI (Hiker). The same CVT is used across all trials of all algorithms per domain (as
opposed to randomly regenerating the CVT every trial).

Restart Rule. The restart rule refers to the conditions upon which emitters are restarted from solutions in the archive.
“No Imp.” refers to restarting when the emitter no longer discovers solutions that are added to the archive (i.e., solutions
that improve the archive) [[77]]. “Basic” refers to restarting only when default CMA-ES [108] termination rules are met.

An integer value IR refers to restarting every R iterations [[72].
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Table 6.2: Hyperparameters.
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Q = a = Q = < £ &8 A4
DMS
Number of emitters W 15 15 15 15 15 15 15 5 5 1
Emitter batch size A 36 36 36 36 36 36 36 36 36 36
Initial step size o¢ 0.5 0.5 0.5 0.5 0.5 0.5 0.2 0.1 0.1 0.02
Archive learning rate 0.1 0.1 0.1 0.1 0.1 0.1 0.001 0.001 0.1 1.0
Restart rule Basic 100 Basic 100 Basic 100 Basic 50 50 Basic
Selection rule m m m m m m m m m m
Empty points nempty 100 100 100 100 100 100 100 100 100 100
Initial points 7int 1000 1000 1000 1000 1000 1000 1000 1000 1000 1000
CMA-MAE
Number of emitters W 15 15 15 15 15 15 15 5 5 1
Emitter batch size A 36 36 36 36 36 36 36 36 36 36
Initial step size og 0.5 0.5 0.5 0.5 0.5 0.5 0.2 0.1 0.1 0.02
Archive learning rate o~ 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.001 0.1 0.01
Restart rule Basic Basic Basic Basic Basic Basic Basic 50 50 Basic
Selection rule m m o m m m o m m w
DDS
Number of emitters W 15 15 15 15 15 15 15 —_ - —
Emitter batch size A 36 36 36 36 36 36 36 — —_ —
Initial step size oo 1.5 1.5 1.5 1.5 1.5 1.5 0.5 _ - —
Bandwidth h 25.6 5.12 25.6 5.12 25.6 5.12 10.0 —_ - —
Buffer size 10,000 10,000 10,000 10,000 10,000 10,000 10,000 — — —
Restart rule No Imp. No Imp. No Imp. NoImp. No Imp. No Imp. NoImp. — — —
Selection rule Filter Filter Filter Filter Filter Filter Filter — —_ —
MAP-Elites (line)
A (batch size) 540 540 540 540 540 540 540 180 180 36
o1 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.1 01 0.1
o2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 02 02 02
MAP-Elites
A (batch size) 540 540 540 540 540 540 540 180 180 36
o 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.1 0.1 0.1

Discount Model Architecture and Training. In all domains except for LSI (Hiker), the discount model is a three-
layer MLP with layer sizes [k, 128,128, 1], where k is the dimensionality of the measure space. In LST (Hiker), the
architecture differs slightly in that measures are embedded with CLIP [[193]] before being passed into a three-layer MLP
with layer sizes [512, 128,128, 1]. Beyond that, the details of all MLPs are identical. There is ReLU activation after
every layer except the output layer. Inputs to the network are normalized to the range [—1, 1] based on the bounds

of the feature space; in the case of images, these bounds are assumed to be [0, 1]. Networks are instantiated with the
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default PyTorch initialization. The discount models are trained with an Adam optimizer with settings of learning rate
a = 0.001 and B; = 0.9, B2 = 0.999. The loss function is mean squared error (MSE), and we train with a batch size of
32. Each iteration (including during the initial training of the model to output f,,;,), the model trains until an average
cutoff loss of at most 0.05 is reached over the whole dataset D 4, with a maximum of five epochs allowed. In practice,
we found that training almost always required only one epoch to reach a cutoff loss of 0.05. The optimizer is maintained

throughout the entire run.

6.9 Related Work

Quality Diversity Optimization. Applications of QD include robotics [49} 118, |165]], drug discovery [21,251], urban
planning [86], and finance [88]]. In computer vision, QD can create diverse images by exploring the latent space of
generative models, e.g., StyleGAN [128]] in our work and in [[73|], and Stable Diffusion [[198] in [58]. Such images can
form a synthetic dataset for debiasing downstream models [34]]. In reinforcement learning, QD can generate diverse
locomotion policies [[175} [186} |14} |33 |264]], and in red-teaming, QD can probe a large language model (LLM) to
produce harmful outputs [206].

Our work fits a growing trend of integrating models into QD. To accelerate evaluations, multiple works [[19} |18,
130,267, 83, [105] train surrogate models to approximate expensive objectives and/or measures. Others [96 97, [204]]
build models that guide the creation of new solutions, especially in reinforcement learning [239| [175] 186 |14} 33,
100]]. Furthermore, whereas DMS searches directly in the space of high-dimensional measures, several approaches [46|
180} {99, [158]] build models that compress high-dimensional measures into low-dimensional measures. Finally, as
discussed in we apply the manifold hypothesis [[66] in measure space when creating the archive in QDDM
domains. Prior work [249, 841 195} |114] applies the manifold hypothesis in solution space by searching over the elite
hypervolume, a low-dimensional manifold where the solutions to each QD problem are hypothesized to exist.

Related to our proposed QDDM setting, developing intuitive ways to specify measures of diversity is an active
research area in QD. For example, QD through AI Feedback (QDAIF) [26] evaluates measures by querying LLMs
for feedback, while the LSI domain in prior work [73]] computes the CLIP score between text prompts and generated
images. QD through Human Feedback (QDHF) 58] learns measures from human preferences via a contrastive loss.

Each method’s suitability depends on which user effort is easiest. For example, QDAIF excels when measures can be

104



conveniently specified to an LLM evaluator that outputs a vector of measures. Conversely, QDAIF can be limited by
the challenges of prompt engineering and the stochasticity of LLM outputs. Moreover, it may be difficult to create
vector-valued measures that elicit the desired diversity, like in LSI (Hiker), where QDDM makes it easy to specify
“where a hiker is located” with landscape images. A key distinction is that QDDM specifies desired measure values,
while the above methods all define measure functions. If an appropriate dataset does not exist, designing a measure
function may be more appropriate, since datasets require significant effort to curate. On the other hand, we believe
QDDM will be applicable in many problems since datasets are abundant in machine learning.

Computational Creativity. Our TA domains draw from prior work [237]] that arranges triangles to represent images
and text prompts with evolution strategies. Similarly, various works arrange basic shapes to create artistic images [[177}
16,|30L |70]]. To our knowledge, QD algorithms have not been applied in this setting, but they have generated other forms
of art, such as line drawings [[158] and images [265]].

Latent Space Exploration. LSI (Hiker) is an example of latent space illumination, where a QD algorithm searches for
latent vectors that elicit diverse, high-performing outputs of a generative model. LSI was first introduced to generate
video game levels [75] (74} 207, 213 [230] and 2D shapes [[104]]. Later work [73} [72] explored the latent space of
StyleGAN [|128]] to generate celebrity images with low-dimensional (2D) measures based on the CLIP score [[193}|116].
Beyond LSI, various methods aim to navigate latent spaces. Several works discover interpretable directions in GAN
latent spaces, where these directions manipulate pose or facial features [221} 219,254} 220] or transform position and
scale [[187]]. In single-objective optimization, prior works search the latent spaces of generative models to create video

game levels 253|159} |235]] or synthetic fingerprints [22] that satisfy desired characteristics.

6.10 Conclusion

By searching in distorted and high-dimensional measure spaces, DMS offers two benefits for QD practitioners. First,
DMS can improve performance in current QD applications. As the results in the benchmark domains show (Sec. 6.7.1),
DMS outperforms current algorithms in various domains with low-dimensional measure spaces. Since most current
applications involve low-dimensional measure spaces, we believe DMS will also outperform current QD algorithms in
current applications. Second, DMS enables new applications by addressing the proposed QDDM setup (Sec. 6.6.2)),

where diversity in a high-dimensional measure space like images is specified by providing a dataset. We believe framing
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measures in terms of datasets makes QD more accessible by not only alleviating the need to hand-design measure
functions, but also making it possible to specify measures that cannot easily be represented by low-dimensional values.
For example, as the TA and LSI (Hiker) domains showed, we can now specify the measure space in vision and art
domains with image datasets. Overall, given that datasets are central to machine learning, we believe it will prove
fruitful to frame problems across machine learning as QDDM problems and solve them with algorithms like DMS.

DMS also has the potential for negative societal impacts. For example, its abilities in QDDM settings may exacerbate
biases in the dataset of measures, image generator [127]], and even distance metric [[193]]. These biases can be mitigated
by carefully managing all datasets, including that used to train the generator [[185, |156]. In general, QD can also
debias models by generating balanced datasets [34]]. In addition, using QDDM methods to drive generative search
towards specific artistic styles defined in the measure space can discount unique styles created by human artists [218]].
Alternative objective functions [246] may enable finding solutions that reflect the dataset of measures without mimicking
artists’ creativity.

Our work has several limitations. First, while searching over the discount model garners high performance, training
it induces computational overhead. Second, while DMS trains the discount model with targets that reproduce CMA-
MAE’s threshold update, alternative targets may improve properties like smoothness. Finally, we primarily consider
small MLPs for the discount model. We are excited for future work in domains that require more advanced discount

model architectures.
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Chapter 7

pyribs: A Bare-Bones Python Library for Quality Diversity Optimization

7.1 Introduction

Many research problems decompose into highly contextual components that prevent one solution from working well
across all possible situations. In such cases, developing a set of solutions rather than a single solution enables researchers
to account for a range of contexts. For instance, a roboticist may develop diverse walking gaits so that their robot can
adapt to different morphological considerations [49], while a video game designer may generate multiple video game
levels so that players can experience various levels of difficulty [[75}61], and a chemist may create multiple viable drug
candidates which exhibit unique properties [251].

Quality diversity (QD) optimization [35]] addresses such problems by searching for collections of diverse, high-
performing solutions. Originating in neuroevolution with Novelty Search [145]146] and MAP-Elites [[169], QD has
grown to become a general-purpose optimization paradigm with applications in a number of areas. As of writing, there
are at least 167 papers on the topic [48]], spanning areas as diverse as reinforcement learning 175} 142} 239, (186, 240,
44]), robot manipulation [165] |164], human-robot interaction [[71} |76} 74], video game level generation [75}|61]], agent
testing [[19]], generative modeling [73]], urban planning [86]], design [83]], internet congestion control [|64]], and drug
discovery [251]]. QD has also moved outside of publications and into more popular forms of media like blog posts [268)
119,179,162, 169 |5| 260] and conference tutorials [51} (52, |53, 40].

To grow further, we believe the QD community must overcome two challenges. The first challenge is to develop a
conceptual framework capable of implementing the wide and growing range of QD algorithms. Many QD algorithms

contain interchangeable components, and a unified framework allows for mixing several state-of-the-art components
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into new algorithms as the field advances. To this end, previous work has proposed the Unifying Modular Framework
(UMF) [50] to connect the two main families of QD algorithms, Novelty Search and MAP-Elites. However, UMF
was primarily designed for QD algorithms based on genetic operators [54], which limits its applicability to recently
developed QD algorithms that have a strong optimization component, such as algorithms which incorporate Evolution

Strategies (ES) [[77, |44} 240,239, 42]], gradient ascent [73][72]], or Bayesian Optimization [[130].

The second challenge is to implement this framework in software which can support a wide range of users, ranging
from beginners entering the field to experienced researchers seeking to develop new algorithms. Historically, the
conception of flexible, well-documented software libraries has been quintessential to the blooming of popular research
areas. For instance, PyTorch [183]] and TensorFlow [1]] have catalyzed the development and deployment of countless
deep learning algorithms in academia and industry [112], and pycma [[109] has popularized the Covariance Matrix
Adaptation Evolution Strategy (CMA-ES) as one of the standard tools of evolutionary computation. Such libraries
have profound effects on their respective fields because not only do they provide powerful features concealed with
an expressive, user-friendly application programming interface (API), but they also make these features accessible
through comprehensive documentation and tutorials, enabling new practitioners to incorporate the latest algorithms
into their projects. Thus far, the QD community has introduced a number of its own libraries. While these libraries
have successfully spurred research, they are targeted towards researchers within the QD community, offering them high

performance [167}150], reference implementations [[168]], or a rich end-to-end experience [31].

To address these challenges, we have developed the pyribs library, which implements a conceptual framework that
we call RIBS[f] As shown in a QD algorithm in RIBS is comprised of three components: (1) an archive to store
solutions generated by the QD algorithm, (2) one or more emitters to generate new solutions, and (3) a scheduler to

manage the interaction of the archive and emitters.

RIBS is highly modular: As shows, many existing QD algorithms can be composed by replacing individual
components of the framework. The table also highlights unexplored gaps that could be filled by combining different
components, indicating potentially promising areas for future research. Yet, the modular design does not sacrifice

simplicity, a key feature in attracting new practitioners.

*The name “RIBS” stems from the title of Fontaine et al. [[77], “Covariance Matrix Adaptation for the Rapid Illumination of Behavior Space,”
which introduced the concepts of emitters and schedulers. The name “pyribs” is thus a combination of “Python” and “RIBS.” The proper spelling of
pyribs is all-lowercase, similar to pycma [[109], except at the beginning of sentences, when it is capitalized as Pyribs.
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ask() tell()
for solutions evaluations
ask() tell() return add()
for solutions results add() info solutions

Emitters

Figure 7.1: Pyribs implements the RIBS framework for QD optimization. The user first ask () ’s for solutions from a
scheduler. The scheduler selects emitters to ask () for solutions and returns the solutions to the user. After evaluating
the solutions, the user tell () ’s the results to the scheduler. The scheduler add () ’s the solutions to the archive and
receives information that it tel1l () ’s to the emitters, enabling the emitters to update their internal search state.

Moreover, the software implementation of RIBS in pyribs enables seamlessly translating these compositions into
code for experimentation and engineering. We achieve this functionality by constructing the library around the following

design principles:

Simple: Centered only on components that are absolutely necessary to run a QD algorithm, allowing users to combine

the framework with other software frameworks.

Flexible: Capable of representing a wide range of current and future QD algorithms, allowing users to easily create or

modify components.
Accessible: Easy to install and learn, particularly for beginners with limited computational resources.

Pyribs offers modular components that can be assembled into a QD algorithm and controlled with an API inspired by
pycma’s ask-tell interface [109]. It also features extensive documentation, including tutorials (Fig. 7.3) demonstrating
its usageﬂ Since its inception in 2021, pyribs has grown to support the research of at least a dozen groups across
academia and industry worldwide. As of writing, it has been applied to image generation [72]], video game level

generation [[61]], environment generation [19]], reinforcement learning [240, 239], hyperparameter optimization [211]],

architecture design [85]], and internet congestion control [[64].

TWebsite: https://pyribs.orqg, Source Code: https://github.com/icaros-usc/pyribs,
Documentation and Tutorials: https://docs.pyribs.org
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7.2 Background

7.2.1 Quality Diversity
7.2.1.1 Focus

The pyribs library focuses on continuous optimization problems over the search space R™, the same class of problems
targeted by the pycma [109] library. By focusing only on continuous optimization, the library becomes less abstract as
search vectors become explicitly defined. Yet, continuous optimization contains an expressive class of problems that

the QD community cares about.

7.2.1.2 Definition

We define the continuous QD problem. We assume an objective function f : R™ — R and k measure functionsﬁ]
m; : R — R, represented jointly as m : R — R*. We let S = m(R™) be the measure space formed by the range of

m.

The QD objective is to find, for each s € .S, a solution 8 € R™ such that m(0) = s and f(6) is maximized:

max f(0) o

subjectto m(6) = s Vse S
However, since S is continuous, this objective would require infinite memory to solve, so we relax the QD objective to
finding an archive (i.e., a finite set) of representative solutions © C R™.
A special case of the QD problem is the differentiable quality diversity (DQD) [[13|| problem, where the objective

and measure functions are first-order differentiable with gradients V f and Vm.

7.2.1.3 Algorithms

We consider two alternatives of what constitutes a representative solution in the QD problem definition (Eq. [7.1),

resulting in two families of algorithms.

Prior work refers to measure function outputs as “behavior characteristics,” “behavior descriptors.” or “feature descriptors.” We use the
“measures” terminology in pyribs.
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Algorithms based on MAP-Elites [169] tessellate the measure space .S into M cells, and © is constrained such
that each of its solutions falls into a different cell of the tessellation based on its measure values. The vanilla MAP-
Elites [[169] mutates randomly sampled solutions in the archive with a genetic operator; generated solutions are added
to the archive if their objective value exceeds that of the solution currently occupying their corresponding archive cell.
Since its inception, MAP-Elites extensions have included new genetic operators, such as the Iso+LineDD operator
inspired by crossover [249], as well as new methods for tessellating the measure space to create the archive. For example,
MAP-Elites with Sliding Boundaries (MESB) adapts the size of grid cells online to reflect the distribution of solutions
in measure space [78]], while CVT-MAP-Elites [248|| precomputes a centroidal Voronoi tessellation (CVT) [59] of the

measure space that defines the archive cells.

Algorithms based on Novelty Search [[145]|146] maintain an unstructured archive where each solution must be novel
by being a certain distance away from its nearest neighbors in measure space. A genetic algorithm then optimizes a
population of solutions to achieve further novelty. While Novelty Search itself is a purely diversity-driven approach,
many of its successors are designed for QD; for instance, Novelty Search with Local Competition (NSLC) [146]

balances between optimizing for the objective and novelty via multi-objective evolutionary algorithms.

QD algorithms have started to incorporate modern optimization algorithms. For example, Covariance Matrix
Adaptation MAP-Elites (CMA-ME) [77|] directly optimizes for the QD objective with CMA-ES [108]]. In QD
optimization, it is efficient to search multiple regions of the measure space simultaneously, while balancing the
exploration of each region. Therefore, CMA-ME introduced the concepts of emitters and schedulers. Each emitter
maintains a separate CMA-ES instance, while the scheduler balances how emitters explore each measure space region.
Emitters and schedulers became core components of the RIBS framework (Sec. 7.3). Subsequent works building on
CMA-ME include Covariance Matrix Adaptation MAP-Annealing (CMA-MAE) [72]], which adds an archive learning
rate to the MAP-Elites grid archive. The learning rate regulates how quickly a non-stationary discount function
changes, resulting in a soft archive that balances the tradeoff between pure optimization and exploration. In addition,
CMA-MEGA and CMA-MAEGA (CMA-ME / CMA-MAE via a Gradient Arborescence) [[73| [72]] address DQD

problems with similar principles as CMA-ME and CMA-MAE.

Finally, Multi-Emitter MAP-Elites (ME-MAP-Elites) [47] introduced a new scheduler by modifying the method for

selecting emitters. While the scheduler in CMA-ME maintains several CMA-ES emitters and a round-robin emitter
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scheduler, ME-MAP-Elites maintains an emitter pool consisting of emitters from CMA-ME and emitters that apply the
Iso+LineDD operator [[249]. Every iteration, the scheduler uses a multi-armed bandit selector from prior work [84] to

select emitters which are likely to improve the archive.

7.2.2 The Unifying Modular Framework

The Unifying Modular Framework (UMF) [50], an early conceptual QD framework, proposed to unite the components

of the two pioneering algorithms in QD optimization: MAP-Elites and NSLC.

In UMF, QD algorithms consist of a container — equivalent to a RIBS archive — and a selector. On each iteration
of a QD algorithm in UMF, the selector generates solutions that are passed through random variation (e.g., mutation
or crossover), evaluated, and then inserted into the container. Containers include the MAP-Elites grid and NSLC
unstructured archive, and selection mechanisms include choosing solutions uniformly at random from the container, as

in vanilla MAP-Elites, or selecting from a population as in NSLC.

UMF unified under one framework the two major families of QD algorithms: MAP-Elites and NSLC. However,
UMEF was proposed when all QD algorithms were based on genetic algorithms, and the framework is not expressive
enough to represent modern QD algorithms based on other optimization methods. Specifically, UMF incorporates a
selector, which chooses solutions as inputs to genetic operators. While selectors can retain a population of solutions,
they are not suitable for optimization algorithms that require an internal state, e.g., an evolution path in CMA-ES [10§]]
or momentum in Adam [136]]. Drawing from the architecture of CMA-ME [77]], our proposed RIBS framework

incorporates emitters, which were designed to encapsulate any optimization algorithm used to generate solutions.

In addition, UMF is not designed to manage multiple populations simultaneously. However, algorithms like
CMA-ME and ME-MAP-Elites require this feature to maintain multiple CMA-ES instances. The RIBS framework

overcomes this design limitation by incorporating a scheduler, which manages multiple emitters.

7.2.3 Existing QD Libraries

Here we review libraries developed by the QD community, including their goals, features, and relation to pyribs.
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7.2.3.1 Sferes,»

Sferes,s [[167] is a C++ framework for evolutionary computation that also supports QD algorithms. Sferes, s is primarily
designed for high performance, leveraging template-based meta-programming to provide an efficient object-oriented
interface and offering multi-core parallel execution through Intel TBB and MPI. While the template-based structure
results in significant performance benefits, it limits accessibility for non-expert users. In comparison, pyribs focuses
solely on QD algorithms rather than on general evolutionary computation. It is a Python-based library that emphasizes

accessibility over performance (Sec. 7.4.1.3).

7.2.3.2 QDpy

QDpy [31] is designed to be a feature-rich Python library for QD optimization. Besides supporting ready-to-go
implementations of algorithms such as MAP-Elites and CMA-ME, QDpy provides building blocks that can be
assembled into new algorithms. To run a QD algorithm, a QDpy user instantiates a container (i.e., an archive) and
passes it to an algorithm object. The user then defines an evaluation function and passes the function to the QDpy
system to optimize. QDpy also provides logging and plotting utilities and tools to run the evaluation function on

distributed computation.

QDpy’s flexibility is limited by the requirement that users pass in an evaluation function. While passing in this
function allows users to leverage QDpy’s various utilities, this requirement also makes it difficult for users to integrate
their own utilities. In contrast, pyribs provides an ask-tell interface where users handle evaluations on their own
(Sec. 7.4.2.4). Essentially, pyribs focuses on components necessary for running QD algorithms, allowing users to

integrate tools and frameworks with which they are already familiar.

7.2.3.3 pymap_elites

pymap_elites [[168]] provides customizable reference implementations of MAP-Elites and its variants CVT-MAP-
Elites [248], MAP-Elites with the Iso+LineDD operator [249]], and Multi-task MAP-Elites [[170]. Unlike pymap_elites,

pyribs offers a larger selection of algorithms under one framework.
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7234 QDax

QDax [150] is a recent library that was developed after the initial release of pyribs. The library focuses on efficient
QD, reinforcement learning (RL), and evolutionary algorithm implementations for hardware accelerators such as GPUs
and TPUs, taking advantage of the parallel nature of these methods. QDax specializes in reinforcement learning and
robotics domains, where evaluation remains an expensive bottleneck. Many experiments that took hours or days on a
CPU cluster take only minutes with GPU acceleration in QDax. To leverage accelerators in both function evaluation
and algorithm implementation, QDax builds on the JAX library [25]] and provides a JAX-based APIL

While pyribs incorporates batch operations like those found in QDax to ensure a reasonable level of performance
(Sec. 7.4.2.3), pyribs only runs single-threaded on a single CPU (Sec. 7.4.2.3). In addition, pyribs is not based on
specialized libraries, which makes it accessible to a more general audience, such as beginners who have only basic
Python knowledge and limited computational resources. Finally, while QDax extends beyond QD by providing baseline
algorithms from RL and multi-objective optimization, pyribs focuses on general-purpose QD algorithms under the

RIBS framework.

7.3 The RIBS Framework

Pyribs implements the conceptual RIBS framework that consists of three core components: (1) an archive storing
solutions generated by the QD algorithm, (2) emitters generating solutions for evaluation, and (3) a scheduler managing
the interaction of the archive and emitters and providing the primary ask-tell [T09] interface to the user.
shows the standard execution loop for combining these components. As we show in this execution loop is

flexible and not limited to a single call to the ask-tell interface.

7.3.1 Components
7.3.1.1 Archive

The archive is a data structure which stores solutions generated by the QD algorithm, along with any information
relevant to solutions, such as objective and measure values. The primary archive method is add (), which takes in

multiple solutions with their objective and measure values, attempts to add them to the collection of solutions, and
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returns information about the addition. Examples of such information include “status” (whether the solution found a
new cell in the archive, improved an existing cell, or was not added at all), “novelty” (the average distance in measure
space from the solution to its k-nearest neighbors in the archive [145]]), and “improvement value” (the difference
between the solution’s objective value and that of the solution which it replaced [72]). Archives may support additional

functionality, such as methods for sampling solutions and retrieving solutions with given measure values.

An important choice in the implementation of add () is the order of inserting solutions. The simplest choice is to
insert solutions sequentially, i.e., one after another. Pyribs offers sequential addition but defaults to the alternative of

inserting all solutions simultaneously as a batch.

Batching has the following benefits. First, some metrics depend on the order in which solutions are inserted. For
example, if two solutions 8, and 6, have similar measures, then 8, may be inserted with high novelty, while 8 is
subsequently inserted with low novelty because 6, is already in the archive. Batching overcomes this issue by “freezing”
the archive, then computing the metrics of all solutions with respect to the frozen archive. Second, batching enables
enhanced performance, as libraries like NumPy (used in pyribs) and JAX (used in QDax) are designed to operate on

batches of data.

7.3.1.2 Emitters

QD algorithms in RIBS instantiate one or more emitters. Emitters are algorithms that generate solutions and adapt
to objective, measure, and archive insertion feedback. Emitters in RIBS provide two methods. The ask () method
queries the emitter’s algorithm for candidate solutions. The tel1l () method updates the internal algorithm state based
on the objective and measure values of the generated solutions and any information gained from adding the solutions to

the archive.

One example of a RIBS emitter is the CMA-ES emitter from CMA-ME [77]. Here, calling ask () samples solutions
from the Gaussian distribution maintained by CMA-ES, while calling tell () updates the Gaussian distribution and

internal CMA-ES parameters [[108].

It is also possible that emitters in RIBS do not require any internal state. For instance, when ask () is called,

one variation of MAP-Elites generates new solutions by sampling existing archive solutions and perturbing them with
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fixed-variance Gaussian noise. Since there are no parameters to update for this Gaussian noise mutation, the tell ()

method does not perform any operation.

7.3.1.3 Scheduler

The scheduler performs two roles in the RIBS framework. First, the scheduler facilitates the interaction between the
archive and the population of emitters. The scheduler adds solutions generated by emitters to the archive and passes
the results of evaluation and archive insertion to the emitters. Second, schedulers select which emitters generate new
solutions on each iteration of the algorithm. Schedulers make decisions on active emitters based on how well each

emitter performs in previous iterations.

Schedulers implement an ask-tell interface as shown in[Algorithm T1] When ask () is called (line TT), the scheduler
selects one or more emitters and calls each emitter’s ask () method to generate solutions. When tell () is called
(fine T8)), the scheduler takes in the objective and measure function evaluations of these solutions and add () ’s the
solutions to the archive. Then, the scheduler passes the solutions, evaluations, and archive addition information to the

emitters via each emitter’s tell () method.

In the original emitter implementation [77]], emitters directly called add () to insert solutions into the archive.
However, allowing emitters to modify the archive meant that feedback from add () depended on the order in which
emitters were called, similar to adding solutions sequentially in archives as discussed in[Sec. 7.3.1.1] Now, although the
emitters may read data from the archive (e.g., when sampling solutions), only the scheduler calls add () and passes the
returned information to the emitters through their tell () method.

Ultimately, the scheduler provides the primary user interface in the RIBS framework. As shown in

users directly call ask (), evaluate solutions, and pass the results to tell ().

7.3.2 Composing Algorithms in RIBS

shows a standard execution loop in RIBS. First, the user configures the core components. Then, in
the main loop (line 6), the user calls the scheduler’s ask-tell interface and evaluates solutions in between the calls.

Importantly, the RIBS components (archive, emitters, and scheduler) in this loop are interchangeable, and the execution
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Algorithm 11: Standard Execution Loop in RIBS

1 QD Algorithm (n.,n;:):

Input: Number of emitters n., number of iterations n;;, parameters for Archive, Emitters, and
Scheduler

Result: Generates solutions to optimize the QD objective, stored in an Archive

2 Archive < init_archive()

3 [Emittery.. Emitter,, | < init_emitters( Archive)

4 Scheduler < init_scheduler( Archive,

5 [Emittery..Emittery,,])

6 for itr < 1..n;; do

7 L < Scheduler.ask()

8 U ser computes Fvals = [f(0), m(0) for 8 in L]
9 Scheduler.tell( Evals)

10 return Archive

—
-

Scheduler.ask ():
Result: Returns a list of solutions L generated by the emitters.

12 L« // Empty list
13 for ¢ < 1..n. do

14 if E'mitter; should generate solutions then

15 L; + Emitter;.ask()

16 L <+ LL; // Concatenate L; to L
17 return L

18 Scheduler.tell (Evals):
Input: Objective and measure function evaluations of the list of solutions L.

Result: Inserts solutions into Archive and updates E'mitters.
19 add_info + Archive.add(L, Fvals)
20 for ¢ < 1..n. do

21 if Emitter; generated solutions then

22 Retrieve solutions L; generated by Emitter;
23 Retrieve Fvals; corresponding to L;

24 Retrieve add_in fo; corresponding to L;

25 Emitter;.tell(L;, Evals;, add_info;)

loop can be customized to support new QD algorithms. We show how replacing components or modifying the execution

loop enables RIBS to support a variety of QD algorithms.

7.3.2.1 Integrating Different Components

First, we consider algorithms which replace components of RIBS without modifying the standard execution loop of

Algorithm 11| [Table 7.1]summarizes the components required for each algorithm. Throughout this section, we italicize

the components listed in as we introduce them.
We begin with MAP-Elites [169]], which has a grid archive that tessellates the measure space into a grid. MAP-Elites
incorporates a single emitter that randomly selects solutions from the archive and applies mutations. One kind of

mutation is to add Gaussian noise; in this case, we call the emitter the Gaussian emitter. As is common in many versions
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of MAP-Elites, the Gaussian emitter can also sample directly in the solution space on initial calls to ask (). Since this
emitter has no adaptive components, its tell () method does nothing. Finally, MAP-Elites has a basic scheduler that
simply selects this emitter on every iteration.

Replacing components creates different MAP-Elites variants. Substituting the Gaussian emitter with the Iso+LineDD
emitter, which applies the Iso+LineDD operation [249]], results in Iso+LineDD MAP—ElitesE] We can replace the
archive with a CVT archive or sliding boundaries archive to obtain CVT-MAP-Elites [248]] and MESB [78]].

We can also consider methods based on Novelty Search like NSLC [146]. Here, the unstructured archive adds
solutions if they are far away from their £ nearest neighbors in the archive. Meanwhile, the genetic algorithm emitter
contains a genetic algorithm such as NEAT [229] that manages a population of solutions. In contrast to the Gaussian and
Iso+LineDD emitters, the genetic algorithm emitter’s tel1l () method updates its internal population. The scheduler
remains the same as in MAP-Elites.

CMA-ME [77] and CMA-MAE [72] are more complicated because they require managing multiple instances of
CMA-ES in parallel. In this case, we create multiple CMA-ES emitters, each with their own CMA-ES instance. Calling
ask () on each emitter samples solutions from CMA-ES’s multivariate Gaussian distribution, and calling tell ()
updates the distribution parameters and the internal CMA-ES parameters. We combine these emitters with the grid
archive and basic scheduler from MAP-Elites.

Multi-Emitter MAP-Elites (ME-MAP-Elites) [47] provides an example of an algorithm that requires a different
scheduler. The default ME-MAP-Elites includes CMA-ES and Iso+LineDD emitters. Its bandit scheduler applies a
multi-armed bandit algorithm to select a subset of these emitters based on whether they have previously generated

solutions that were inserted into the archive.

7.3.2.2 Modifying the execution loop

Besides algorithms that replace components of RIBS, we also consider those that modify the RIBS execution loop. In
this regard, CMA-MEGA [73] and CMA-MAEGA [72] both require a gradient arborescence emitter, which constructs
solutions by branching from a solution point based on the objective and measure gradients. This branching requires

calling ask () and tell () twice: once to collect the solution point and return its evaluations and gradients, and once

$The original Iso+LineDD MAP-Elites [249] uses a CVT archive, but the authors noted that a grid archive would also work with their algorithm.
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Algorithm 12: QD Algorithm with Surrogate Model in RIBS
1 QD Algorithm with Surrogate Model (1., inner, Nouter )t

Input: Number of emitters n., inner loop iterations n;y,per, OUter loop iterations 74y, parameters for
Archive, Emitters, Scheduler, and M odel
Result: Generates solutions to optimize the QD objective, stored in an Archive
2 Archive < init_archive()
3 Model + init_surrogate_model()
4 D+ {} // Dataset of evaluated solutions
5 for itr < 1..nyyter do
6 // Construct surrogate archive.
7 Archive’ + init_archive()
8 [Emitter|..Emitter;, ]| < init_emitters(Archive’)
9 Scheduler’ < init_scheduler( Archive’,
10 [Emittery.. Emitter;, |)
1 for iter < 1..n;ner do )
12 L + Scheduler’.ask()
13 Evals' + [Model.f(0), Model.m(0) for 0 in L]
14 Scheduler’ .tell(Evals’)
15 // Record true evaluations of solutions.
16 L < all solutions in Archive’
17 U ser computes Fvals = [f(0), m(0) for 0 in L]
18 Archive.add(L, Evals)
19 // Update model.
20 D+ DU (L, Evals)
21 Train M odel on data in D
22 return Archive

to handle the branched solutions. Compared to|Algorithm 11} we add another set of calls to ask () and tell () inthe

loop on with appropriate arguments to handle passing gradients back to tell ().

In addition, a number of recent works [83}267, |19, |130] integrate surrogate models with QD algorithms in domains
where evaluations are expensive. Surrogate-assisted QD algorithms construct an archive based on evaluations predicted

by a surrogate model and then select candidate solutions for ground-truth evaluations.

shows a general layout for such an algorithm. This algorithm maintains a ground-truth archive for
storing solutions which have been evaluated by the user (line 2). Then, during an outer loop (line 3)), it performs three
phases. First, it constructs a surrogate archive in an inner loop based on solutions evaluated by the model
(line T3). Second, the user evaluates the candidate solutions from the surrogate archive, and the evaluated solutions are

added into the ground-truth archive (line 18)). Finally, the algorithm trains the model to improve its predictions (line 21}.
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7.4 Designing pyribs

To realize the RIBS framework, we created the pyribs library and released it in 2021. The structure of the library closely
follows the framework, with subpackages for archives, emitters, and schedulers. We describe the principles that have

guided our implementation decisions and notable features that highlight these principles.

7.4.1 Principles
7.4.1.1 Simple

We designed pyribs to be “bare-bones” and maintain only the core components required for a QD algorithm optimizing
a continuous search space. The simplicity of the design makes the library easier for new users to adopt, while the focus
on continuous optimization problems reduces implementation complexity and makes the defined search space less

abstract.

7.4.1.2 Flexible

Pyribs is also “bare-bones” in the sense that the core components of the library — archives, emitters, and schedulers
— are all exposed to the user. This allows users to easily exchange components of the QD algorithm, and the design

provides a foundation to implement future QD algorithms discovered by researchers.

7.4.1.3 Accessible

Pyribs is accessible to a wide audience, ranging from beginners to experienced researchers, by having readable source
code, being easy to install, and having full documentation defining its usage. Our dependency choices ensure that
beginners with limited computational resources or basic hardware can install pyribs and study the tutorials. The library

also supports experienced researchers by being amenable to modifications.

7.4.2 Implementation Features

These features demonstrate how our implementation choices align with the design principles of section[7.4.1}
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7.4.2.1 Choice of Python

Python offers many desirable features. Beyond being a beginner-friendly language, it has a flourishing ecosystem, with
package repositories like the Python Package Index (PyPI) [[192] and Anaconda [8]] providing easy access to many useful
libraries. While Python itself is slower than lower-level languages like C++, libraries like NumPy [[111]] compensate for
this limitation by providing access to efficient numerical computation routines. Python can also integrate with other
programming languages through various packages; for instance, PyJNIus [[138]] enables running Python-based QD
algorithms [75}|19]] with the Mario Al Framework [133]], a benchmark implemented in Java. Furthermore, Python has
become the de facto language of machine learning, and with the influx of QD applications to machine learning [267, (73|
175 75]), it is important to support QD researchers from that area. Thus, implementing the RIBS framework in Python
and distributing pyribs on PyPI and Anaconda makes pyribs accessible, as users can easily install and learn to use the

library.

7.4.2.2 Focus on continuous optimization

To maintain simplicity, pyribs only supports continuous optimization problems with a fixed number of parameters. Such
problems are ubiquitous in a variety of fields, including machine learning, and continuous fixed-length solutions are
readily represented in software as arrays that can be efficiently manipulated by libraries like NumPy.

There are many other solution encodings that a QD library could support. For instance, discrete solutions (e.g.,
a list of integers) can be implemented with the same arrays used in pyribs, but recent research in QD has focused
on continuous domains [35[]. Alternatively, a QD library could support objects such as solutions of variable length,
graphs [251]], or neural network structure encodings from NEAT [229]. Although the RIBS framework is not limited to
any one solution encoding, such structures are often domain-specific, and including them would increase the complexity

of pyribs.

7.4.2.3 Single CPU

To be simple and accessible, pyribs runs single-threaded on a single CPU. Thus, pyribs can run on hardware ranging
from laptops to high-performance clusters. While being single-threaded may limit the performance of pyribs, the

runtime in many QD problems is dominated by the user’s evaluation of solutions, rather than by the execution of the
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QD algorithm in pyribs. Moreover, the need for high-performance algorithm implementations is already fulfilled by
libraries like Sferes, s [167] and QDax [[150]]. However, if internal algorithm runtime grows to be a bottleneck in QD
problems, we could redesign pyribs to optionally parallelize execution by putting each emitter on a separate thread.
Note that while pyribs itself runs on a single CPU, evaluations are left to the user and may be parallelized as described

in the next section.

7.4.2.4 Evaluations are left to the user

Since evaluations are often the bottleneck in QD, we considered providing utilities for running evaluations of solutions
in parallel, as is done in QDpy [31]. We decided against doing so since many evaluation functions require specific
dependencies and hardware configurations that are difficult to support in a general-purpose library. In short, we maintain
simplicity by leaving evaluations to the user. Nevertheless, our documentation includes basic examples of how to
integrate parallelism into pyribs workflows. For instance, our tutorial “Using CMA-ME to Land a Lunar Lander Like a

Space Shuttle” parallelizes evaluations in only two lines of code with Python’s multiprocessing module.

7.4.2.5 Batch operations

The initial version of pyribs implemented many operations sequentially, including the archives’ add () methods
(Sec. 7.3.1.1). To compensate for the reduced performance, we added the just-in-time compiler Numba [[7]] to many of
these functions. However, multiple users indicated that doing so decreased accessibility by making the library difficult to
modify and debug. Hence, in the most recent version of pyribs (0.5.0), we have re-implemented these methods as batch
operations without Numba. For instance, instead of adding one solution to the archive at a time, pyribs now leverages
NumPy array operations to add a batch of solutions simultaneously. These operations improve code readability and
performance over the sequential implementations while still operating on a single CPU. For instance, on the 20D sphere
linear projection benchmark, the runtime of CMA-ME decreased from 140s with sequential+Numba to 60s with batch

implementations.
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GridArchive SlidingBoundariesArchive Parallel Axes Plot

Figure 7.2: Pyribs visualization tools. We show example 2D heatmaps, where the axes correspond to the measure values,
and the color of each archive cell indicates its objective value. In S1idingBoundariesArchive, the points show
the locations of solutions in measure space, and the lines show the grid boundaries. We also show a parallel axes plot
which can visualize an archive of any dimensionality. In this plot, a single solution’s measures are plotted as a line
connecting the measures m; ... my, and the line is colored according to the solution’s objective value.

7.4.2.6 One-layer hierarchy

Ideally, every pyribs component would be implemented in a single file with no dependencies. Doing so would make
the source code highly accessible, as a user could easily read the code for a component and modify it, similar to
pymap_elites [168]]. However, since components often share functionality, standalone files would lead to duplicate
code and hamper maintenance. We compromise by introducing a one-layer hierarchy, where archives, emitters, and
schedulers all inherit from their respective base classes. For instance, a user can learn about the implementation of
GridArchive by reading the source code for ArchiveBase and GridArchive. This hierarchy helps make
pyribs flexible, as users who create new components can inherit from these base classes instead of re-implementing

basic functionality.

7.4.2.77 Visualization tools

Since there are no commonly available visualization tools for archives, we added our own to make pyribs accessible.
As shown in[Fig. 7.2} pyribs features heatmap visualizations for all its archives, as well as a parallel axes plot method

that can visualize an archive of any dimensionality.

7.4.2.8 Documentation and tutorials

A key feature for increasing accessibility in pyribs is its extensive documentation and tutorials. Every pyribs component

is documented in detail, and pyribs has an array of tutorials (Fig. 7.3)). These tutorials teach users about the library and
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Figure 7.3: Tutorials enable pyribs users to quickly learn about the library and experiment with problems from the QD
literature.
introduce them to common QD problems, such as latent space illumination [[75]], the arm repertoire benchmark [50),

249, and the sphere linear projection benchmark [[77].

7.4.2.9 Industry standard practices

We draw from industry standard style guides to promote readability and correctness in our source code. We
automatically format our code with yapf [94] and check for basic errors with Pylint [I91]]. Furthermore, we implement a
comprehensive suite of unit tests. Since it is difficult to test stochastic components like emitters and schedulers, our total
code coverage by unit testsﬂ as of version 0.5.0 is 81%, but on archives, which are nearly deterministic, our coverage is
97%. Finally, when implementing new components, we run them on benchmarks such as sphere linear projection
to verify that our implementation matches results from prior work. These practices ensure that future changes in pyribs

do not affect existing functionality.

7.5 Logo

R pytibs

Figure 7.4: The pyribs logo.

ICode coverage measures the proportion of library code that is executed in tests.
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Modern libraries such as PyTorch [[183]] have logos to help users recognize and identify the library in talks, tutorials,

and other materials. Usually, the design of the logo is somehow connected to the design or name of the library.

In pyribs, we connect the design of the logo (Fig. 7.4) to the RIBS acronym, as well as to the dual-sense meaning of
bare-bones. Recall that pyribs is bare-bones in two senses. First, pyribs maintains simplicity by only maintaining core
components of a QD algorithm. Second, the library is bare-bones in the sense that the core components of the library —

archives, emitters, and schedulers — are all exposed to the user.

We capture a similar spirit in the design of the pyribs logo by depicting ribs in two senses. The logo depicts a
smoker, commonly used to cook beef or pork ribs, overlaid with a human rib cage. The smoker depicts the simplicity
aspect of bare-bones, as pyribs is a useful tool because of its simplicity, while the rib cage captures the exposed nature
of core pyribs components, allowing easy modification. The choice of the cooking-themed logo design is also closely

connected to the modular nature of pyribs, allowing users to cook up new QD algorithms by exchanging components.

The pyribs logo lettering captures another dual-sense nature of pyribs. The RIBS framework is a conceptual
framework for QD algorithms. The lettering of “ribs” augments a bone typeface to capture the abstract nature of the
framework and draw a connection to the bare-bones conceptual design of pyribs. Meanwhile, the “py” is written in a

Python-style typeface to connect with the Python implementation of pyribs.

Overall, we believe that a thoughtful and high-quality logo raises the cachet of pyribs and will help attract both

researchers and practitioners to the library.

7.6 Conclusion

This chapter details the design of the conceptual RIBS framework and its implementation in the pyribs library. We show
how RIBS supports a wide range of QD algorithms by interchanging core components, and we highlight the design
principles of the library — simplicity, flexibility, and accessibility.

In the long run, our goal is for pyribs to become a library that supports a wide range of users in the QD community.
On one end of the spectrum, we seek to support beginners by making pyribs ever more easy to learn and use. To this
end, we will continue to maintain our documentation and tutorials and incorporate user feedback in our implementation

decisions. Our vision is that pyribs will become an entry point into QD for many researchers.
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On the other end of the spectrum, we aim to serve the needs of more experienced researchers by further developing
the capabilities of pyribs. A major avenue in this direction is to expand the collection of pyribs components. Pyribs
currently centers on the MAP-Elites family, but potential additions outside this family include the unstructured archive
from Novelty Search, the archive with learned measures from AURORA [46], and emitters and schedulers from
NS-ES [44]] and SERENE [179].

Simultaneously, it is important for pyribs to support integrations with other fields. For example, many recent QD
papers combine QD with deep learning [[75} 73} 72,|175,(19]. Given the prevalence of GPUs in deep learning, it could
thus be helpful to add GPU support to overcome delays incurred by transferring data between CPU and GPU. However,
such advanced features will need to be delicately balanced against our design principles.

Beyond directly supporting practitioners, we believe that the lessons learned from the development of pyribs can
inform the design and development of future QD libraries. We are thus excited about the supporting role that pyribs can

play in expanding the QD community and growing QD into a widely adopted discipline.
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Chapter 8

Conclusion

8.1 Summary

This dissertation proposed to make QD algorithms more accessible by scaling them up to address three key bottlenecks:
(1) high solution space dimensionality, (2) long evaluation times, and (3) high measure space dimensionality. Addressing
these limitations enhanced the applicability of QD algorithms in reinforcement learning, environment generation, and
general machine learning, respectively. The final work in this dissertation proposed pyribs, a software package that
encapsulated these advances and overall made QD more accessible to practitioners.

To address the first limitation and thus enable training neural networks for deep reinforcement learning, Chapters 2} 3]
and [4] proposed methods that scale existing QD algorithms to high-dimensional solutions. [Chapter 2] showed how to
scale the existing CMA-MAE algorithm by introducing approximations of the CMA-ES covariance matrix. Thus,
CMA-MAE could generate each solution in linear time rather than quadratic time, which enabled training neural
network agents with tens of thousands of parameters. Next, while the scalable CMA-MAE variants in
were black-box algorithms that did not assume any information about the objective and measures, [Chapter 3|built on
differentiable quality diversity, which assumes the objective and measures are differentiable. Specifically,
proposed to approximate the gradients for DQD algorithms using reinforcement learning methods. [Chapter 4] built on
this idea by approximating the gradients with the on-policy reinforcement learning algorithm PPO, resulting in the
state-of-the-art Proximal Policy Gradient Arborescence (PPGA) algorithm.

To address long evaluation times in environment generation, [Chapter 5|integrated a surrogate model into the QD

setup. This surrogate model synthesized information from prior evaluations (objectives, measures, and agent trajectories)
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to approximate objectives and measures for new environments. By searching over this computationally cheap surrogate
model, the Deep Surrogate Assisted Generation of Environments (DSAGE) algorithm created a set of solutions that
were predicted to improve the archive of QD solutions. Since only solutions that were predicted to be valuable were

evaluated, DSAGE improved sample efficiency over other QD algorithms.

To scale to higher measure space dimensionality, introduced Discount Model Search (DMS). DMS
addressed the issue of distortion, induced by many higher-dimensional measure spaces, by creating a smooth, continuous
model of the discount function. Searching with this model enabled DMS to excel at exploring high-dimensional measure
spaces. Furthermore, it enabled the Quality Diversity with Datasets of Measures (QDDM) setup, where desired measures
are specified with a dataset of high-dimensional data. Given that datasets of high-dimensional data are ubiquitous in
machine learning (e.g., datasets of images, videos, robot trajectories), we believe the QDDM setup greatly expands the

range of machine learning problems that can be expressed as QD problems.

introduced pyribs, a bare-bones Python library for QD. Pyribs is the software implementation of RIBS, a
modular conceptual framework that includes three types of components: archives that store solutions, emitters that
generate new solutions, and schedulers that orchestrate the QD algorithm. By combining these components together,
pyribs can represent a wide range of QD algorithms, both from prior work in the QD community and from the methods
discussed in this dissertation. Pyribs includes numerous well-maintained tutorials and extensive documentation, and it
follows standard practices in the open source community for maintaining a healthy codebase. Since its inception in
2021, pyribs has powered many applications of QD in the community, and we envision it continuing to serve as a useful

tool for practitioners.

Overall, these works combine to address bottlenecks at each stage of QD algorithms: generating solutions, evaluating
solutions, and updating the archive. Tackling these limitations enables QD algorithms to expand their applications to

previously unexplored areas.

8.2 Future Directions

This dissertation proposed enhancements to make QD algorithms more accessible to practitioners. In this section, I

highlight some of the limitations of these advances and directions for future work.

129



8.2.1 Quality Diversity Reinforcement Learning

The methods for scaling to high-dimensional solutions in Chapters [2] [3] and [ form a toolbox for quality diversity
reinforcement learning (QD-RL). Each of these methods induces certain tradeoffs. For example, the scalable CMA-
MAE variants are general black-box QD methods that can easily be applied to any problem, especially since they
require very few hyperparameters. However, they do not leverage the structure of the RL problem, making it difficult to
achieve maximal performance. On the other hand, PPGA deeply integrates with PPO and leverages the timestep-level
information of the RL problem, enabling it to achieve state-of-the-art performance. However, it requires a large number
of hyperparameters, making it challenging to tune for a new problem. In the future, an ideal method for QD-RL
(and perhaps more broadly for high-dimensional solutions) would combine the best characteristics of the scalable
CMA-MAE variants and PPGA: It would leverage information from the RL problem definition to achieve maximal

performance, yet it would be easy to tune.

In the near future, such an ideal method may arise from advances in RL algorithms. Every year, new RL algorithms
are developed with improvements such as higher performance or better ease-of-use. Since many QD-RL algorithms
treat the RL algorithm as a modular component, it may be possible to improve one of the methods in this dissertation
by replacing the RL algorithm with a newer one. For instance, robust policy optimization (RPO) [194]] outperforms
PPO in certain problems, so it may be a suitable replacement for PPO in PPGA. Already, prior work [[151]] has shown
that the approach of replacing the RL algorithm with a new one can enhance other QD-RL algorithms, specifically
PGA-ME [175]].

In the longer term, I believe that developing an ideal method with few hyperparameters and high performance
on benchmarks will gradually become less important. Instead, since RL is so popular, it seems more likely that a
practitioner will already be familiar with an RL algorithm for their domain: they will know how to tune it on that
domain, and they will have some hyperparameters that they know work well. Then, if they want to search for diverse
solutions in their domain, they may turn to QD-RL methods. For this reason, I believe the focus will eventually shift
to developing QD-RL algorithms and software that make it easy to “plug in” an existing RL algorithm in a modular
fashion. Thus, when a practitioner decides to use a QD-RL method, they should be able to integrate the RL algorithm
with which they are already familiar. In other words, this modular capability will lower the barrier to entry by enabling

practitioners to leverage their existing intuitions.
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Even further out, I foresee QD-RL being applied to many more problems, particularly extremely large ones. For
example, fine-tuning of large language models (LLMs) currently comprises one of the most complex applications of RL
algorithms [140]. In cases where diversely fine-tuned LLLMs are required, e.g., to create different personalities for a
chatbot, QD-RL could be applied to create an archive of LLMs. Doing so would likely require a QD-RL algorithm that
can interface with the RL algorithms currently used to fine-tune LLMs. Ultimately, I believe that any area where an RL
algorithm is currently applied could eventually be an area where QD-RL is applied. From this point of view, it is clear
that developing QD-RL methods that integrate with any RL algorithm will make QD-RL accessible to a wide range of

problems.

8.2.2 Large Language Models

One limitation of this dissertation’s work on high-dimensional solutions is the assumption of a continuous solution space.
Indeed, fixed-length continuous solution vectors are a powerful representation that occur in many machine learning
problems. However, recent work has begun to integrate large language models (LLMs) with QD in order to apply QD
in text-based domains like story writing [26]. One prominent application has been in red-teaming LLMs [206], i.e.,
searching for adversarial text prompts that induce undesired behaviors from existing LLMs. Instead of continuous
solution vectors, the solutions in these applications are pieces of text, which are typically represented as “discrete”
variable-length vectors of tokens. As such, methods like the scalable CMA-MAE variants are not directly applicable to
these text-based domains. Nevertheless, given the recent popularity of LLMs, it may be fruitful to explore whether
insights from continuous-solution QD algorithms can inform how QD algorithms use LLMs to search over text.
Meanwhile, surrogate models may be a useful tool for mitigating long evaluation times when working with LLMs
in QD. Typically, LLMs are computationally expensive to run, so QD algorithms that involve them only run several
thousand evaluations. Surrogate models that can predict the objective and measures for pieces of text may help
accelerate the search. Such models would likely differ significantly from those designed for environment generation
in[Chapter 5] and they would require careful design to ensure they remain computationally cheap. On the other hand,
leveraging foundation models as surrogate models may further expand the capabilities of QD algorithms. For instance,
integrations with world models [|11] could enable realistic surrogate models that facilitate direct applications of QD

algorithms in the real world.
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In the long term, it seems plausible that QD will become a common approach for testing LLMs. As the applications
in red-teaming show, LLM testing is a suitable application for QD because it involves eliciting diverse behaviors of
the LLM, especially harmful edge cases. The diversity here is well-represented as measure functions, and the set of
behaviors is well-represented as an archive. Even QD algorithms that use continuous solutions may be applied here, as
recent work trains “attacker” LLMs that each generate harmful prompts for a base LLM [255]].

QD may also play a valuable role in creating diverse LLM-based agents. For example, recent work [227] showed
how creating agents with diverse personalities enables simulating human behavior in collaboration environments. Lately,
“Agentic AI” [3] has also emerged; it is an area where LLM-based agents orchestrate a wide variety of tasks. I believe
there will be use cases that demand diverse agents, such as when personal preferences are involved. In such cases, it
would be beneficial to fine-tune a diverse set of agents with QD and select from them to fulfill different users.

Finally, LLMs can help QD algorithms to become truly open-ended by determining what a QD algorithm should
explore next. Currently, determining the diversity for a QD algorithm to explore is accomplished by defining measure
functions. Using LLMs to quantify diversity and guide exploration may provide a path for automatically finding
solutions that are “interesting” to users [266].

In the long run, it is likely that QD will continue to be integrated with LLMs and other foundation models. The
principle of searching for diverse, high-performing solutions is a general one that can be applied in many problems, and

foundation models play a crucial role in enabling this principle to be applied in complex problems.

8.2.3 Final Words

Overall, I believe the most important future direction for the QD community is to continue to search for challenges that
are best formulated as QD problems. The methods presented in this dissertation and other prior works already form
useful toolboxes. In many cases, they can be directly used without any modification, and they can even be combined in
a modular fashion to solve problems that encounter more than one of the bottlenecks discussed in this dissertation. For
example, prior works have applied QD to novel domains by running algorithms implemented in pyribs [166, 212]]. I
envision that continuing to search for such problems and enhance the accessibility of QD will grow QD into a standard,

general-purpose approach in the practitioner’s toolbox.
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