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Abstract

Preferential Bayesian optimization (PBO) is a
framework for optimizing a decision maker’s la-
tent utility function using preference feedback.
This work introduces the expected utility of the
best option (QEUBO) as a novel acquisition func-
tion for PBO. When the decision maker’s re-
sponses are noise-free, we show that gEUBO is
one-step Bayes optimal and thus equivalent to
the popular knowledge gradient acquisition func-
tion. We also show that gEUBO enjoys an ad-
ditive constant approximation guarantee to the
one-step Bayes-optimal policy when the decision
maker’s responses are corrupted by noise. We
provide an extensive evaluation of gEUBO and
demonstrate that it outperforms the state-of-the-
art acquisition functions for PBO across many
settings. Finally, we show that, under sufficient
regularity conditions, qEUBO’s Bayesian simple
regret converges to zero at a rate o(1/n) as the
number of queries, n, goes to infinity. In contrast,
we show that simple regret under qEI, a popular
acquisition function for standard BO often used
for PBO, can fail to converge to zero. Enjoying
superior performance, simple computation, and a
grounded decision-theoretic justification, gEUBO
is a promising acquisition function for PBO.

1 INTRODUCTION

Bayesian optimization (BO) is a framework for global op-
timization of objective functions with expensive or time-
consuming evaluations (Shahriari et al., 2015). BO algo-
rithms have been successful in broad range of applications,
such as sensor set selection (Garnett et al., 2010), hyperpa-
rameter tuning of machine learning algorithms (Snoek et al.
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2012), chemical design (Griffiths and Hernandez-Lobato|
2020), and culture media optimization for cellular agricul-
ture (Cosenza et al., [2022). In many problems, it is not
possible to observe (noisy) objective values directly. In-
stead, a decision-maker (DM) provides preference feedback,
often in the form of pairwise comparisons between options
shown. This arises in applications such as animation design
(Brochu et al., 2010}, where a DM is shown two different
images and chooses the one with better characteristics (e.g.
realism or resemblance to a target image); and exoeskeleton
gait design (Tucker et al.,|2020), where a DM assisted by an
exoskeleton walks for a short period of time using two dif-
ferent gait configurations and indicates the one that resulted
in more comfortable walking. Preferential Bayesian opti-
mization (PBO) (Brochu et al., 2010;|Gonzalez et al., [2017),
a subframework within BO, has emerged as a powerful tool
for tackling such problems.

As in standard BO, a PBO algorithm consists of two main
components: a probabilistic surrogate model of the DM’s
latent utility function; and an acquisition function (AF),
computed from the probabilistic surrogate model, whose
value at a given set of ¢ alternatives quantifies the benefit
of DM feedback about their preferred alternative in the
set. Several AFs for PBO have been proposed (Brochu
et al.l |2010; |Gonzalez et al., 2017; Benavol1 et al.l 2021}
Siivola et al.L|2021;Nguyen et al.,[2021). However, most are
derived from heuristic arguments and lack a proper decision-
theoretic or information-theoretic justification. For example,
Brochu et al.| (2010) chooses the first alternative to present
to the DM as the one that maximizes the posterior mean of
the surrogate model over alternatives in previous queries.
It chooses the second alternative to present as the one that
maximizes the expected improvement over the posterior
mean of the first alternative. Other works simply adopt
AFs from the standard BO literature (Siivola et al., [2021),
ignoring the fact that preference feedback is observed rather
than direct utility values.

To address the shortcomings of existing approaches, we
study the expected utility of the best option (qEUBO), which
generalizes the EUBO AF proposed by |Lin et al.[(2022) for
a different problem setting, as a novel AF for PBO with a
proper decision-theoretic justification.
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Contributions Our contributions are as follows:

* We propose qEUBO, an AF for PBO. gEUBO has a
sound decision-theoretic interpretation, is simple to
compute, and exhibits strong empirical performance.

We show that gEUBO outperforms the state-of-the-
art AFs for PBO in several synthetic and realistic test
problems. Moreover, we show that gEUBO’s closest
competitor performs well in early iterations because it
is similar to qEUBO but its performance degrades as
the number of queries grows.

We show that, under sufficient regularity conditions,
qEUBO’s Bayesian simple regret converges to zero at
arate o(1/n) as the number of queries, n, goes to infin-
ity. Moreover, we show there exist problem instances
where qEI, a popular acquisition from the standard
BO setting that is often used in the PBO setting, has
Bayesian simple regret bounded below by a strictly
positive constant.

We demonstrate significant benefit of asking queries
with more than two alternatives. This contrasts with
previous work by [Siivola et al. (2021)), which con-
cluded that ¢ > 2 only provides limited performance
improvement.

2 RELATED WORK

Several AFs for PBO have been proposed in the literature.
Most of them are designed via heuristic arguments
or simply reused from the standard BO setting
(Siivola et al}, 2021)). For example, Brochu et al] (2010)

selects the point that maximizes the posterior mean of the
model over points in previous queries as the first alternative,
and the point that maximizes the expected improvement
with respect to the posterior mean value of the first points as
the second alternative. [Nielsen et al.| (2014) proposes to use
the point preferred by the user in the previous query as the
first alternative, and the point that maximizes the expected
improvement with respect to this point as the second alter-
native. For ¢ = 2, qEUBO recovers this AF if we force the
first alternative to be equal to the point preferred by the user
in the previous query and optimize only over the second
alternative. [Gonzalez et al.| (2017) proposes a pure explo-
ration sampling policy along with two AFs based on the
expected improvement and Thompson sampling AFs that
aim to maximize the soft-Copeland’s score. However, the
computation of this score requires integration over the opti-
mization domain, thus making these algorithms intractable
even for problems of moderate dimension.
(2021)) proposes using batch versions of the expected im-
provement and Thompson sampling AFs from standard BO
for selecting the points in each query. Since utility values
are not observed directly, the batch expected improvement

looks more like fi
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Figure 1: Fire particle rendering problem from Section in
which a human user is asked which of two animations looks
more like fire (top). Final rendering results based on fitting a
support vector machine model to 100 comparisons between
random particle effects and then optimizing the predicted
latent decision function over animation parameters (bottom).

is adapted by defining the improvement with respect to
the maximum posterior mean value over points in previous
queries, along the lines of the approach followed by
(2010). Batch Thompson sampling is defined as in the
standard BO setting: each point in the batch is selected as
the point that maximizes an independently drawn sample
from the utility’s posterior distribution. Nguyen et al.| (2021)
proposes the multinomial predictive entropy search (MPES)
AF for top-k ranking BO, a slightly more general framework
where the DM selects her most k preferred alternatives in
each query. MPES selects the query that maximizes the in-
formation gain on the utility function’s maximizer through
observing the DM’s feedback. It can be seen as a principled
adaptation of the predictive entropy search (PES) AF for
standard BO (Hernandez-Lobato et al., |2014)). Like with
PES, the computation of MPES requires approximating an
intractable multi-dimensional integral with respect to the
posterior distribution on the utility function’s maximizer.
This is computationally challenging, especially in problems
of moderate dimension, and inaccurate approximation can
lead to a degraded performance. To our knowledge, the
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Figure 2: log10(optimum value - utility value at the maximizer of the posterior mean) using moderate logistic noise and
g = 2 comparisons per DM query. All algorithms are shown up to 150 queries. gEUBO outperforms other algorithms on all
but one problem.

AFs proposed by Siivola et al. (2021) and Nguyen et almulti-attribute BO. In this context, the DM does not express
(2021) are the only existing ones allowing for queries withpreferences directly over alternatives but over attributes of
more than two alternatives. Finally, Benavoli et al. (2021)these alternatives, which are assumed to be time-consuming
proposes an AF where the rst alternative is the point choto evaluate. As a consequence, gEUBO is not used directly
sen by the user in the previous query, and the second orte nd alternatives to show to the DM. Instead, it is com-
is obtained by maximizing a linear combination betweenbined with a probabilistic surrogate model of the mapping
the logarithm of the probability of improvement and the from alternatives to attributes to nd hypothetical attribute
information gain; the weight of this linear combination is a vectors over which the DM expresses preferences. Our
hyperparameter of the algorithm. It also proposes two othework places gEUBO in the context of PBO and extends
AFs based on Thompson sampling and GP-UCB (Sriniva#ts de nition to queries withq > 2 alternatives. We also
etal., 2012). generalize the analysis of Lin et al. (2022) by showing that
The above AFs (except MPES) were derived via heuristicmaXimiZing qEUBO recovers a one-s_tep optimal sc_)lution
. : : . When responses are noise-freedor 2. Finally, we provide
arguments. In contrast, gEUBO is derived following a pnn-a novel convergence analysis for gEUBO
cipled decision-theoretic analysis modeling the fact that, in '
PBO, observations are comparisons instead of direct utilityrhe connection between geUBO and the one-step Bayes
values. qEUBO's approach is consistent with the rigorousoptimal policy relates gEUBO to the knowledge gradient
decision-theoretic or information-theoretic analysis used talass of sampling policies for sequential data collection,
derive principled AFs in standard BO. Moreover, unlike which are, by de nition, one-step Bayes optimal (Frazier
MPES, qEUBO is easy to compute and comes with a coret al., 2008). Knowledge gradient AFs have been widely
vergence guarantee. Finally, gEUBO outperforms MPESused in standard BO (Wu and Frazier, 2016; Wu et al., 2017;
signi cantly in our empirical evaluation. Cakmak et al., 2020) and are known for their superior per-
formance over simpler AFs such as expected improvement

GEUBO, restricted to the casp= 2, was rst discussed by or Thompson sampling, especially when observations are

Lin et al. (2022) in the context of preference exploration for



