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ABSTRACT 1 INTRODUCTION
In multi-objective optimization, the goal is to find the non-dominated In the realm of multi-objective optimization, the optimization pro-
or Pareto-optimal set that reveals the optimal trade-offs among the cess yields a set of non-dominated solutions, referred to as the
conflicting objectives. Conventionally, the Decision-Maker (DM) Pareto set in input space, and the Pareto front in output space. A
selects their preferred solution from this set post-optimization. Ev- solution belonging to this set is not dominated by any other so-
idently, this approach necessitates the computation of numerous lution and reflects the optimal trade-offs between the objectives
non-dominated solutions, incurring high computational costs when [14]. Without loss of generality, a multi-objective problem can be
the evaluation of the objectives is expensive. To address these chal- defined as follows:
lenges, interactive optimization offers a potentially more efficient .
appgroach: sequentialpinteractions with ths DM durii,lg the optimiza- minimize f(x), fo(x), . fm (%) xeQCR )
tion process, enabling the judicious allocation of the optimization where x is an n-dimensional vector of inputs evaluated in m objec-
budget by guiding the process toward the most desirable regions tives, and Q indicates the design space.
of the Pareto front. In this study, we propose to exploit the well- Standard multi-objective optimization algorithms often aim to
known Lower Confidence Bound acquisition function in Bayesian estimate a set of solutions on the Pareto front; note that such a front
optimization, to interactively estimate the DM’s preferred solu- is often continuous and a discrete set is used as an approximation [8].
tion in a data-efficient manner, even in scenarios where the DM However, obtaining a comprehensive and diverse Pareto front may
experiences uncertainty in their decision-making process. present computational challenges or, depending on the problem,
financial constraints. Moreover, the Decision-Maker (DM) typically
CCS CONCEPTS seeks to explore specific regions of the Pareto front, rather than
« Theory of computation — Continuous optimization; Gauss- having interest in the entire set. In practice the DM will likely
ian processes;  Computing methodologies — Optimization implement one Pareto-optimal solution — the one which reflects the
algorithms; « Applied computing — Multi-criterion optimiza- most preferred trade-off. As a result, typical a posteriori methods
tion and decision-making. will likely incur high computational costs, since an approximation
of the entire Pareto front needs to be obtained first.
KEYWORDS An alternative strategy for addressing this challenge is through

interactive optimization [15]. This method involves iterative inter-
actions with the DM during the optimization process, which allows
the optimization to be guided, and thus it mitigates the unnecessary

Bayesian Optimization, Multi-Objective Optimization, Interactive
Optimization, Preference Learning

ACM Reference Format: waste of resources by allocating the budget efficiently towards the
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Objective Optimization. In Genetic and Evolutionary Computation Conference for addressing black-box optimization problems: Evolutionary Al-
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Permission to make digital or hard copies of part or all of this work for personal or tationally intensive. In scenarios where the evaluation cost is high,
classroom use is granted without fee provided that copies are not made or distributed the utilization of EAs becomes either computationally prohibitive

for profit or commercial advantage and that copies bear this notice and the full citation . ical. Whil del b bedded withi
on the first page. Copyrights for third-party components of this work must be honored. or impractical. While surrogate models may be embedded within

For all other uses, contact the owner/author(s). an evolutionary framework to mitigate the high evaluation costs,
GECCO '24 Companion, July 14-18, 2024, Melbourne, VIC, Australia BO algorithms offer a powerful alternative to expensive black-box
© 2024 Copyright held by the owner/author(s). imization b loiti h inf . . o

ACM ISBN 979-8-4007-0495-6/24/07. optimization by exploiting the surrogate information in a princi-
https://doi.org/10.1145/3638530.3654317 pled way. Gaussian Processes (GPs) are often used as the surrogate

339


https://orcid.org/0000-0001-9861-4075
https://orcid.org/0000-0002-5145-872X
https://orcid.org/0000-0003-2899-4636
https://orcid.org/0000-0002-9524-4205
https://doi.org/10.1145/3638530.3654317
https://doi.org/10.1145/3638530.3654317

GECCO 24 Companion, July 14-18, 2024, Melbourne, VIC, Australia

of choice; by explicitly requiring priors they make the design as-
sumptions clear, and allow for the quantification of the prediction
uncertainty.

While the existing literature on interactive BO algorithms is
limited, these methods can be generally categorized into two dis-
tinct classes. The algorithms in the first class [1, 2, 7, 18] often seek
to understand the DM’s preference by learning a utility function,
denoted as U. This function encapsulates the DM’s preferences, and
the algorithms aim to find the preferred solution by maximizing this
learned utility function. While the aforementioned methods offer
a promising alternative, the published research manifests signifi-
cant limitations; in particular, the utility functions used are often
assumed a priori, and/or these functions have unknown parameters
that also have to be learned during the optimization. The algorithms
in the second class [10-12], on the other hand, offer flexible mecha-
nisms to guide the search towards interesting and well-performing
solutions in a heuristic manner, without the need of assuming or
learning the structure of U.

Ideally, an algorithm should invest resources efficiently from the
start of the optimization to find solutions that are Pareto-optimal
and congruent with the DM’s preferences. Indeed, in practice DMs
are interested in an unbiased and diverse but relatively small set of
solutions to choose from, all of which offer an interesting trade-off
of the objectives. In this work we exploit the well-known lower
confidence bound (LCB) acquisition function [9] for interactively
selecting the most preferred region(s) of the Pareto front, without
explicitly modeling the DM’s preference. The proposed method is
designed to optimize black-box problems, especially when evalua-
tions are resource-intensive, by leveraging Bayesian Optimization
as a tool to balance the exploration of interesting regions of the
objective space, while at the same time exploiting the information
collected so far to the fullest extent. Additionally, we empirically
demonstrate the framework’s capability to handle uncertainty in
the choices of the DM.

2 LOWER CONFIDENCE BOUND FOR
PREFERENCE SELECTION

Balancing the quality and diversity of solutions presented to the DM
poses a challenge in multiple ways. An approach to ensure a diverse
Pareto front with numerous options involves employing multi-
objective optimization algorithms specifically designed to extract
the entire Pareto front. However, this method shifts the paradigm
from interactive optimization to a posteriori preference selection,
which may not be desirable. However, leveraging surrogate models
to emulate the behavior of each objective independently allows
for cost-effective implementation of evolutionary multi-objective
optimization algorithms (EMOAs).

Here we use a surrogate-based EMOA (see [4] for a compre-
hensive survey) for extracting the Pareto front at each step of the
optimization. We employ GPs as it is standard in the BO literature
[16] to facilitate this information, but other surrogates may be used
as well. We compute the entire Pareto front using the LCB instead
of the predicted mean, such that the observed Pareto front displays
the trade-offs of the lower confidence bound. This is useful since
we aim at exploring the entire search space for the most preferred
regions of the Pareto front. Note that in standard BO the goal of the
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LCB is often to increase the number of evaluations in promising
regions in the design space that haven’t been explored yet; here we
also exploit it to direct the search towards preferred solutions:

xe€QCR” (2)

minimize §1(x), g2(X), ..., gm (%)

gi = p(9i) — @ - o(g:) ®3)
where g; denotes the surrogate model for the ith objective, p(g;)
is the posterior mean of the surrogate model, o(g;) represents the
posterior uncertainty, and w = [0, 3]. By varying the value of w,
the algorithm can focus on local areas or explore the search space
more globally [17]. This allows to offer the DM a menu of diverse
solutions, with the quantity being adjustable by manipulating the
population size of the evolutionary algorithm. Another advantage
of this approach is its capability to present the DM with solutions
that have not been evaluated yet. Algorithm 1 outlines the proposed
algorithm.

Algorithm 1 LCB for Preference Selection

Input D: Evaluated design of experiment

1: while Budget left do

2: gi < Surrogate Model for the ith objective
3 gi=p(gi) —w@-0(gi) >Eq.3
4 P « Pareto front ofgifori=1,..m >Eq. 2
5 ¢ < DM’s preference from P > Interaction with the DM
6 D=DU{c,F(c)} » Evaluation of the selected solution
7 Reduce Budget
8: end while

Algorithm 1 crucially differs from the conventional BO paradigm
in Step 5. In standard BO the acquisition function quantifies the
exploration-exploitation balance of each solution, and determines
which solution should be evaluated next by selecting the maxi-
mizer of the acquisition function, all without human intervention.
In contrast, in our algorithm the DM partially assumes the role
of the acquisition function, actively selecting the most preferred
solution for evaluation in the current step. It is partial because the
exploration-exploitation balance is already conveyed by the LCB
of the Pareto front, and the DM selects the most preferred solution
(as opposed to the one maximizing the LCB). An important remark
is that in the experimental results we present we consider up to 3
objectives, where visualization is still possible. Thus, we can pro-
vide an entire approximation of the current Pareto front based on
LCB, and the DM will select or pinpoint the most preferred solution
observed. Later in Section 4 we discuss the additional challenges
w.r.t. scalability in objective space.

Evidently, the transition of the DM to act as an acquisition func-
tion introduces a high demand for frequent interactions, necessi-
tating engagement at every optimization step, which may pose
challenges or prove infeasible depending on the nature of the prob-
lem at hand. However, this shift in responsibility empowers the DM
to guide the optimization process based on their preferences and
insights w.r.t. the entire objective space and the observed trade-offs
(as opposed to e.g., pairwise comparisons), such that the DM can
not only learn from the performance trade-offs, but also about the
location, geometry and uncertainty on the Pareto front.
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3 EXPERIMENTS
3.1 Performance Evaluation

To assess the performance of the proposed algorithm, we conducted
tests on various well-known benchmark multiobjective functions
presented in Table 1.

Table 1: Summary of the benchmark Problems

Name Input Dimension # of Objectives
DEB2DK [3] 8 2
DTLZ7 [6] 8 3
ZDT1 [19] 8 2
ZDT3 [19] 8 2

Given that the Pareto front is known for these artificial test func-
tions, the DM’s true preference is simulated through scalarization
and random weight assignment. In essence, after computing the
Pareto front with any well-known EMOA, the different objective
outcomes are combined using a Tchebycheff scalarization (Eq. 4)
with random weights, referred to as preferred weights hereafter. The
non-dominated solution with the minimum scalarized objective is
then identified as the true preference of the DM during the opti-
mization process, which is used solely for performance evaluation.

i wi=1 4)
i=1

We use the Opportunity Cost (OC) as the metric to evaluate the
performance of each algorithm [18]. OC quantifies the distance be-
tween a pre-defined true preferred solution and any other evaluated
solution, defined as follows:

OC = U(F(x)) - U(F(x"))

U =maxi[wi - fil+p ) [wi - fil
i=1

L

®)

where x* denotes the true preference of the DM estimated using
the Pareto front of each function, x is any solution selected for eval-
uation, and U(+) represents the scalarization of different objectives
F(-). Evidently, Equation 5 is to be minimized. Therefore, to model
the behavior of the DM, at each interaction, the solution which
minimizes the utility of P is chosen as the preference of the DM at
each step (see Step 4 in Algorithm 1).

3.2 Uncertainty from the Decision-Maker

To simulate the uncertainty and exploration of the DM, the chosen
solution is not precisely the one that minimizes the scalarized func-
tion with the preferred weights. Instead, we introduce a 10% chance
that the DM selects a solution randomly, modelling their curiosity
to explore other seemingly interesting regions on the current front.
Conversely, there is a 90% chance that the DM will focus on the
current preference. In this case, the preferred weights still undergo
a modification according to Eq. 6 to simulate the uncertainty of the
DM:

Woreferred * 0

O~U(1-n1+m™ (6)

Whodified = = — >
modie i Wpreferred,i * 0
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where Wpreferred and Wiyodified denote the preferred and modified
weights, respectively. The modification of the preferred weights
involves multiplying the weights by a random number sampled
based on the uncertainty degree, 7, followed by normalization to
ensure that the elements of the modified weight sum up to 1. As
n increases, the modified weight is more likely to deviate further
from the preferred weights, simulating higher levels of uncertainty.

3.3 Results

We evaluate the performance against two state-of-the-art algo-
rithms [11, 12], denoted as ‘Interactive ParEGO’ and ‘WAPE’ respec-
tively. We used a value of w = 2 in Eq. 3, and NSGA-II with a popu-
lation size of 100. We use an RBF kernel with Automatic Relevance
Determination (ARD) [16] for the GPs. This property enhances
the flexibility of the Gaussian Process by independently selecting
lengthscales for different input dimensions. The initial points for
training the GP are sampled using a Halton quasi-random sequence.
The number of these points is determined by Xj,; = w
where n represents the input dimension [13].

The boxplots in Figure 1 depict the final OC values. Each ex-
periment was repeated 20 times to ensure statistical validity. It is
noteworthy that each experiment adhered to a budget of 100 BO
iterations, in addition to the initial sampling size Xj;;. Importantly,
each interaction with the DM is considered a BO iteration.

Based on the final OC values, the newly proposed algorithm con-
sistently succeeds in accurately identifying the preferences of the
DM,; in particular, the low variability observed is remarkable. The
algorithm’s effective accuracy indicates its capability to manage
both exploration and uncertainty introduced by the DM. By intro-
ducing uncertainty to the decisions of the DM we would expect
slower convergence and potentially worse performance. Figure 2
shows the algorithm’s capacity of handling the uncertainty in the
decisions of the DM. Figure 2 (top) shows the variability around the
minimum OC, and Figure 2 (bottom) the convergence. These results
clearly show that the relative degradation of the performance of
the proposed approach is evident when the degree of uncertainty
becomes exceptionally high, as we would expect in practice.

4 CONCLUSION

This study presents an algorithm for selecting preferred solutions
in expensive multiobjective optimization, where the DM plays a key
role in the acquisition process. Using a surrogate-based evolution-
ary algorithm and a well-known acquisition function in Bayesian
optimization, experiments show our method to outperform existing
approaches and is capable of handling decision uncertainty heuris-
tically. The algorithm presents a set of Pareto-optimal solutions
to the DM based on the lower confidence bound of the predicted
means, allowing the DM to make informed choices based on pre-
dicted performance and uncertainty. Scalability in handling more
than 3 objectives remains a challenge since the algorithm currently
relies on the visualization of the Pareto front, highlighting a need
for further research. Additionally, reducing DM interactions is a
key future research direction, particularly for problems with limited
engagement opportunities.
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