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Abstract

We consider the problem of constrained multi-objective opti-
mization over black-box objectives, with user-defined pref-
erences, with a largely infeasible input space. Our goal is
to approximate the optimal Pareto set from the small frac-
tion of feasible inputs. The main challenges include huge
design space, multiple objectives, numerous constraints, and
rare feasible inputs identified only through expensive ex-
periments. We present PAC-MOO, a novel preference-aware
multi-objective Bayesian optimization algorithm to solve this
problem. It leverages surrogate models for objectives and
constraints to intelligently select the sequence of inputs for
evaluation to achieve the target goal.

Introduction

A large number of engineering design problems such as
electric power systems design (Wang et al. 2018) and design
of analog circuits (Zhou et al. 2020) involve making design
choices to optimize multiple objectives. The common
challenges in such constrained multi-objective optimization
(MOO) problems include the following. 1) The objective
functions are unknown and expensive. 2) The objectives are
conflicting in nature and all of them cannot be optimized
simultaneously. 3) All constraints need to be evaluated
using expensive experiments and satisfied. 4) Only a
small fraction of the input design space is feasible (i.e.,
satisfies all constraints). Additionally, in several real-world
applications, the practitioners have specific preferences over
the objectives. For example, the designer prefers efficiency
over settling time when optimizing analog circuits.
Bayesian optimization (BO) is an efficient framework
to solve black-box optimization problems with expensive
functions (Shahriari et al. 2016). The key idea behind BO
is to learn surrogate models of the expensive objective
function and intelligently select the sequence of inputs for
evaluation using an acquisition function. We propose a
novel and efficient information-theoretic approach referred
to as Preference-Aware Constrained Multi-Objective
Bayesian Optimization (PAC-MOO). PAC-MOO builds
surrogate models for both output objectives and constraints
based on the training data from past function evaluations.
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The selected input design at each iteration maximizes the
information gain about the constrained optimal Pareto front
while factoring in the designer preferences over objectives.
We develop a tractable acquisition function to select inputs
for evaluation, increasing the chances of finding feasible
inputs, and incorporating preferences over objectives.

Problem Setup and PAC-MOO Algorithm

Constrained MOO w/ Preferences. Constrained MOO is
the problem of optimizing K > 2 real-valued objective
functions {fi(x),---, fx(z)}, while satisfying L black-
box constraints of the form ¢y(z) > 0,--- ,cn(z) > 0
over the given design space X. A function evaluation with
the candidate parameters x € X generates two vectors,
one consisting of objective values and one consisting of
constraint values ¥ = (Yr,, ** ,Yfu>Yer» » Yer,) Where
Yy, = fj(l')V] € {17 aK} and Yei = CZ(.%‘)VZ €
{1,---,L}. We define an input vector x as feasible if and
only if it satisfies all constraints. The input vector x Pareto-
dominates another input vector X if f;(x) < f;(x) Vj and
there exists some j € {1,--- , K} such that f;(x) < f;(x').
The designer/practitioner can define input preferences over
multiple black-box functions through the notion of prefer-
ence specification, which is defined as a vector of scalars
p = {pflv yPfrsPery " vpCL} with 0 < p; < 1 and

Ziel’pi = 1 such that 7 = {fh cee ,fK,Cl, cee ,CL}.
Higher values of p; mean that the corresponding objective

function f; is highly preferred.

Overview of PAC-MOO. PAC-MOO algorithm is an in-
stance of the BO framework, which takes as input the input
space X, preferences over objectives p, expensive objective
functions and constraints evaluator, and produces a Pareto
set of candidate inputs as per the preferences. In each itera-
tion, PAC-MOO selects a candidate input design x; € X to
perform a function evaluation. Consequently, the surrogate
models for both objective functions and constraints are up-
dated based on training data from the function evaluations.
The MESMOC acquisition function (Belakaria, Deshwal,
and Doppa 2020a) maximizes the information gain between
the next candidate input for evaluation x and the optimal
constrained Pareto front:

S
AF(i,z) =
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a(x) =Y AF(i,2),T={er, - e fr- fx} @)
=

Where ¢ and ® are the p.d.f and c.d.f of a standard normal
distribution respectively. We provide The definition of ~
and the complete derivation of this acquisition function in
(Ahmadianshalchi, Belakaria, and Doppa 2023). The acqui-
sition function proposed in Equation 1 resulted in a function
in the form of a summation of an entropy term defined for
each of the objective functions and constraints as AF(i, x).
Given this expression, the algorithm will select an input
while giving the same importance to each of the functions
and constraints. We propose to inject preferences from the
designer into our algorithm by associating different weights
to each of the objectives. A principled approach is to
assign appropriate preference weights resulting in a convex
combination of the individual components of the summa-
tion AF'(4,2). Let p; be the preference weight associated
with each individual component. The preference-based
acquisition function is defined below.

Qpref(X) =Y e pi X AF(i,2) s.t),c7pi =1
Intuitively, the algorithm should first aim at identifying
feasible input configurations by maximizing the probability
of satisfying all the constraints. We define a special case
of our acquisition function for such challenging scenarios
as aprob(z) = HiL:1 Pr(c;(x) > 0) This acquisition
function enables an efficient feasibility search due to its
exploitation characteristics (Gardner et al. 2014). Given
that the probability of constraint satisfaction is binary, the
algorithm will be able to quickly prune unfeasible regions
of the input space and move to other promising regions until
it identifies feasible input configurations.

Results and Discussion

A detailed explanation of the experimental setup, real-world
problems, and the pseudo-code for PAC-MOO are included
in (Ahmadianshalchi, Belakaria, and Doppa 2023).

We utilize a modified version of the OSY problem (Osyczka
and Kundu 1995) where each dimension of the input space is
expanded to 1.5 times its original size; We include an addi-
tional constraint flagging any input outside the original input
space as infeasible. The modified OSY problem exhibits a
significantly reduced rate of feasible points. This problem
is initialized with 12 random initial points and comprises 6
input dimensions, 2 objective functions, and 7 constraints.
In Figure 1, PAC-MOO-0 refers to assigning equal pref-
erences to all black-box functions. PAC-MOO-1, 2, and 3
assign higher preference values to the preferred objective
function. Our implementation of PAC-MOQO is included in
https://github.com/Alaleh/PAC-MOO.

As shown in Figures 1a, 1c, and le, PAC-MOO with no pref-
erences typically outperforms all the baseline methods. This
is attributed to the efficient information-theoretic acquisition
function and the exploitation approach to finding feasible
regions in the input space. At least one version of USEMOC
(Belakaria, Deshwal, and Doppa 2020b) outperforms all
evolutionary baselines demonstrating that BO methods have
an advantage over evolutionary algorithms. The perfor-
mance of PAC-MOO with preference may slightly decline
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Figure 1: PAC-MOO results on multiple benchmarks

in some cases in terms of the PHV because the PHV metric
evaluates the quality of the general Pareto front, while
PAC-MOO focuses on specific regions of the Pareto front
through preference specification. Although this behavior
is expected, we have observed that the PHV of PAC-MOO
with preferences remains competitive with PAC-MOO-0.

Figures 1b, 1d, and 1f show the results for maximum discov-
ered feasible value of the preferred objective as a function
of the number of BO iterations. PAC-MOO with preferences
outperforms all baseline methods, by finding feasible input
designs with higher values of the preferred objective func-
tion. In some cases, the improvement in maximum efficiency
of uncovered circuit configurations for PAC-MOO with
preferences comes at the expense of loss in hypervolume
metric as shown in Figure 1a and Figure 1c. In problems in-
volving a small number of objective functions (e.g., the OSY
problem), the increase in the value of the preferred objective
can outweigh the negative effects of emphasizing specific
regions of the Pareto front through objective preferences.

Conclusion

PAC-MOO is a specialized BO algorithm that addresses
large input spaces, costly experiments, rare feasible inputs,
and preference-driven objectives. Its key innovations include
an efficient information gain based acquisition function, ef-
fective exploration of feasible input space, and integration
of preferences via convex combination of acquisition func-
tions. It can be used in a variety of complex engineering de-
sign optimization problems.
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