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Abstract

Bayesian optimization (BO) is a popular approach
for sample-efficient optimization of black-box ob-
jective functions. While BO has been success-
fully applied to a wide range of scientific appli-
cations, traditional approaches to single-objective
BO only seek to find a single best solution. This
can be a significant limitation in situations where
solutions may later turn out to be intractable.
For example, a designed molecule may turn out
to violate constraints that can only be reason-
ably evaluated after the optimization process has
concluded. To address this issue, we propose
Rank-Ordered Bayesian Optimization with Trust-
regions (ROBOT) which aims to find a portfolio
of high-performing solutions that are diverse ac-
cording to a user-specified diversity measure. We
evaluate ROBOT on several real-world applica-
tions and show that it can discover large sets of
high-performing diverse solutions while requiring
few additional function evaluations compared to
finding a single best solution.

1 INTRODUCTION

Bayesian optimization (BO) Jones et al.|(1998)); [Shahriari
et al.| (2015)) is a general framework for optimizing black-
box functions arg min,. f(x*) in a sample-efficient fash-
ion. BO has been successfully applied to hyperparameter
tuning Snoek et al.[(2012b); [Turner et al.|(2021), A/B test-
ing|Letham et al.|(2019)), chemical engineering Hernandez{
Lobato et al.|(2017), drug discovery Negoescu et al.|(2011)),
and more. For example, f may measure the antibiotic ac-
tivity of a molecule x, and we might therefore apply BO to
design a molecule with high antibiotic activity.

In many of these settings, however, the fact that BO tradi-
tionally seeks a single best optimizer x* may be a significant

Proceedings of the 26™ International Conference on Artificial Intel-
ligence and Statistics (AISTATS) 2023, Valencia, Spain. PMLR:
Volume 206. Copyright 2023 by the author(s).

Jacob Gardner
University of Pennsylvania

David Eriksson
Meta

limitation. This “all-or-nothing” attribute of BO is particu-
larly undesirable for problems where the returned x* may
indeed optimize some useful objective, but is later found
to be unsuitable for unforeseen reasons. For example, a
molecule x* may have strong in vitro antibiotic activity, but
may later be found unsafe or ineffective for use in humans
through clinical testing. Worse, incorporating constraints
like human safety directly into the optimization procedure
of unknown molecules seems intractably expensive at best
and unethical at worst.

In these settings where the risk of wasting the evaluation
budget in search of x* is high, practitioners benefit from
being given—in addition to the best single optimizer we
can find-a series of alternative solutions to the problem:
a set of “back up plans.” Formally, we might seek a set
S* = {x},x35,...,x},} of solutions that are all of high ob-
jective value, but we may require that these solutions are
sufficiently diverse to ensure that this set of solutions is less
likely to later fail for unrelated reasons. The practitioner
may therefore provide us with a symmetric diversity mea-
sure §(x,x’) that must exceed some threshold 7 for all pairs
of solutions in the set S*. For example, a biochemist may
require that molecules in S* have sufficiently low finger-
print similarity Brown et al.|(2019). Solving this problem
efficiently equips practitioners with large sets of potential
solutions to their true problem, which can mitigate the risk
that a single optimizer fails to be useful. This diverse so-
lution search problem is challenging to cast under existing
BO frameworks. The diversity constraints §(x;,x}) > 7
are challenging to view as traditional black-box constraints,
as the constraint functions for the jth point in S* depend on
the locations of the other points in S*.

In this paper, we propose ROBOT, a method to solve the
above problem and find a diverse set of high scoring so-
lutions S* so that Vx},x} € S, 0(x],x}) > 7. Across
a variety of problem settings ranging from reinforcement
learning to molecule design, ROBOT is able to discover large
sets of diverse solutions S* with little loss in efficiency over
finding a single best solution.

Contributions

1. We introduce the problem setting of finding a set of
high-performing solutions under a user-defined diver-
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sity measure While prior work outside the BO liter- Constrained Bayesian optimization. While it may be
ature has considered a similar setting where diversitgempting to attempt to formulate our problem as a con-
is taken to be distance in input space (&.g. Vassiliadestrained BO problem Gardner et al. (2014); Hernandez-
et al| (2016)] Mouret and Cluhe (2015)), this is the Lobato et al. (2016); Eriksson and Poloczek (2021), this is
rst work we are aware of to consider arbitrary, user-challenging as the constraints depend on th&setnd are

de ned diversity measures like ngerprint similarity therefore non-stationary. In particular, ttie point inS ,

for molecules. X; , must satisfy 1 constraints that depend ag; ::;; X; 4

) o . which are unknown in advance. One potential solution is to
2. We propose a local Bayesian optimization solutlon,acquire the points iS sequentially. Speci cally, uncon-

ROBOTTo this problem that extends to large samplegyyained optimization can be used to obtajn the second
sizes, high dimensional inputs, and structured inputs. ,int can then be acquired subject to the single constraint

3. We provide empirical results across challenging, highthatd(X;;xz) ~, and so on. As a baseline, we adapt the
dimensional optimization tasks to show that our a|go_work of Eriksson and Poloczek (2021) to utilize this strategy,

rithm can consistently produce large populations ofVhich we refer to aSequential SCBO  in section 4.

diverse, high-preforming solutions withrtually no S _ o
loss in ef ciencycompared to nding ainglesolution. Multi-objective Bayesian optimization (MOBO). There
has been much work in developing new methods for MOBO

4. We additionally demonstrate results on structured drugn recent years Hernandez-Lobato et al. (2015); Belakaria
discovery tasks using the widely used ngerprint simi- et al. (2019); Turchetta et al. (2019); Daulton et al. (2021).
larity function as a diversity measure, demonstratingHowever, these methods cannot be readily applied since our
the value of our approach to practitioners in the physiproblem setting is quite different. Diversity in our setting is
cal sciences. not a second objective since we do not try to maximize the

. diversity, but instead we require that the diversity between

5. We prove global consistency ®*OBOTIN [SUBS€E- i of solutions exceed some thresholdFor example, if
fion A.3. two molecules are suf ciently diverse, they can be expected

6. We release an open-source implementatioROBOT t[O have_ relativ_ely_unre_lated chemical properties and further
using BoTorch[(Balandat et &I, 2020). increasing their diversity may not provide much value to the

practitioner. If one desires to simultaneously maximize the

diversity between solutions, this becomes a very different
multi-objective problem. Using existing MOBO methods
for even this different problem setting is itself non-trivial

Bayesian optimization. Bayesian optimization (BO) pecause any diversity measure cannot be measured for a

Mockus (1975)[ Snoek et al. (2012a) is an approach t@jingle point in isolation and the Pareto frontier therefore

sample-ef cient black-box optimization that utilizes a prob- goes not exist in the usual sense. This prevents the direct

abilistic surrogate modelcommonly a Gaussian process gppjication of methods such as that of Konakovic Lukovic

(GP)[Rasmussen (2003)-and @guisition functiorthal et al. (2020) which seek to maximize diversity along the
leverages the surrogate to nd the most promising candipgreto frontier.

dates to evaluate next. BO is a sequential optimization

algorithm that proceeds in iterations. In each iteration, a5enerative modeling for molecules. Many generative

surrogate model is trained on data collected from evaluatingnode”ng approaches have been proposed to generate popu-
the black-box objective function. The acquisition function,|ations novel molecules. This includes variational autoen-

de ned given the surrogate model's predictive posterior, iS;ger models such as the Junction Tree Variational Auto

then maximized to select one or more candidates to evaluatenoder Jin et al. (2018) and the SELFIES-VAE Maus et al.
next, trading off exploration and exploitation. (2022). Populations of molecules generated by sampling

) ) from these models can be evaluated for diversity and va-
Parametric Gaussian process regressors (PPGPR)Be- ity using methods such as Xie et al. (2021). However,
cause we consider task; with large function evaluation quNhiIe these models can successfully generate diverse pop-
gets, we use an approximate GP surrogate model. ApproXifations of molecules, they are not designed to generate
mate GP models use inducing point methods in combinatiomolecules with any particular user speci ed characteristics.
with variational inference to allow approximate GP 'nfer'Thus, when we desire a diverse population of molecules
ence on large data sets Hensman ef al. (2013); Titsias (200Q)nich also each have some set of desirable traits, it becomes

In this work, we use the PPGPR approximate GP model prahecessary to use black box optimization tools on top of these
posed by Jankowiak et al. (2020), which we found providegyenerative models.

substantial improvements in Bayesian optimization perfor-
mance on the molecule optimization tasks we consider.

2 BACKGROUND AND RELATED WORK
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Bayesian optimization for molecular design. BO has didates from within a hyper-rectangulaust regionT; and
been utilized extensively in recent years for molecular dea batch of candidates is selected from across all local opti-
sign problems, both over xed pre-de ned lists of existing mizers in each iteration. Because acquisition is performed
molecules (Williams et al., 2015; Hernandez-Lobato et al.globally across all trust regions, local optimizers with the
2017; Graff et al., 2021) and by utilizing the continuous la-most promising evaluations of the objective receive a larger
tent spaces of variational autoencoders (Gémez-Bombarelfraction of the evaluation budget. Each trust reglpis a
etal., 2018; Eissman et al., 2018; Tripp et al., 2020; Grosrectangular subset of the input spaceentered at the best
nit et al., 2021; Siivola et al., 2021; Jin et al., 2018). In point found by theth local optimizer—théncumbentx;
latent space optimization, an encodex) is used to map and has a side-length 2 [ min ; max ]- If @ local optimizer
molecules to real-valued latent vectors BO is then ap-  improves upon its own incumbengc. times in a row, ; is
plied in the continuous latent space, and candidate latenbcreased tanin(2’;; "max ). Similarly, when a local opti-
vectors are decoded using the deco(ler) to generate can- mizer fails to make progress, times in a row, the length
didate molecules. Maus et al. (2022) introduce an extension; is reduced to=2. If *; < " i, , that local optimizer is
of TURBOETriksson et al. (2019) to the latent space optimizarestarted. WhileTuRBOM is not directly applicable to
tion setting where the surrogate model and VAE are traineaur problem setting, we will also use multiple trust regions
jointly using variational inference — in our molecular designwith the same length adjustment dynamics. Additionally,
results in section 4 we will make this same adaptation fowhile TURBOM keeps a separate data history for each trust
our method. region, other trust region methods suchi®@RB®aulton

et al. (2021) allow data sharing such that trust regions can
Population generation algorithms. Although some gen- be recentered on candidates from the data history of other
eral frameworks have been proposed to extend Bayesiadnust regions.
optimization techniques to problems outside of optimization
Neiswanger et al. (2021), to the best of our knowledge, thi83 METHODS
work is the rst to consider the setting of nding multiple
solutions under user speci ed diversity constraints usin

Bayesian optimizatign. Wwe therefore compare to pop_ulafor some high-dimensional objective functibg). For a
tion generation algorithms designed to generate populauonaiven inputx, we can evaluaté(x) to obtain a (possibly

of solutions, some of which are designed for “quality di-_ . o . :
; noisy) objective valug/. To measure diversity, we use
versity” Hansen (2016); Mouret and Clune (2015); Kent Y) obj 4 Y

. symmetric, user-supplied functiofx ; x») de ned on
and Branke (2020); Vassiliades et al. (2016); Mouret ancg y PP (1 x2)

Yne consider the task of nding a diverse setMf solutions

: . ) airs of points in the search spaXe Formally, we seek a
Maguire (2020); Gaier et al. (2018); Wessing and Preus equencpés = fyarre X\ g sr()) that: M
(2017). Most relevant is theVT-MAP-Elites  algorithm ' LM :

Vassiliades et al. (2016) which extends much of this work toy . = arg max f (x) (1)
high-dimensional optimization tasks by avoiding construct- X 2X
ing exponential discretiziations as in e.g. Mouret and Clunex; = argmax f (x) sit: (x; 1 X;) forj =1;:::;1 1
(2015); Kent and Branke (2020); Gaier et al. (2018). How- x2X

ever, these algorithms measure diversity via distance in thE:Jnder this formalization of the problem setting, the optima
search space, and are not straightforward to adapt to USG's are de nedhierarchically. In particular, we explicitly

speci ed notions of diversity. In section 4 we show thes(_astill wish to recover the best possible optimizgrof the

apprqaches can fail to .nd d|verse'solut|ons fgr many c?pt"original objective. This choice of formalization is deliber-
mization tasks when using semantically meaningful notions, . r goal in this paper is to develop a method that stil
of diversity.

optimizes the given objective functidr( ) as a practitioner

Trust Region Bayesian Optimization (TURBO) Tra- May expect, butalso produce alternative high quality solu-
ditional approaches to BO are generally limited to low-tions that are meaningfully different to the optimum as a
dimensional problems with at most twenty tunable paramby-product with as few additional evaluations as possible.
eters Frazier (2018). Many methods tailored for high-

dimensional BO are only suitable for small evaluation bud3.1 Rank-Ordered Bayesian Optimization with Trust

gets and generally make strong assumptions on the underly-  Regions ROBOYT

ing black-box objective function Kandasamy et al. (2015);

Wang et al. (2016); Letham et al. (2020); Mutny and Krause!n this section, we proposROBOT- an algorithm which
(2018). extends Bayesian optimization to the problem setting above.

We demonstrate the global consistency of our approach
Eriksson et al. (2019) propos@diRBOM which maintains i subsection A.5. In order to nd a set &1 solutions,
M local optimization runs, each with its own dataBet ROBOTnaintainsM simultaneous local optimization runs
and surrogate model. Each local optimiz@roposes can- ysingM individual trust regions. As in prior work, trust
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regions are de ned as rectangular regions of the input spac®enote byP; the set of all candidate points which have
e.g. T, X , with side lengths de ned using standard already been selected from each of the higher-ranking trust
Euclidean distance. We note that it would be interesting taegionsTy; T,; ::;; T; 1. We select a batch of candidates
explore the setting where trust region side lengths are insteaitom among those points i@; that are feasible with respect
de ned with respect to the diversity measulg; ); however, to all points inP;:

the problem of even sampling candidatéocations from

within such a trust region becomes challenging in the general F=fcjc2C;8p2P (cip) g

setting. . o : o
If F is empty, then no point in the discretization of the

Each local run aims to nd a single diverse solutioxy,  interior of T; was feasible, and we select no candidate from

which together form the desired sgt. In our problem T, in this round. Because our experiments are run mostly
de nition, the solutionx; is only constrained with respect on high dimensional settings where the trust regions are
to prior solutions, e.g. foy <i . Mirroring this, we as- separated by relatively large distances, we found this to be
sign a hierarchical rank-ordering to thé trust regions, an extremely rare occurrence empirically, happening only a
T1; T2; 5 Tm , so that the local optimization rufy respon-  handful of times across all experiments.

sible for nding x; is only constrained by local optimizers

T withj <i . Trust region modi cations. In each iteratonROBOT
recenters the trust regions such that the currerBsedf-

Acquiring candidates. Because the diversity constraints ter ijterationt approximatingS is equivalent to the set of

are non-stationary, they must be handled in an online fashloa” centers XI T X?\—/I . When trust regions select new
as we explore the input space. A natural way to accomplisitenters, all diversity constraints change, and since higher-
this is to enforce diversity with respect to all candidatesranking trust regions are unconstrained by subordinate ones,
chosen by the optimization procedure. Mirroring the optithey may re-center on candidates that cause subordinate
mization problem in Equation 1, in each iteration of opti-trust region incumbents to violate these new constraints.
mization we select candidatesfrom each trust regiom; to  This would render some points B suddenly infeasi-
improve over its own incumberik; ;y; ) using a similarly  ple. To remedy this, in each stepwe greedily recon-

hierarchically-constrained acquisition function: struct the feasible s&' using the full set of data points
= . D evaluated so far by all optimizers. In particular, we set
1= ar%{?f‘x (x:y1) S = fxgt); :::;xffﬂt)g, where:
Ri =argmax (X;y') st (X; R 8j <i 2
= argm (xyi) (X %) j &) %% = argmax y
(x;y)2Dy

Here, may be a standard maximization acquisition func- X?(t) —argmaxy st: 8j<i (X th)) 3)
tion such as Expected Improvement (El), afidrefers to (x1y)2D, .

the best objective value observed so far byitheoptimizer.

By asymmetrically constraining candidates, we select diwe then re-center trust regidn on Xiqt). As aresultT; is
verse sets of candidates. Furthermore, because high rankig@ivays centered on the best-scoring point found by any trust
trust regionsT; are less constrained they are unimpeded byegion, T, is centered on the best remaining point which
lower-rank trust region3; wherei <] . As a consequence s suf ciently diverse from the new center @k, and so

of this, the highest ranking trust regiof, is never im-  on. In addition to recentering, we note that optimizés
peded by any other trust region. For an illustration of thispnly attempting to improve on its own current incumbent
see Figure 1. Sinceis an arbitrary user-de ned black-box objective value (subject to its own diversity constraints), and
function, the above optimization problem is challengingnot trying to improve over the globally best value observed
However, when the acquisition function maximization is so far (e.g. yi). Therefore, trust region successes and

approximated via a discretization of the input spAeea rel-  failures as described in section 2 are de ned with respect to
atively common approach-the above optimization remaingach trust region's own incumbent.
straightforward. Nevertheless, a reliance on discretization

motivates the usage of a modi ed Thompson sampling prog|obal surrogate model The recentering procedure de-
cedure that we describe below. scribed above can recenter a trust regipron any data

point in the entire optimization histo, not merely its
Thompson Sampling Another approach to acquisition is  own local optimization history. This makes the use of local
to use hierarchically constrained Thompson Sampling (TS)sP surrogate models for each trust region ill suited to the
To accomplish this, we select a candidtdor each trust  task, asT; may move to locations that were not acquired by
regionT; one at a time, in rank-order. To select a candidatets own local surrogateROBOTherefore instead maintains
Ri fromT;, we sample pointsC; = fci1;Ciz; i Cir gfrom 3 single global surrogate model acrosshlkrust regions.
Ti. We then sample a realizaticb'\rﬁci,- ) for each of these. The bene t of this is isolated in Figure 5.
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Figure 1: Diagram of three rank-ordered subordinate trust regions, Grédne Purple. (Left) Each trust region
generated candidates(Middle) Starting withT,, we discard candidates in subordinate trust regions that violate diversity
constraints with candidates in. (Right) We repeat this procedure wiih, removing infeasible candidates frorg.

4 EXPERIMENTS Plots. For each task, we plot the objective value of the
current feasible set dfl solutions obtained after a certain
We applyROBOTto ve high-dimensional BO tasks for number of function evaluations. All plots witl = 1 show
which nding a diverse set of solutions is desirable. We the objective value of the single best solution found, and are
additionally optimize diverse S&B00investment portfo- included to highlight the loss in ef ciency incurred by all
lios in the appendix. Three of these tasks are continuousethods when seeking larger sets of solutions. For baselines
problems that enable direct applicationROBOTas de- such as Standard BOURBQ andTURBOGM which are
scribed in section 3. The last three are structured moleculdesigned to nd a single solution rather than a diverse set,
optimization tasks. we plot the mean objective value of the béttfeasible
solutions found in the history of the run.

Implementation details and hyperparameters. We im- s piots are averaged over multiple runs and show stan-
plementROBOTeveraging BoTorch Balandat et al. (2020) dard errors. The expensive Guacamol experiments used

and GPyTorch Gardner et al. (2018), with code available ajg repetitions, while all others use2D. On many plots
https://github.com/nataliemaus/robot A we include runs oROBOTk—i.e., our method seekirig
trust region hyperparameters are set toth®BOdefaults | tions—fork > M . While one would in practice always
as used in Eriksson et al. (2019). Particular choices of NeW,n ROBOTM when seeking!l solutions, these results

task-speci ¢ parameterd , , and () are motivated in  yoqnstrate the loss of ef ciency of discoveriig solu-

the corresponding section for each task. Since we consid(-{:irons when seeking more. For plots where we show gures
large numbers of function evaluations for several tasks, WEith differentM . we do not ploROBOTK for k < M

use an approximate GP surrogate model. In particular, we
use a PPGPR for all tasks Jankowiak et al. (2020). ThPBaseIines. In all plots, we compareROBOTagainst

number of random points used to initialize optimization iSTuRBQ TURBOM , and an alternative diverse optimization
kept consistent across all methods compared for each ta%\'fgorithm involving’ sequential runs of constraifBaRBO
and is included in the x-axis of all plots. We use Thomp-

n sampling for all experiments. S bsection A2 f $seeSequentiaI SCBO description below). Since these
son sampling for afl experiments. >ee subsection A. 0algorithms are variants dfuRBQ each can be adapted to
additional implementation details.

the latent space BO setting using an analogous version of

. . LOL-BO.
Extending ROBOTo the structured BO setting. To ex-

tendROBOTo the structured setting for the molecule op-We denote these latent space adaptations using notation:
timization tasks, we use the pre-trained SELFIES VAELOL-BO, LOL-BO-M, and Sequential LOL-SCBO
introduced by Maus et al. (2022) to map from the strucApplying end-to-end training to each baseline allows them
tured molecule space to a continuous search space whel@be directly compared toOL-ROBOTfor the three molec-
Bayesian optimization can be directly applied. Additionally, ular tasks.

as inLOL-BO (Maus et al., 2022), we periodically train the Note that wherM = 1, TURBOM , and Sequential

surrogate model joiqtly with the VAE end-to-end in orFier tQ SCBQare the same algorithm so we only pltRBO

encourage the continuous latent space to be organized in a _

way that is more amenable to optimization. Although baselines such &andard BO , TURBQ and
TuRBOM are designed to nd a single solution rather than

We refer to this extension #OBOTasLOL-ROBOT M diverse solutions, we compare to them in plots with



Discovering Many Diverse Solutions with Bayesian Optimization

M > 1 by plotting the mean of the bekt diverse solutions this is due to the usage of input space distance as a diver-

found by the method along the way. sity measure, which does not necessarily correlate with the
more semantically meaningful diversity measurdrajec-

SequentialSCBOBaseline As discussed in section 2, we tories found by multiple runs cfuRBOand a single run of

can cast our problems as a constrained optimization problerROBOTare depicted in the middle right and rightmost plots,

if the solutions inS are generated sequentially—e.g., theclearly demonstrating diversity.

constraints forx, are well de ned given a xedx,;. To

directly compare against this alternative, we 8@©BOM 4.1.2 Learning Robust Lunar Lander Policies

times in a row, where thé&h run of SCBOhas diversity o )
constraints against all solutions found from ryns i . The lunar lander optimization task seeks a control policy

We additionally make several modi cations to improve the that enables an autonomous lander to_ land without crashing
ef ciency of this algorithm. We start each sequential run ©N @ randomly generated set of terrain environments. The
from the best point observed on any previous run whicHPPI€ctive function is de ned as the average reward of the
meets the new set of constraints. Additionally, we maintainP0licy obtained on a set of environments. We optimize

the same surrogate model across sequential runs rather thi}f Same controller as in (Eriksson et al., 2019). Although
discard data. TuRBO nds policies that land on the training environments,

we nd that these policies sometimes crash when tested on

4.1 Continuous BO Tasks unseen environments.

In this section, we consider two optimization tasks for which Diversity function  and threshold . Since there is no
nding a diverse set of solutions is useful-optimizing the 0bvious semantically meaningful measure of diversity be-
trajectory of a mars rover, and optimizing the policy usedtween two policies for this task, we de neto be the eu-

by a lunar landing device. clidean distance between two policies. We choose0:6
since, for larger values of, the random set of 1024 poli-
411 Rover cies used to initialize optimization often did not contain a

suf cient number of feasible policies to start from.
The rover trajectory optimization task consists of nding
a60dimensional policy that allows a rover to move along Results. To demonstrate the value of this notion of diver-
some trajectory while avoiding a set of obstacles Wang et akity in this setting, we usROBOTo nd a diverse set of 20
(2018). This optimization problem is useful as it allows uspoliciesS and then construct a single robust policy which
to directly visualize the diverse paths found by optimizationsimply takes the majority vote action of the diverse policies
X; atevery step. For comparison, we generate twenty poli-
Diversity function andthreshold A meaningful diver- cies by runningrTuRBOsequentially twenty times (requiring
sity measure is one that requires the resulting trajectories t20 as many evaluations). In Figure 3 (right), we plot a
take distinct routes around the obstacles. To measure the disistogram of rewards obtained by each of these strategies
tance between two trajectories, we use the one-way-distanagn 200 unseen environments. Without diversity constraints,
( owp ) metric from Su et al. (2020). The obstacles usedthe policies obtained byuRBOoccasionally achieve catas-
in the rover environment are squares of side ler@@  trophically low rewards. However, the ensembled 20 diverse
and all four sides of each obstacle ar&from the side of  policies never fail to land across this larger set of environ-
some other obstacle (see Figure 2). Since our goal is to ndnents.
diverse trajectories which take different routes around th

obstacles, we therefore set 0:15. q’o demonstrate optimization ef ciency, we plot function

evaluations versus mean objective value found in Figure 3.
We show results for optimizing a set = 1 and20
feasible policies. Despite distributing its evaluation budget
to nd twenty diverse solutiondROBOTincurs only a3
Y%lowdown. AlthoughCVT-MAP-Elites  converges faster,
ROBOTeventually obtains a higher mean objective value.
This task is particularly well suited f@VT-MAP-Elites

as it uses input space diversity measures. This task is one of
the least successful fROBOTas discovering 20 policies

Results. Results on this task foM = 3 trajectories
are displayed in Figure 2. The leftmost gure depicts
convergence speed of the top trajectory optimized onl
ROBOTM incurs no decrease in ef ciency for nding the
best trajectory foM = 3, desite also nding (middle left)
three diverse trajectories of equivalent reward to the rst. Al-
though Standard BO fails to nd a good single solution (left-

most gure), it outperformsTuRBOwhen ndingM > 1 : .
. . : . requires roughly6 as many evaluations, where as most
solutions (middle left gure). Standard BO is less myopic, S : O -
tasks in this section require signi cantly fewer additional

and therefore nds a larger number of diverse trajectories

with positive rewardCVT-MAP-Elites performs worse evaluations. Nevertheless, this is still better than linear
: slowdown.
than all other baselines when we take the average of the top

three diverse solutions found (middle left gure). Likely,
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Figure 2: (Left, Middle Left) Rover optimization results where feasible trajectories have a minimum one-way-distance
(OWD) of 0:15. Note that in the leftmost gureTuURBOandROBOTpreform similarly so the curves overlap and are dif cult

to differentiate. Similarly foTuRBOandTURBOM in the middle left gure.(Middle Right) 15 optimized trajectories
found by15individual runs ofTuRBO(without diversity constraints(Right) Three diverse trajectories found ROBOT

Figure 3: (Left, Middle Left) Lunar lander optimization, feasible policies have a minimum Euclidean distance of 0.6
in parameter space. Note that in the leftmost gue® T-MAP-ELITES andROBOT5 preform similarly so the curves
overlap and are dif cult to differentiatgMiddle Right, Right) Rewards obtained by majority vote ensembl@policies

for 200 new environments(Middle Right) Set of policies obtained b0 independent runs ofuRBQ (Right) Set of
policies obtained by a single run BIOBOT20.

4.2 Molecular BO Tasks Additional baseline. In the molecule design setting, ad-
ditional methods outside of BO have been proposed that
The Guacamol benchmark suite Brown et al. (2019) containgpeci cally produce populations of solutions. While these
scoring oracles for a variety of molecule design tasks, withhopulations are not speci cally constrained to be diverse
scores ranging between 0 and 1. Of these tasks, we selggtany way, the Guacamol scoring procedure often scores
two, Sitagliptin MPO and Valsartan SMARTS ,  the entire population generated. Therefore, we additionally
for which high-SCOfing molecules found lh.pL'BO tended compare td;raph GA Jensen (2019)’ one of the top per-
to have high ngerprint similarity, making a search for di- forming methods on the Guacamol benchmark leaderboard.
verse solutions particularly desirable. The task de nitions
are discussed in Brown et al. (2019). Because it is arguablyersity function and threshold  Fingerprint similar-
the most commonly studied molecule optimization problemity (FpS) measures how similar two molecules are Brown
we includePenalized Log P resultsin the appendix. et al, (2019). We therefore de ne the diversity functiobe-
tween two molecules to be the negative of their ngerprint
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