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ABSTRACT

While standard approaches to optimisation focus on producing a
single high-performing solution, Quality-Diversity (QD) algorithms
allow large diverse collections of such solutions to be found. If QD
has proven promising across a large variety of domains, it still
struggles when faced with uncertain domains, where quantification
of performance and diversity are non-deterministic. Previous work
in Uncertain Quality-Diversity (UQD) has proposed methods and
metrics designed for such uncertain domains. In this paper, we
propose a first set of benchmark tasks to analyse and estimate the
performance of UQD algorithms. We identify the key uncertainty
properties to easily define UQD benchmark tasks: the uncertainty
location, the type of distribution and its parameters. By varying the
nature of those key UQD components, we introduce a set of 8 easy-
to-implement and lightweight tasks, split into 3 main categories. All
our tasks build on the Redundant Arm: a common QD environment
that is lightweight and easily replicable. Each one of these tasks
highlights one specific limitation that arises when considering UQD
domains. With this first benchmark, we hope to facilitate later
advances in UQD.
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1 INTRODUCTION

Quality-Diversity (QD) optimisation [2, 4] has proven in recent
years to be a promising approach across multiple application do-
mains [3, 9, 10]. QD aims to find a collection A of diverse and
high-performing solutions to an optimisation problem. It does so
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Figure 1: Illustration of the effect of uncertainty in the Re-
dundant Arm QD task; in this case, the uncertainty is applied
to the parameters of the arm. The descriptor is given as the
end-effector (x,y) position and the fitness as the variance of
the joint angles. The background figures the corresponding
QD Illusory archive (left) and Corrected archive (right) after
multiple reevaluations of each solution.

by storing in A solutions i with high-fitness f; that induce novel be-
haviours, quantified using behaviour descriptors d;. In other words,
QD aims to optimise:

max (QDScore(A)) = max fi
A A iez;zl (1

w.rt Vie A,d; € cell

Despite their encouraging results, multiple works have high-
lightened the limitations of QD algorithms when considering un-
certain domains [6, 7, 11, 12]. A QD domain is seen as uncertain
if a solution i can get different fitness f; and descriptor d; val-
ues from one evaluation to another. In other words, in Uncertain
Quality-Diversity (UQD) [7] fitness and descriptor associated with
one solution are no more fixed values but distributions: f, ~ Dy,

di ~ Dy, When applied to such domains, usual QD algorithms
such as MAP-Elites [13] tend to keep solutions that have been lucky
during evaluation and get outlier fitness or descriptor values. This
leads to a loss in the overall performance of their final collection.
Contrary to standard QD approaches, UQD algorithms take into
consideration the distributional nature of their variables, and adapt
the problem formulation accordingly [7]:

max (QDScore(A)) = max E; f",
A A iezﬂ fi Dfi[ ] @

Vie AE; p,

w.r.t [d:] € cell;

Previous work in UQD [6, 7, 11, 12] have proposed solutions tai-
lored for these domains, as well as new metrics that better estimate
the performance of QD algorithms when applied to UQD domains.

In this paper, we aim to propose a set of benchmark tasks to help
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Table 1: Performance-estimation Redundant Arm benchmark tasks.

‘ UNCERTAINTY LOCATION ‘ DISTRIBUTION ‘ PARAMETERS
GAUSSIAN FITNESS NOISE i ) f =f+e e~ N(0,0%) o>0
BIMODAL FITNESS NOISE Fitness after evaluation: d=d e~aN(0,62)+ (1 - a)N(-1,02) 01,02>0 a€(0,1)
SMALL-GAUSSIAN DESCRIPTOR NOISE f - f e ~ N(0,6°I) o € (0,0.02)
LARGE-GAUSSIAN DESCRIPTOR NOISE | Descriptor after evaluation: {d 4 €~ N(0,5%I) o>0.1
=d+e

BIMODAL DESCRIPTOR NOISE

e~aN(@O,62)+(1-a)N([}].62I) | o1,00>0 a€(0,1)

Table 2: Reproducibility-maximisation Redundant Arm benchmark tasks.

‘ UNCERTAINTY LOCATION

‘ DisTRIBUTION ‘ PARAMETERS

GAUSSIAN DESCRIPTOR NOISE
WITH 2 VARIANCE VALUES

GAUSSIAN DESCRIPTOR NOISE
‘WITH CONTINUOUS VARIANCE VALUES

Descriptor after evaluation:

;

€~ N(O,O'IZI) if sign(I1; 07) >0

2 K oy > 01 >0
€ ~ N(0,05I) otherwise

{

€~ N(0, (1 %V (6)*I)

d+e

‘r]>0

Table 3: Realistic Redundant Arm benchmark tasks.

‘ UNCERTAINTY LOCATION

‘ DisTRIBUTION ‘ PARAMETERS

GAUSSIAN PHENOTYPE ] NOISE ‘ Dimension J of the phenotype: 6= (01

future developments of UQD algorithms. As first contribution, we
propose a more systematic way to define UQD benchmark tasks
for a given environment, as the ensemble of (1) an uncertainty loca-
tion, (2) an uncertainty distribution type and (3) its corresponding
parameters. These properties also constitute initial tools to analyse
inherent uncertainty in more realistic UQD tasks, allowing to bet-
ter select tailored approaches. As second contribution, we define,
based on this definition, 8 new tasks, split into 3 main categories.
These tasks aim to highlight some of the main limitations that
arise in UQD settings. All our tasks are based on the Redundant
Arm task, a simple-to-implement and lightweight QD task that has
been widely studied across the existing literature [3, 8]. To facili-
tate the use of our benchmark, we make our code available at URL
https://github.com/adaptive-intelligent-robotics/QDax .

2 PROPERTIES OF UQD TASKS

One can define multiple UQD benchmark tasks for a given envi-
ronment by varying the properties of the uncertainty induced in
the environment. We identified 3 main uncertainty properties: the
uncertainty location, the type of distribution, and the parameters
of this distribution. In this section, we analyse those properties
and explain how they can be used to define UQD benchmark tasks.
They can also be used as tools to analyse more realistic UQD tasks.

2.1 Uncertainty Location

As explained above, in UQD tasks, fitnesses and descriptors are
no more fixed values but distributions. These distributions can
arise from uncertainty at different levels within the environment.
The clear definition of this uncertainty location is critical to define
benchmark tasks and study UQD tasks. Previous work in uncertain
evolutionary algorithms proposed a classification that separates
prior noise, applied to the phenotype before the fitness evaluation,
and posterior noise, applied to the fitness after the evaluation [14].
In the case of UQD, we propose to decompose further the prior
noise category to encompass dynamic and applied problems as
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o1 O e @ o) | e~N(@o?) | >0
considered in QD. In simple QD environments such as Rastrigin
or the Redundant Arm, one could consider adding (1) noise on the
fitness and descriptor reading, or (2) noise on the phenotype (i.e.
the parameters in Rastrigin and the joint angles in the Arm), which
corresponds directly to the prior and posterior noise categories.
However, in more complex settings, such as robot control environ-
ments [3], one could consider adding (1) noise on the fitness and
descriptor reading, (2) noise on the phenotype, i.e. the controller
parameters, (3) noise on the initial position of the robot, and (4)
stochasticity in the dynamics of the environment. Similar locations

could be considered in closed-loop QD-RL environments [1, 8].

2.2 Distribution Type

Another key property of UQD tasks is the distribution of the noise
or stochasticity. Most previous work in UQD used Gaussian or
Uniform distributions. However, more complex distributions such
as skewed, multi-modal, or non-continuous distributions can lead
to interesting properties as will be discussed later in this paper.
Depending on the uncertainty location within the environment,
the structure of this distribution will then be shaped and modified
to give the final fitness and descriptor distributions, leading to
complex uncertainty structures.

2.3 Distribution Parameters

Varying the parameters of a distribution may also have a signifi-
cant impact on the performance of UQD algorithms. For example,
gaussian descriptor distributions with a very low variance may
have a negligible impact on an algorithm’s results; indeed, if an
individual’s descriptor has a low variance, then most re-evaluations
of that descriptor will land in the same behaviour niche (i.e. MAP-
Elites cell). Conversely, a really large fitness variance can make the
comparison between two fitness values almost non-meaningful and
thus prevent convergence.
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Figure 2: Distributions in the Performance-estimation tasks.

3 REDUNDANT ARM UQD BENCHMARK

3.1 Redundant Arm

The Redundant Arm [2-4], illustrated in Figure 1, is one of the
most commonly used QD benchmark task. It aims to learn how to
achieve every reachable point with a planar N-DoF robotic Arm:

e Controller: real-valued angles of the N-DoF: 6; = (9{)131-31\].

e Descriptor: defined as the (x,y) position of the end-effector,
after applying the control values in the joints.

e Fitness: in this paper, we consider two versions of this task:
(1) fitness 0 for all individuals. )
(2) fitness as negative variance of the N joint angles (9{ )1<j<N:

fi==V(0) =~ T, (6] - 0)°.

3.2 UQD Benchmark Tasks

In the following, we propose a set of benchmark UQD tasks in
the Redundant Arm environment, chosen to illustrate some of the
common challenges in UQD. As highlighted by Flageat and Cully
[7], UQD approaches usually tackle two main problems:

e Performance estimation: correctly estimating the expected
fitness E, o, [fi] and expected descriptor Eg,. p, [di] of solu-
tions from their evaluations.

o Reproducibility maximisation: encouraging solutions that are
more likely to get similar fitness and descriptor values from one
evaluation to another. This corresponds to maintaining solutions
with lower variance of fitness V. ¢ - [fi] and variance of each

descriptor dimension V D [dl]] This issue only arises in
i~ ~d)
tasks where solutions can have different variances.

In Section 4, we present 5 benchmark tasks designed to assess the
Performance estimation ability of UQD algorithms; and in Section 5,
we introduce 2 other tasks to assess their ability to select repro-
ducible solutions. We also propose in Section 6 a more realistic task
that combines both problems. For each section, we give some pre-
liminary results obtained by MAP-Elites and MAP-Elites-sampling
(MAP-Elites-smpl) with 30 samples [7, 12] with 100 X 100 grid, two
approaches used as baselines in existing UQD works [6, 7, 11, 12].
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‘With Sampled Noise
on 6 joint 9

__ Low Reproducibility __ High Reproducibility
Figure 3: Illustration of the effect of noise applied on the 6!h
joint of 2 distinct arm configurations 6; (left) and 0, (right).
The red crosses indicate the sampled descriptors, and the blue
cross their average. The descriptor reproducibility achieved
by 0, is way higher than the one achieved by 0;.

4 PERFORMANCE ESTIMATION TASKS

In this section, we propose benchmark tasks that assess the ability
of UQD approaches to estimate performance. We consider two
cases: tasks where only the fitness is a distribution and tasks where
only the descriptor is a distribution. One can easily combine these
cases to get complex tasks with noise on both. These tasks all build
on the Redundant Arm with non-zero fitness from Section 3.1. We
introduce each task below, give corresponding equations in Table. 1
and Figure 2, and some results in Figures 4 and 5.

4.1 Gaussian Fitness Noise

Gaussian noise on the fitness is the most commonly used noise
distribution in previous UQD works. Here, the variance parameter
o2 for this distribution can take almost any value. The results shows
the benefit of sampling-based approaches in this case (Fig. 4).

4.2 Bimodal Fitness Noise

One of the particularity of Gaussian distributions, as proposed in
the previous section, is that sampling is always beneficial. Here, we
propose a task where too low number of samples can actually be
detrimental. We define a bimodal distribution with a distant low-
probability second mode. This second mode is really detrimental
for low number of samples, leading to an interesting phenomenon
where MAP-Elites outperforms MAP-Elites-sampling (Fig. 4).

4.3 Small-Gaussian Descriptor Noise

Gaussian noise on the descriptor is the most commonly used noise
distribution in previous UQD works. The value of the variance
o2 for this distribution is critical. Here, we consider small values
that lead individuals to stay with high probability within the same
behavioural niche (i.e. MAP-Elites cell). The results show the benefit
of sampling-based approaches in this case (Fig. 4).
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Figure 4: Results on the Performance-estimation benchmark tasks. Each column corresponds to one of the tasks from Table 1.
For each baseline, we give the Illusory (left - dashed line) and Corrected (left - plain line) QD-Score and Coverage [7, 11]. Solid
lines are the median across 5 replications, and shaded area the quartiles. We also give the QD-Score loss (right - top) and
Coverage loss (right - bottom) from Flageat et al. [5], that quantify the estimation capability of each baseline.
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In this second version, we choose the standard deviation ¢ to be
sufficiently high to lead solutions to change behavioural niche
with high probability. This task makes the correct estimation of - :
descriptor highly complex. For instance, with a MAP-Elites grid U MAPEites-Comscied . _Wantessmpl-Coricied | MAPEles-Corecied | _MAREitesimpl- Coracted
of size 100 X 100 and a value of ¢ higher than 0.1, most descriptor .
estimates with fewer than 100 samples will not be placed in the
appropriate cell. The results highlight the limitation of MAP-Elites
and MAP-Elites-sampling in this case (Fig. 4 and 5).

—

Figure 5: Illusory (top) and Corrected (bottom) archives for

4.5 Bimodal Descriptor Noise the two Performance-estimation descriptor noise tasks.
The Bimodal distribution is the equivalent of the Bimodal Fitness 5.1 Gaussian Descriptor Noise with Two
Noise from Section 4.2 for the descriptor. In this task, the noise takes Possible Variance Values

the form of a bimodal distribution in 2 dimensions with a distant . . . .
o . N We first consider a simple task where there are two distinct possible
low-probability second mode (see Fig. 2). This distant second mode . . 5 D)
o . ; values of variance for the descriptor: one small o] and one large oy
makes it difficult to estimate expected descriptors based on a low

Thus, soluti ding in th, 11 be either highl -
amount of samples, which is why MAP-Elites-sampling achieves us, Sorubions Encing 1 Hie same cet can be elther igh'y repro
. . ; ducible or poorly reproducible. In this task, we attribute variance
the worst results in this task (Fig. 4 and 5).

based on phenotype: we give low variance 012 to solutions with
positive product of joint angles, and high variance og to the oth-
5 REPRODUCIBILITY MAXIMISATION TASKS ers. Ideally, as the fitness is the same (zero) for all solutions, UQD
approaches are expected to prefer low-variance solutions to high-
variance ones. However, the results show that none of the two con-
sidered approaches manages to select reproducible solutions across
the descriptor space, unlike MAP-Elites-sampling-Reproducibility
[11] (Fig. 6 and 7). UQD algorithms require more complex mecha-
nisms to be able to effectively solve this task [7, 11, 12].

In this section, we propose 2 benchmark tasks that assess the abil-
ity of UQD approaches to keep solutions with high reproducibil-
ity. To simplify the problem, we consider only the reproducibil-
ity in term of descriptor, and we only focus on the Redundant
Arm with zero-fitness from Section 3.1. We introduce each task
below, give corresponding equations in Table. 2, and some results
in Figures 6 and 7. To quantify the performance of approaches,

we display the Reproducibility-Score as defined by Flageat and 5.2 Gaussian Descriptor Noise with Continuous

Cully [7]. Additionally, inspired by Grillotti et al. [11], we add as Variance Values

baseline MAP-Elites-sampling-Reproducibility (MAP-Elites-smpl- We propose a more complex version of the previous task, with
Reproducibility), which directly optimises for the reproducibility the aim to refine the study of UQD algorithms in reproducibility-
of solutions. maximisation tasks. In this task, the variance can take any values,
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Figure 7: Reproducibility archives [7] for benchmark tasks
of Reproducibility-maximisation and Realistic-combination.

continuously, within a range. Here, we attribute variance propor-
tionally to the variance of the joint angles. Ideally, as the fitness is
the same (zero) for all solutions, UQD approaches are expected to
select the most reproducible solutions for each cell. However, as for
the previous task, results in Figure 6 show that neither MAP-Elites
nor MAP-Elites-sampling favour reproducible solutions.

6 REALISTIC COMBINATION TASK

In addition to the targeted tasks proposed in the previous sections,
we propose here one more realistic task that combines both the
issues of performance estimation and reproducibility maximisa-
tion: the Gaussian Phenotype J noise. We give the corresponding
equations in Table 3 and some results in Figures 6 and 7.

6.1 Gaussian Phenotype J Noise

In this task, we propose to change the uncertainty location to
consider the phenotype (i.e. the joint angles). Noise is applied on
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only one single pre-defined joint angle, and all solutions have zero-
fitness. UQD algorithms are expected to maximise the reproducibil-
ity of the solutions while also providing accurate estimates of their
expected descriptors. In this task, the best solutions are fully repro-
ducible, i.e. have a descriptor variance of 0, as depicted on Figure 3.
The results show that MAP-Elites and MAP-Elites-sampling do not
manage to find these solutions (Fig. 6 and 7).

7 CONCLUSION AND DISCUSSION

This paper presents the first set of Uncertain Quality-Diversity
benchmark tasks. Each of these tasks aims to highlight one limi-
tation of existing QD algorithms in uncertain domains and points
toward interesting directions of improvement. They are all defined
for the Redundant Arm, a commonly used QD environment. In
total, we propose 8 tasks that can be split into 3 main categories:
Performance-estimation, Reproducibility-maximisation and Realis-
tic tasks. The first two correspond to the two main issues that arise
when considering Uncertain domains, as highlighted in previous
work. We hope that this paper will constitute a meaningful first
benchmark for later advances in UQD and that it will lead to more
similar tasks to assess QD algorithms in Uncertain domains.
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