Discrete Bayesian Optimization via Machine Learning

Roberto Sala®, Bruno Guindani®, Danilo Ardagna®, Alessandra Guglielmi?,

@ Politecnico di Milano, Piazza Leonardo da Vinci, 32, Milano, 20133, Italy
name.surname@polimsi.it

Abstract

Bayesian Optimization (BO) is a family of powerful algorithms designed
to solve complex optimization problems involving expensive black-box func-
tions. These sequential algorithms iteratively update a surrogate model of
the objective function (OF), effectively balancing exploration and exploita-
tion to identify near-optimal solutions within a limited number of iterations.
Originally designed for continuous, unconstrained domains, its efficiency has
inspired adaptations for discrete, constrained optimization problems. On the
other hand, Machine Learning (ML) models allow accurate predictions for
black-box functions, although they typically require large amounts of data for
training. Leveraging the strengths of BO and ML, research tackles the chal-
lenge of identifying optimal configurations in the context of cloud computing.
This paradigm has become pervasive due to its ability to provide flexible and
scalable resources. Identifying the optimal hardware-software configuration
is essential for minimizing costs while meeting Quality of Service constraints.
This task involves solving complex optimization problems over multidimen-
sional discrete domains and black-box objective functions and constraints,
within a limited number of iterations. To address this challenge, this work
introduces d-MALIBOQO, a BO-based algorithm that integrates ML tech-
niques to enhance the efficiency of finding near-optimal solutions in discrete
and bounded domains. While BO builds the surrogate model of the OF, ML
models determine the feasible region of the black-box constraints and guide
the BO algorithm toward promising regions of the discrete domain. Further-
more, we introduce an e-greedy approach to favor exploration in domains
with multiple local optima. Experimental results show that our algorithm
outperforms OpenTuner, a popular framework for constrained optimization,
by reducing the average regret by 29%, and SVM-CBO, a BO-based algo-
rithm that integrates SVM models to determine the feasible region, by 82%.
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1. Introduction

The Cloud computing paradigm has become pervasive across various do-
mains, including industry, e-commerce, blockchain technology, and drug dis-
covery [1, 2, Bl 4]. Among these, it plays a fundamental role in the develop-
ment of Artificial Intelligence (AI) and Large Language Models [5] [6]. Cloud
computing offers flexible and scalable resources, leveraging a vast pool of
virtually unlimited Virtual Machines (VMs) housed in data centers. The
diverse range of use cases and the heterogeneous nature of machines within
these data centers make it essential to identify optimal configurations for
both applications and infrastructure. Inefficient configurations can lead to
substantial costs for providers and users alike [7]. Moreover, these appli-
cations often require Quality of Service (QoS) criteria to be met, such as
achieving a maximum model accuracy or maintaining a minimum pipeline
response time. This requirement translates into constrained optimization
problems over discrete, multidimensional domains. In the aforementioned
scenarios, frequently each application run incurs a high cost, either in terms
of time or money. Consequently, the optimization process must be carried
out in a limited number of iterations. Consider, for example, determining
the optimal hardware-software configuration for an Al application. The goal
is to maximize the model accuracy (at training time) guaranteeing low re-
sponse time and costs (at inference time when the ATl model is in production).
In such cases, each configuration test necessitates re-training the AI model,
resulting in substantial costs for the application provider.

Bayesian Optimization (BO) is a powerful category of methods for tack-
ling global optimization problems that involve expensive-to-evaluate black-
box functions [8]. BO operates iteratively: at each step, it updates the
surrogate model of the objective function (OF) and selects the next point to
evaluate by balancing the exploration-exploitation trade-off. This trade-off
involves exploring regions with high uncertainty and exploiting areas with
promising OF values. This iterative process ensures convergence to near-
optimal solutions within a minimal number of evaluations [§]. BO is well-
suited for continuous variables, unbounded domains, and continuous OF.
However, in the scenarios mentioned earlier, the optimization domains are



typically discrete and bounded. This problem setup introduces additional
challenges, such as selecting the best point to evaluate in the discrete do-
main and avoiding repeated evaluations of the same point.

This work presents d-MALIBOO (discrete MAchine Learning In Bayesian
OptimizatiOn), a BO-based algorithm designed to solve constrained opti-
mization problems in discrete domains. Specifically, our focus is on optimiz-
ing Edge-Cloud computing and high-performance computing applications.
In our previous work [9], we introduced MALIBOO, a framework that in-
tegrates ML techniques into the BO algorithm to determine the feasibil-
ity region from black-box constraints. This algorithm is designed to reduce
the costs of recurring computing tasks by incorporating a technique to pre-
vent, the repetition of previously evaluated points. Building on the original
MALIBOO, we introduce several novel ML-based approaches for estimating
black-box constraints and improving the search for optimal solutions within
discrete domains. Additionally, we propose an e-greedy approach to balance
the exploration-exploitation trade-off, particularly in complex domains with
multiple local optima, reducing the risk of the optimization process stalling.
Furthermore, we test the novel approach across a range of applications, from
AT to edge and HPC domains. Finally, we compare our technique with two
alternative methods from the literature, SVM-CBO and OpenTuner [10} [11].
Experimental results show that d-MALIBOO outperforms the original MAL-
IBOO framework, reducing the average regret by 9% across all applications.
Additionally, d-MALIBOO reduces the average regret of OpenTuner by over
29%, while SVM-CBO struggles with handling black-box constraints, lead-
ing to an 82% increase in average regret. This work is an extension of our
previous study [12] and provides a more comprehensive description of the
framework, along with a deeper experimental campaign that validates the
proposed approach further.

This paper is structured as follows. Section [2| presents the mathematical
formulation of our problem of interest. Section [3|provides an overview of BO
techniques and MALIBOO. Section [ introduces the d-MALIBOO algorithm,
including the proposed ML-based approaches and the integration of the e-
greedy approach. Section [5| presents the results of experiments to validate
our framework. Section [6] discusses related works, and finally, Section [7] offers
conclusions and suggests future developments.



2. Problem Overview

In this work, we present a BO-based algorithm designed to find the opti-
mal configuration for discrete optimization problems involving black-box tar-
get functions and constraints. Specifically, we focus on applications in Edge-
Cloud and HPC systems. In this context, the optimization involves identi-
fying the optimal values for various software and hardware parameters, such
as buffer size, the number of parallel nodes or GPUs, and application-specific
settings like penalization parameters or the number of algorithm iterations.
The OF typically represents the cost of running an application, or the value
of a specific performance metric, under a given configuration. Constraints
may include execution time, resource utilization, or quality thresholds for a
model. For both the objective and constraints, the analytical dependence on
input configurations is unknown, which is why these functions are treated as
black-box. Let f(-) denote the OF to minimize, and g;(-) represent scalar
black-box constraints for each j. The mathematical formulation of the prob-
lem under study is as follows:

min f(z) +1
S't' g](l') € [Gim'n7ngax]7 ] = 17 . '70

(1)
Here, x denotes the input vector of configurations, also referred to as parame-
ters or features, representing the set of variables being optimized. 7 is a noise
term that accounts for variability in the measurement of the OF. This term
is particularly relevant in cloud environments, where the OF, often related to
execution time, may vary due to resource contention or network congestion.
D € R? represents the d-dimensional discrete optimization domain, while C'
denotes the total number of black-box constraints. The constraint functions
gj(+) may either depend on or be independent of f(-). Typically, d < 20,
and the OF f(-) is continuous, black-box, expensive to evaluate, and has
unknown derivatives [§]. The only way to gather information on such a func-
tion is by evaluating the function itself. This formulation is quite versatile for
modeling a range of cloud optimization scenarios, including hyperparameter
tuning and energy efficiency [13| [14].

The original BO algorithm usually deals with optimization problems in
unconstrained domains. However, in this study, we aim to challenge the
assumption of continuity of the optimization domain and instead explore
discrete, bounded domains. These characteristics significantly increase the



complexity of the optimization problem, though they model many realistic
scenarios. Consider, for example, the hyperparameter tuning problem for an
HPC system, for which the features are the number of cores, the memory size,
the number of nodes used, etc.; we address such scenarios in our experimental
analysis (Section . In these cases, we are not considering all possible integer
values within an interval for each feature, nor are these values equispaced.

3. Bayesian Optimization Background

In this section, we discuss the classical BO algorithm (Section and
the MALIBOO algorithm (Section , which is the starting point of our

novel framework.

3.1. The Bayesian Optimization algorithm

BO is a robust method for optimizing black-box OF's, as it can achieve
near-optimal solutions within relatively few iterations [8]. This is especially
valuable in scenarios where each evaluation of the OF is costly or time-
intensive, as highlighted in Section[2] For example, consider tuning Al appli-
cations that require a large number of virtual machines (VMs) or drug dis-
covery processes where each evaluation is computing intensive. In such cases,
conducting an exhaustive search over the domain is economically unsustain-
able. Instead, an efficient strategy is needed to achieve strong performance
with minimal iterations.

The classical BO algorithm can be summarized in the following steps:

Select a set of initial points with some strategy (e.g. random).
Update the surrogate model for the OF.

Update the acquisition function (AF) based on the surrogate model.
Identify the point that maximizes the AF.

Evaluate the OF at that point.

6. Repeat steps (2-5) until the maximum number of iterations is reached.

AN e

The key components of the BO algorithm are the surrogate model, typically
a Gaussian Process (GP), and the AF.

A Gaussian Process is a statistical model used to describe knowledge
about the OF [15]. It assumes that each unknown value of f(z) is drawn from
a Gaussian distribution whose mean, y, (), and variance, o2 (x), depend on z
and the history of n previously observed points. Specifically, given the history



H, = {(x;, f(x;)),i = 1,...,n} and a configuration x, the distribution of
f(zx) is:
f(x)|HnN7Tx(’Hn) :N(,U/n@j)?‘j?z(xax))' <2>

The mean function po(-) and the kernel function o2(-,-), which define the
GP model, serve as its hyperparameters. These functions are iteratively
updated after each evaluation of the OF to obtain the posterior distribution,
characterized by p,(-) and 02(-), as shown in Equation (2)). While a constant
mean function, po(-) = po, is commonly used [§], the choice of the kernel
function varies widely in the literature due to its influence on the smoothness
of the GP model. Popular kernel options include the Radial Basis Function
(RBF) and the Matérn covariance function [§]. Specifically, the Matérn
kernel used in our frameworks is defined as follows:

v

1_ v
o2 zj) = % (Vv daiap) K, (VOr daiz) . )
where v > 0 is the smoothness parameter, I'(-) and K, (-) denote the gamma
and the modified Bessel functions, respectively [15].

The other core element of the BO algorithm is the Acquisition Func-
tion (AF), denoted as a(x). The AF evaluates the utility of sampling f(z)
at a given point z, balancing exploration and exploitation. The AF is de-
rived from the posterior distribution of the OF and is computationally much
cheaper to evaluate than the OF itself. At each iteration, the point that
maximizes the AF is identified, and the OF is evaluated at that point [§]. In
this paper, we focus on the Ezpected Improvement (EI), defined as:

EL(¢) = B, [max([f — f(2)),0)]. (4)

where f = min,,<, f(x,,) represents the minimum value observed so far.
Other commonly used AF's are the Upper Confidence Bound (UCB) and the
Probability of Improvement (Pol) [§].

The classical BO algorithm is well-suited for continuous variables and
unconstrained domains. The second limitation has been addressed in MAL-
IBOO [9]. The key idea of this approach is to leverage the predictive capa-
bilities of an ML model to estimate the feasible region directly within the
AF, thereby reducing the number of configurations visited that are unfea-
sible with respect to the constraints. The next section presents the main
contributions of MALIBOO, highlighting both its strengths and weaknesses,
which we address in this work.



3.2. The MALIBOO algorithm

MALIBOO is a BO-based algorithm that incorporates an ML technique
to assess whether the black-box constraints are satisfied at a given point
[9]. Specifically, this evaluation is integrated within the AF to reach its
maximum value in regions deemed feasible by the model, based on the history
of previously observed points. One ML-integrated AF proposed in [9] is the
following:

a(z) = a(z) 1{g(z) € [Gmin, Gmas]}, ()

where ¢ is the surrogate ML model to estimate the value of the black-box
constraints function g(x). This straightforward approach effectively avoids
evaluating unfeasible points, thereby preventing a waste of resources. The
ML model is updated at each iteration, becoming increasingly precise as the
number of evaluations grows.

In this paper, we propose a framework specifically designed to handle
purely discrete variables, building on the strengths of MALIBOO while ad-
dressing its limitations. Firstly, the use of an indicator function in the AF
(see Equation (5)) can hinder the efficiency of the algorithm during early
iterations due to the limited accuracy of MLL models at this stage. This issue
may exclude optimal points located at the boundaries of the domain, a sit-
uation that frequently arises in practice. Moreover, in particularly complex
optimization scenarios, we have observed that the search process often stalls
after a few iterations, reducing the overall effectiveness of the optimization.

4. d-MALIBOO

Moving from continuous to discrete domains poses a challenge for BO,
particularly in maximizing the AF. A naive approach assumes that the OF
can only be evaluated at integer values, by optimizing the AF under the
assumption that all variables are continuous, and replacing the values of
integer-valued variables with their nearest integers. This can lead to a mis-
match between the points where the AF reaches high values and where the
actual evaluations occur [16]. Furthermore, once the argmax of the AF is
approximated, there is a risk of proposing evaluations at points that have
already been observed, particularly during the exploitation phase when the
search area becomes more limited. MALIBOO [9] addresses this by relaxing
the discrete domain into a continuous one, maximizing the AF, and then
rounding to the nearest discrete point. To further avoid repeated evaluations



of previously observed points, MALIBOO employs a queue that stores the
last g observed points, ensuring that the argmax of the AF is not rounded
to any point in the queue. Without introducing additional specialized tech-
niques to address optimization in discrete domains beyond the standard re-
quirements of BO, even the original MALIBOO experiences a performance
stall within the iterations in such settings, as shown in Section 5

In this section, we present several novel approaches for managing opti-
mization scenarios involving discrete variables. First, we propose two distinct
methods for estimating black-box constraints (Section , along with four
different strategies to speed up the search for the optimum (Section .
Then, we incorporate the e-greedy approach to encourage exploration when
improvements appear to stall (Section . Note that all these function-
alities can be used together and henceforth we will refer to a set of these
approaches as a combination for d-MALIBOO. Finally, we summarize the
complete d-MALIBOO algorithm in Section [4.4]

4.1. Fvaluation of black-box constraints

Accurately estimating the feasible region in a constrained BO framework
is essential, as a precise definition of the feasible region reduces the likelihood
of testing infeasible configurations, thereby lowering both costs and execution
time. In this section, we describe how we integrate ML models into the AF
to determine the feasibility region. We refer to these approaches as “ML
constraint”, as also shown in Algorithm [T}

Let a(z) be the original AF for the BO algorithm, such as EI, UCB or
Pol (see Section . The optimization process must estimate the C' black-
box constraints g;(x) € [G7,;,,GI..], 7 =1,...,C. MALIBOO [9] suggests
multiplying the current AF by the evaluation of the feasible region, which is
modeled using an ML model trained on the current history H,, (see Equation
(5)). This evaluation is integrated through an indicator function, which in-
troduces a jump discontinuity in the values of the AF at the boundary of the
estimated feasibility domain. We refer to this approach as indicator. How-
ever, when only a few points have been evaluated, the ML model may lack
accuracy and exclude optimal points that lie on the boundary of the feasible
domain, especially in high-dimensional domains. Therefore, we propose a
smoother approach to integrating the evaluation of the constraint function
within the AF, which we refer to as the probability approach:

a(z) = a(z) P(g(z) € [Gmin, Gmaal) , (6)



where g is an ML model that predicts the value of the constraint function at
a given point x. This probability is computed with a classifier, such as Ridge,
which transforms the decision function output g with the sigmoid function
to estimate it.

4.2. FEvaluation of the objective function

Dealing with vast discrete domains requires multiple evaluations of the
OF to build an accurate surrogate model. A GP alone struggles to capture
the peculiarities of the OF within a discrete domain, where the concept of
proximity between points becomes less meaningful as the dimensionality of
the domain increases. This concept of proximity is fundamental to defining
the GP kernel. Building on the approach for handling black-box constraints,
we propose four distinct approaches that leverage the capabilities of ML
to learn from collected data and predict the values of black-box functions,
thereby assisting the AF in identifying the optimum. We refer to these
approaches as “ML target” (see Algorithm .

In the first approach, indicator, we train an ML model f on the history
H,, to predict whether the OF evaluation at a new point is greater than or
equal to the evaluation at the best point thus far, f*. This prediction is then
integrated into the AF through an indicator function, as follows:

a(x) = a(z) 1{f(z) < [} (7)

Following the same concept used in the treatment of constraints, a smoother
evaluation of the location of points with lower OF values can be achieved by
computing the probability that f(z) < f*, referred to as probability approach:

a(x) = a(@) P (f(z) < ). ®)

We now introduce the sum approach. Let f be the ML that estimates
the value of the OF at a given point z. Let a(D) and f(D) be the vectors of
evaluations of the AF and the regression model, respectively, over the entire
discrete domain D, and = being the jth element in D. The AF is as follows:

a; = (1 =) mj(a(D)) + v m;(=f(D)). (9)

Here, v; € [0,0.5] is a weight parameter that increases exponentially with
BO iterations t, as the accuracy of the ML model improves. The operator



m;(-) is the min-max normalization applied to the jth element in order to
scale two quantities that may have different magnitudes. Specifically, given
a vector v, the min-max normalization operator scales its jth element as
follows: mj;(v) = 22222 — ¢ [0, 1]. The minus sign of the second term is
P VP P P

required to find the minimum over the discrete domain. Finally, we introduce
the product approach. In this case, we scale the evaluation of the AF using
the estimate from the ML model as follows:

a; = a(x) m;(f(D)). (10)

Note that while the first two approaches penalize regions where better
configurations are unlikely to be found compared to the best solution dis-
covered so far, the latter two approaches weight the value of the AF by the
estimate provided by the ML model.

The sum and product techniques are highly effective but can only be
applied in scenarios involving purely discrete variables, as they require ex-
haustive evaluation of the AF over the entire discrete domain. However, the
evaluation time for these techniques is remarkably small compared to the OF
evaluation time, even for large optimization domains.

4.83. e-greedy approach

In our preliminary experiments, we observed that in high-dimensional do-
mains with strict constraints, improvement in the OF evaluation may stag-
nate over iterations. Drawing inspiration from the Reinforcement Learning
literature [I7], we integrated the e-greedy approach into the BO algorithm
to address this issue. This approach involves selecting a random point with
a probability of €, rather than always maximizing the AF. Most importantly,
we only select among points that the ML model g predicts as feasible.

4.4. The algorithm

Algorithm [I] outlines our d-MALIBOO technique, specifically designed
for handling optimization problems with discrete variables in bounded do-
mains. First, the history H,, is initialized with evaluations of ng initial points,
randomly sampled within the domain (lines 2-4). This initialization step is
necessary to train the GP and ML models in the starting phase. At each
iteration, a Bernoulli distribution with parameter ¢ is sampled to determine
whether the next point will be selected randomly within the feasible domain
estimated by the ML constraint model (lines 6-8). If not, the ML models
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for constraints and the OF are updated, along with the GP and the AF.
The AF is then maximized to determine the next point for evaluation (lines
10-12). In either case, the chosen point is evaluated, and the history H, is
updated (line 14). Finally, the algorithm returns its estimated optimum, i.e.,
the configuration with the lowest OF value among those observed (line 16).

Algorithm 1 d-MALIBOO algorithm

1: Input: ng, N, GP, ML constraint, ML target, &

2: Initialization: History H, <+ ]|

3: evaluate f(-) in no randomly chosen initial points

40 Hy  {(x;, f(xy)),i=1,...,n0}

5: for iterations n =1: N do

6: e-greedy_eval <— sample from a Be(e)

7 if e-greedy_eval then

8: pick a random point z,,,1 considering the ML constraint approach

9: else

10: train ML constraint, ML target models with data in H,

11: update the posterior distribution of the GP model and &(-) with
data in H,

12: find point z,,1; which maximizes the AF a(-)

13: end if

14: evaluate f(z,41), add the evaluation to H,

15: end for

16: return T = argmin, ., f()

5. Experimental Results

In this section, we present an extensive experimental campaign to val-
idate the d-MALIBOO technique. Specifically, the testing applications in-
clude tuning configurations of public and private edge-cloud servers and op-
timizing hyperparameters of HPC applications, as detailed in Section [5.1]
Furthermore, we compare the performance of our algorithm with MALIBOO
and two state-of-the-art (SOTA) algorithms described in Section[5.2] Section
[5.3] outlines the experimental setup, including hyperparameter configurations
and hardware specifications, while Section provides the empirical results
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of our experimental campaign. The experimental data are available on Zen-

oddl

5.1. Reference Applications

This section introduces the applications used to evaluate the d-MALIBOO
algorithm. These real-world scenarios include common tasks in HPC and
edge-cloud computing, ranging from executing big data queries to train-
ing ML models on large datasets, optimizing hardware parameters for Al
pipelines, and tuning software parameters for computationally intensive ap-
plications. Each application operates in either a public or private cloud data
center. Furthermore, these scenarios differ in terms of domain dimensionality,
the number of possible configurations, and the number of configurations eval-
uated during the optimization process. Table [I| provides a detailed summary
of these applications, including the number of initial points and iterations
fixed for all algorithms used to optimize them.

Table 1: Experimental applications for validating d-MALIBOO.

Application Scenario Deployment Dim. | Config. | Init. points | Iterations
Query26 monodim. Big data query Private Cloud 1 115 3 5
Query40 monodim. Big data query Private Cloud 1 115 3 5
Query55 monodim. Big data query Private Cloud 1 115 3 5
K-means Training on big data Private Cloud 1 120 3 5
Recipe Transcriber | Al pipeline inference | Public Cloud, FaaS 5 276 3 10
QuerybH2 Big data query Public Cloud 2 672 3 30
Query26 Big data query Public Cloud 2 696 3 30
Stereomatch Param. tuning Private Cloud 4 18527 3 60
LiGen Param. tuning Private Cloud 8 491520 11 60

For all the following applications, the objective is to identify the config-
uration x that minimizes the cost of the application while ensuring that the

execution time does not exceed a specified maximum threshold, denoted by
Tmaa:'

e Monodimensional Queries: The first scenario involves querying big
data on Spark Cloud applications, specifically interactive queries from
the TPC-DS industry benchmarkEL which represent SQL-like tasks.
These applications were deployed on a dedicated IBM Power8 cluster to
ensure consistent benchmarking without resource contention [I8]. The

"https://doi.org/10.5281/zenodo. 14674182
Zhttps://www.tpc.org/tpcds/

12


https://doi.org/10.5281/zenodo.14674182
https://www.tpc.org/tpcds/

Power8 cluster comprises 4 VMs, each equipped with 12 CPU cores
and 58 GB of RAM, providing a total of 48 CPU cores for Spark work-
ers. The memory allocated to each Spark executor was set to 4 GB.
In this scenario, the objective is to determine the optimal number of
cores, x1 € {6,8,...,44}. For each application—specifically, Query26,
Query40, and Query55—we consider five distinct thresholds for 7},,.,
selected to represent significant values in the empirical distribution of
processing times.

e K-means: The second application involves a widely used clustering
algorithm that is the foundation of many ML applications. This unsu-
pervised learning technique is applied across various domains, includ-
ing anomaly detection, market research, and healthcare [19, 20] 21].
K-means is an iterative algorithm often characterized by significant
variability in execution time. For this scenario, the algorithm was ap-
plied to Spark dataframes containing 100 features with values uniformly
distributed in the range [0,1] [I8]. The dataframes had 20 million
rows. This application was deployed on the same IBM Power8 cluster
as the previous scenario, with the optimization variable—the number
of VMs—taking the same set of values. As in the previous case, we
selected five significant values for T,,;.

e Recipe Transcriber: The third application is a computationally inten-
sive Al pipeline that processes input videos to generate audio transcrip-
tions and identify the ingredients of a recipe by detecting them in video
frames. This application was developed within the OSCAR [22] frame-
work and is deployed across the Edge-Cloud continuum. It consists of
five compute-intensive components deployed on AWS EC2 VMEEI and
two components deployed on AWS Lambdd], a serverless computing
service offering FaaS. The application runs within OSCAR-P [23], an
automated tool for testing, deploying, and profiling containerized ap-
plications. For each component on VMs, we vary the Number of cores
from the minimum required for a single node to the maximum value
that avoids resource saturation. The set of these five values forms the
input vector = for our optimization. Each execution processes a batch

3https://aws.amazon.com/it/ec2
‘https://aws.amazon.com/it/lambda/
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of 100 input videos, each 10 seconds long. In this scenario, we consider
four significant values of T},,, based on the empirical distribution of
processing times.

e Bidimensional Queries: The fourth application scenario involves two
interactive queries from the TPC-DS industry benchmark: Query26
and Query52. These applications are deployed on Microsoft Azure
using the HDInsight service’| [I8], a public cloud service where resource
contention could introduce variability in the evaluations of both cost
and execution time. The input datasets for these experiments range
from 250 GB to 1000 GB. The application can use up to 26 VMs
from five different types: A3, A4, D12v2, D13v2, and D14v2. In this
setup, the optimization variables are the VM type and the number
of instances, resulting in a two-dimensional configuration domain x =
(x1,22), where xy € {3,...,26} represents the number of VMs, and
xe € {2,...,90} represents the memory size (in GB) allocated per VM,
with each value of x5 corresponding to a specific VM configuration. For
both applications, we consider five significant values for T},,,;.

e Stereomatch: The fifth application is an image-processing edge com-
puting application [24] that computes the disparity value between a
pair of stereo images captured from the same scene by two different
cameras. This disparity value is used to determine the depth of objects
within the scene. The application runs on a private cloud. In this
case, we optimize four parameters x = (x1, 9, 23, x4): the number of
parallel cores, color similarity confidence, granularity of disparity hy-
potheses to be tested, and the length of the support window arm. The
search space for this application is significantly larger than that of the
previous applications. For this scenario, we select six different values
for T},42, based on the distribution of execution times.

The final and most complex application differs from the others in both
its OF and the constraints imposed.

e LiGen: The final scenario involves a molecular docking application
integrated into the EXSCALATE drug discovery platform [25]. The

Shttps://azure.microsoft.com/it-it/products/hdinsight
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LiGen code simulates diverse ligand-pocket interactions by identify-
ing promising docking poses of the ligand within the pocket through
multiple restarts of a gradient descent algorithm, followed by a clus-
tering analysis. Subsequently, several representative poses are selected
and evaluated using a scoring function [26]. The quality of the dock-
ing solution is assessed by calculating the average Root Mean Square
Distance (RMSD) across 100 ligand-protein pairs with known optimal
crystal positions. In this scenario, a configuration z is defined by eight
discrete parameters. Six of these parameters—controlling gradient de-
scent restarts, clustering distance, and the number of poses to evalu-
ate—affect the accuracy, i.e., the RMSD. The other two parameters,
the number of CUDA threads per block and the reading buffer size, pri-
marily influence the performance of the application. Fine-tuning these
parameters is essential to achieve an optimal balance between perfor-
mance and accuracy. However, the parameter space include nearly half
a million possible configurations, making precise optimization critical.
The application outputs are the RMSD R(zx) and the execution time
T(z). The OF to minimize is R*(z)T'(x), subject to a quality constraint
R(z) < Rppaz- Six different thresholds for R, representing significant
points in the empirical distribution of evaluations, are considered.

5.2. SOTA comparison approaches

In this section, we introduce the optimization algorithms from the lit-
erature we compare with besides the original MALIBOO: SVM-CBO and
OpenTuner.

The first reference approach is Support Vector Machine Constrained BO
(SVM-CBO) [10]. This algorithm combines ML and BO to identify optimal
configurations in a constrained setting. The SVM-CBO algorithm operates in
two phases. In Phase 1, the algorithm estimates the feasible region defined by
the constraints using M function evaluations. Feasibility is determined by a
nonlinear separating hyperplane constructed by an SVM classifier trained on
these points. The next evaluation point is selected to refine the feasible region
estimate and detect any disconnected feasible regions. In Phase 2, SVM-CBO
performs a modified BO process within the feasible region identified in Phase
1, fitting a GP to the OF. The search space is restricted to the identified
feasible region, and the GP constructs a probabilistic surrogate model of the
OF using only the feasible points observed so far. This approach is applied
during the last N — M iterations. For a fair comparison, we adopt the same

15



proportions between M and N as recommended by the authors in [10]. The
SVM-CBO optimization approach is comparable to our d-MALIBOO, as it
also leverages the strengths of an ML model, specifically an SVM, to estimate
the feasible region. Unlike SVM-CBO, d-MALIBOO concurrently evaluates
both the constraints and the OF, while also considering unfeasible points for
training the GP model.

Our second reference solution is OpenTuner [11], a widely used autotuner
that employs an ensemble of search techniques to collaboratively explore large
and complex search spaces. This approach excels through its adaptive allo-
cation of resources: techniques that identify better configurations receive a
larger testing budget, while less effective ones are assigned fewer tests or are
disabled. OpenTuner facilitates collaboration among techniques by sharing
results through a common database, enhancing the search for optimal config-
urations. The allocation process is guided by solving the multi-armed bandit
problem using the area under the curve credit assignment metric. This widely
used approach differs significantly from ours, but we use it as a competitor
because it is a popular SOTA method for constrained optimization scenarios,
particularly in the HPC community.

5.3. Experimental Setup

We now outline the setup for our experimental campaign and the hyper-
parameters for d-MALIBOQO. The optimization algorithms were deployed on
a Linux server equipped with a 40-core Intel(R) Xeon(R) CPU operating at
2.20 GHz and 32 GB of memory. The total overhead for d-MALIBOO to
select configurations, excluding OF evaluations, does not exceed 9 minutes in
the worst-case scenario, i.e., LiGen. For this specific application, the average
evaluation time of the OF is approximately equal to the time required for
60 iterations of d-MALIBOO. To ensure the robustness of our experimental
analysis, each experiment was repeated K = 30 times with different ran-
dom seeds, leading to different sets of initial points. We then compute the
following performance metrics to evaluate the performance of the algorithms:

e Mean Absolute Percentage Regret (MAPR): This metric quantifies the
relative difference between the best solution found by the algorithm
and the true optimum, averaged over K repetitions. It is computed as:

. rk rx
MAPR(f, f*):%Z / f*f
k=1

« 100%, (11)
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where f is the vector of the best OF values found in each repetition,
and f* is the ground-truth minimum of the OF. MAPR provides a
normalized measure of regret, expressed as a percentage relative to the
true optimum.

e Percentage standard deviation: This metric represents the variability
of the best solutions over the K repetitions, normalized by the true
optimum. It is calculated as:

stddev = % * 100%, (12)

where o is the standard deviation of the optimal values across repeti-
tions. Normalizing by f* allows the variability to be expressed relative
to the scale of the problem, enabling comparisons between problems
with different ranges of OF values. Note that, in cases where certain
algorithms fail to find any feasible configurations during some repeti-
tions, we include only those repetitions that return at least one feasible
solution when computing both MAPR and the standard deviation.

o [easibility rate: This metric measures the robustness of an algorithm.
We define it as the percentage of repetitions in which a feasible solution
is found, i.e., when at least one feasible point is identified during the
optimization process.

As recommended in [9], we use a constant mean function, () = o, and
a Matérn kernel for both d-MALIBOO and MALIBOO. When implementing
the e-greedy approach, we set ¢ = 0.1. For both the constraint and target
function prediction ML models, we employ Ridge regression with a second-
degree polynomial feature expansion. This choice ensures fast and accurate
predictions. Based on our preliminary analysis, the test-set Mean Absolute
Percentage Error for these models is consistently below 10% [9).

5.4. Empirical Results

In this section, we present the empirical results validating the proposed
d-MALIBOO algorithm. First, we identify the optimal configuration for d-
MALIBOO, based on the approaches outlined in Section {4| (Section .
Next, we compare its performance with that of SVM-CBO and OpenTuner
(Section . Finally, we provide a detailed discussion of the obtained
results (Section [5.4.3)).
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5.4.1. Best d-MALIBOO configuration

In the first part of our experimental campaign, we evaluate the 20 possible
configurations of the d-MALIBOO algorithm to identify the most effective
setup in terms of regret and configuration feasibility. Specifically, we aim to
determine whether a single factor has the greatest impact on the performance
of the algorithm or if a combination of different approaches leads to significant
improvements over the original version. For instance, Table |2 presents the
results obtained for the Stereomatch application with T, = 12s.

Table 2: Results of d-MALIBOO on Stereomatch, T},q, = 12s. MALIBOO in bold blue.

ML constr. | ML target | e-greedy | MAPR | stddev [%] | feas. rate [%]
indicator None True 9.63 11.60 100.00
indicator None False 13.84 21.69 100.00
indicator indicator True 6.66 9.47 100.00
indicator indicator False 717 9.88 100.00
indicator probability True 16.37 19.27 100.00
indicator probability False 7.27 10.32 100.00
indicator sum True 12.12 14.66 100.00
indicator sum False 12.44 17.74 100.00
indicator product True 10.96 15.37 100.00
indicator product False 13.18 13.03 100.00
probability None True 9.22 12.31 100.00
probability None False 5.69 9.67 100.00
probability indicator True 1.89 3.21 100.00
probability indicator False 1.86 3.04 100.00
probability | probability True 5.06 8.32 100.00
probability | probability False 1.00 1.53 100.00
probability sum True 4.62 7.42 100.00
probability sum False 1.81 1.59 100.00
probability product True 3.31 5.77 100.00
probability product False 4.20 4.39 100.00

To identify the best-performing configurations, we compute the following
metrics:

_ MAPR + 2-stddev : : : g
e upper confidence regret = feasibility rato This metric can be inter

preted as an upper confidence bound on the regret, normalized by the
percentage of feasible results. Including the standard deviation along
with the mean regret helps capture the variability across multiple runs,
ensuring that the evaluation reflects both the average performance and
the consistency of the results.
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e normalized distance from optimum = % Here, f represents the
average best value of the OF for a specific setting, f* denotes the
minimum feasible value, and F* is the maximum feasible value. This
metric captures the relative proximity of the results to the optimal

solution, normalized by the feasible range.

We gather data from experiments conducted across all applications and
constraint bounds, compute the metrics, and average them over the bounds
for each application. Next, we calculate the product of the two metrics to
rank the configurations. Table [3| shows the five best configurations of d-
MALIBOO according to the experimental data.

ML constraint | ML target | e-greedy Label
indicator probability True Config. 1
indicator product True Config. 2
indicator product False Config. 3
indicator indicator True Config. 4
indicator sum True Config. 5

Table 3: Best five d-MALIBOO configurations.

The results demonstrate that the features introduced in d-MALIBOO
perform particularly well when used together. The most effective config-
uration uses the “indicator” approach as the estimator for the black-box
constraint, the “probability” to estimate the OF, and the e-greedy strat-
egy to encourage exploration. Furthermore, note that almost all the top-
performing configurations use “indicator” for constraints and the e-greedy
approach. This represents a balanced approach combining the exploitation
strength of the former with the exploration benefits of the latter.

5.4.2. Comparison with the state of the art

As a final analysis, we compare the best configurations of our d-MALIBOO
algorithm with MALIBOO, SVM-CBO and OpenTuner.

First, we analyze the results of the mono-dimensional applications pre-
sented in Figure [T namely Query26, Query40, Query55, and K-means. The
box plots show the distribution of regret across the repetitions, with the
orange line indicating the median. If the box corresponding to a specific
configuration is not visible, it means either that the MAPR is significantly
higher than the others, as in Figure [la] or that the feasibility rate is 0%.
Detailed data for these results are provided in Tables [4] [3], [6l and [7]
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Table 4: Results of the five best configurations of d-MALIBOO, MALIBOO, OpenTuner
and SVM-CBO on the Query26 monodimensional application. We highlight the best result
for each constraint in bold.

T(x) < 419s T(z) < 474s T(z) < 608s T(z) < 863s T(x) < 2000s
Algorithm | MAPR feas. [%] | MAPR feas. [%] | MAPR feas. [%] | MAPR feas. [%] | MAPR feas. [%]
Config. 1 1.80 89.29 0.58 100.00 3.31 100.00 2.11 100.00 0.27 100.00
Config. 2 1.50 85.71 2.19 96.00 3.47 100.00 2.01 100.00 0.15 100.00
Config. 3 2.88 89.29 0.95 100.00 3.28 100.00 2.04 100.00 0.29 100.00
Config. 4 1.25 85.71 2.30 100.00 3.73 100.00 1.95 100.00 0.29 100.00
Config. 5 1.37 71.43 1.72 100.00 3.43 100.00 2.29 100.00 0.30 100.00
MALIBOO 2.22 85.71 1.43 100.00 3.47 100.00 2.64 100.00 0.20 100.00
OpenTuner | 13.26 100.00 36.61 100.00 63.47 100.00 72.89 100.00 75.50 100.00
SVM-CBO inf 0.00 inf 0.00 inf 0.00 inf 0.00 inf 0.00

Since the optimization domain of these applications is limited, we set a
small number of iterations for the different algorithms. Consequently, the
ML models are less accurate than in other experiments. Despite this lim-
itation, d-MALIBOO demonstrates slightly better performance compared
to MALIBOO in almost all scenarios. In contrast, the two competitor ap-
proaches perform consistently worse. Specifically, OpenTuner yields signif-
icantly higher regrets, ranging from 10% to 70% more than d-MALIBOO.
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Table 5: Results of the five best configurations of d-MALIBOO, MALIBOO, OpenTuner
and SVM-CBO on the Query40 monodimensional application. We highlight the best result
for each constraint in bold.

T(z) < 659.9s T(x) < 740.0s T(x) < 934.5s T(z) < 1307.5s T(z) < 2559.0s
Algorithm | MAPR feas. [%] | MAPR feas. [%] | MAPR feas. [%] | MAPR feas. [%] | MAPR feas. [%]
Config. 1 6.25 85.71 2.48 100.00 4.58 100.00 1.90 100.00 0.46 100.00
Config. 2 4.70 82.14 1.34 100.00 3.66 100.00 2.32 100.00 0.61 100.00
Config. 3 6.97 64.29 3.02 100.00 2.97 100.00 2.45 100.00 0.52 100.00
Config. 4 5.40 89.29 2.07 100.00 3.40 100.00 2.31 100.00 0.54 100.00
Config. 5 5.70 75.00 1.81 89.29 2.76 100.00 1.72 100.00 0.53 100.00
MALIBOO 5.97 78.57 2.85 100.00 4.08 100.00 1.97 100.00 0.61 100.00
OpenTuner | 16.80 100.00 35.63 100.00 65.53 100.00 78.58 100.00 0.17 100.00
SVM-CBO 6.98 75.00 10.04 100.00 12.13 96.43 18.31 50.00 inf 0.00

Table 6: Results of the five best configurations of d-MALIBOO, MALIBOO, OpenTuner
and SVM-CBO on the Query55 monodimensional application. We highlight the best result
for each constraint in bold.

T(x) < 32355 T(x) < 365.0s T(x) < 46355 T(x) < 652.55 T(z) < 1280.0s
Algorithm | MAPR feas. [%] | MAPR feas. [%] | MAPR feas. [%] | MAPR feas. [%] | MAPR feas. [%]
Config. 1 4.18 100.00 1.53 100.00 3.54 100.00 1.97 100.00 0.54 100.00
Config. 2 3.94 96.43 2.40 100.00 2.85 100.00 2.98 100.00 0.61 100.00
Config. 3 5.17 89.29 1.19 100.00 2.37 100.00 2.21 100.00 0.51 100.00
Config. 4 5.29 100.00 1.28 100.00 2.67 100.00 2.27 100.00 0.47 100.00
Config. 5 5.02 89.29 1.82 100.00 2.90 100.00 1.70 100.00 0.64 100.00
MALIBOO 3.77 92.86 1.51 100.00 2.55 100.00 2.17 100.00 0.68 100.00
OpenTuner | 17.64 100.00 37.49 100.00 64.60 100.00 77.21 100.00 0.40 100.00
SVM-CBO 9.82 39.29 5.50 100.00 11.73 92.86 20.30 46.43 inf 0.00

Table 7: Results of the five best configurations of d-MALIBOO, MALIBOO, OpenTuner
and SVM-CBO on the K-means application. We highlight the best result for each con-
straint in bold.

T(x) < 241s T(x) < 283s T(x) < 378s T(x) < 1190s T(x) < 7000s
Algorithm | MAPR feas. [%] | MAPR feas. [%] | MAPR feas. [%] | MAPR feas. [%] | MAPR feas. [%]
Config. 1 1.29 71.43 3.02 96.43 1.92 100.00 2.10 100.00 1.91 100.00
Config. 2 1.03 78.57 1.80 92.86 1.86 100.00 2.34 100.00 2.00 100.00
Config. 3 0.66 67.86 2.47 89.29 3.56 100.00 2.83 100.00 2.37 100.00
Config. 4 0.99 53.57 2.58 92.86 2.67 100.00 1.73 100.00 2.47 100.00
Config. 5 0.70 60.71 2.12 78.57 1.59 100.00 2.38 100.00 1.96 100.00
MALIBOO 0.71 75.00 2.59 92.86 1.43 100.00 2.12 100.00 1.91 100.00
OpenTuner 4.65 100.00 10.84 100.00 16.49 100.00 19.18 100.00 18.46 100.00
SVM-CBO 3.04 21.43 4.48 85.71 2.22 100.00 3.14 71.43 inf 0.00

SVM-CBO struggles with the strict thresholds imposed by the black-box
constraints, particularly with the Query26 monodimensional application. In
fact, SVM-CBO did not find any feasible solution in any run.

Recipe Transcriber is a multi-dimensional application. Since the number
of configurations in the domain is limited, we perform relatively few algorithm

iterations in this case as well. We present the box plot for this application
in Figure [2| with the detailed data provided in Table
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Table 8: Results of the five best configurations of d-MALIBOO, MALIBOO, OpenTuner
and SVM-CBO on the Recipe Transcriber application. We highlight the best result for
each constraint in bold.

T(z) < 150s T(z) < 300s T(x) < 450s T(x) < 600s
Algorithm | MAPR feas. [%] | MAPR feas. [%] | MAPR feas. [%] | MAPR feas. [%]
Config. 1 14.07 67.86 56.27 100.00 46.80 100.00 48.95 100.00
Config. 2 32.46 57.14 47.87 100.00 49.86 100.00 45.52 100.00
Config. 3 30.88 67.86 60.56 100.00 45.09 100.00 55.64 100.00
Config. 4 2741 64.29 66.27 100.00 43.42 100.00 60.21 100.00
Config. 5 31.42 46.43 49.01 100.00 53.31 100.00 60.58 100.00
MALIBOO | 46.95 75.00 43.66 100.00 52.76 100.00 39.30 100.00
OpenTuner | 136.04 35.71 99.60 100.00 93.06 100.00 93.17 100.00
SVM-CBO inf 0.00 74.17 82.14 95.15 3.57 inf 0.00

The results indicate that d-MALIBOO and MALIBOO achieve compara-
ble performance, consistent with previous scenarios. As before, OpenTuner
exhibits very high regrets, while SVM-CBO again struggles to find feasible
solutions.

Next, we discuss the bidimensional queries, namely Query52 and Query26.
In this scenario, the configuration space is larger than the previous applica-
tions. Figure [3] and Tables [9] and [10] summarize the results.

The results show that d-MALIBOO outperforms all competitor approaches.
Notably, OpenTuner struggles significantly with Query52, exhibiting a MAPR
that exceeded 160%, while d-MALIBOO consistently achieves values below
23%. OpenTuner performs more competitively on Query26, particularly un-
der the least restrictive threshold. SVM-CBO struggles to define the feasi-
bility region, particularly with Query52. Finally, while MALIBOO performs
comparably to d-MALIBOO on Query26 for most constraints, it struggles
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Table 9: Results of the five best configurations of d-MALIBOO, MALIBOO, OpenTuner
and SVM-CBO on the Query52 application. We highlight the best result for each con-
straint in bold.

T(z) < 262.9s T(z) < 334.0s T(z) < 407.0s T(x) < 645.0s T(z) < 2250.0s
Algorithm | MAPR feas. [%] | MAPR feas. [%] | MAPR feas. [%] | MAPR feas. [%] | MAPR feas. [%]
Config. 1 14.74 100.00 18.02 100.00 8.06 100.00 29.76 100.00 56.16 100.00
Config. 2 14.72 100.00 21.73 100.00 21.36 100.00 17.26 100.00 46.38 100.00
Config. 3 29.00 100.00 22.10 100.00 31.01 100.00 36.74 100.00 38.64 100.00
Config. 4 14.30 100.00 21.89 100.00 20.87 100.00 10.26 100.00 22.35 100.00
Config. 5 8.33 100.00 3.73 100.00 3.11 100.00 26.61 100.00 58.41 100.00
MALIBOO | 22.99 100.00 8.31 100.00 23.32 100.00 60.16 100.00 106.06 100.00
OpenTuner | 569.00 100.00 564.71 100.00 567.28 100.00 160.15 100.00 162.05 100.00
SVM-CBO 17.83 96.43 8.48 57.14 1.36 25.00 inf 0.00 inf 0.00

Table 10: Results of the five best configurations of d-MALIBOO, MALIBOO, OpenTuner
and SVM-CBO on the Query26 application. We highlight the best result for each con-
straint in bold.

T(z) < 195s T(x) < 205s T(x) < 215s T(x) < 225s T(x) < 245s
Algorithm | MAPR feas. [%] | MAPR feas. [%] | MAPR feas. [%] | MAPR feas. [%] | MAPR feas. [%]
Config. 1 2.31 100.00 2.34 100.00 1.80 100.00 2.32 100.00 33.18 100.00
Config. 2 2.08 100.00 2.11 100.00 1.85 100.00 2.83 100.00 21.40 100.00
Config. 3 1.96 100.00 2.53 100.00 1.91 100.00 2.90 100.00 28.51 100.00
Config. 4 2.65 100.00 2.04 100.00 1.79 100.00 2.67 100.00 25.77 100.00
Config. 5 2.32 100.00 2.39 100.00 1.65 100.00 2.52 100.00 13.42 100.00
MALIBOO 1.89 100.00 1.96 100.00 1.75 100.00 2.44 100.00 42.47 100.00
OpenTuner 2.31 100.00 2.08 96.43 2.51 100.00 3.64 100.00 0.97 100.00
SVM-CBO 2.46 67.86 2.35 64.29 2.05 82.14 2.90 89.29 9.18 96.43

with the least restrictive one. Moreover, on Query52, the MAPR of MALI-
BOO is two to five times higher than that of d-MALIBOO.

The final two applications, Stereomatch and LiGen, have the largest con-
figuration spaces. Consequently, we allocate a greater number of iterations
for the optimization algorithms. We show their box plots in Figure [ with
detailed data provided in Tables [11] and [12]
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Table 11: Results of the five best configurations of d-MALIBOO, MALIBOO, OpenTuner
and SVM-CBO on the Stereomatch application. We highlight the best result for each
constraint in bold.

T(x) < 6s T(x) <8s T(x) < 10s T(x) <12s T(x) <17s T(x) < 20s T(x) <40
Algorithm [ MAPR feas. [%] | MAPR feas. [%] | MAPR feas. [%] | MAPR feas. [%] | MAPR feas. [%] | MAPR feas. [%] | MAPR feas. [%]
Config. 1 78.86 100.00 17.48 100.00 | 10.57  100.00 | 16.37 100.00 .96 100.00 6.55 100.00 0.03 100.00
Config. 2 50.99 10000 | 16.22  100.00 | 1837 100.00 10.96 100.00 1.51 100.00 6.48 100.00 0.07 100.00
Config. 3 37.46 92.86 17.43 100.00 14.52 100.00 13.18 100.00 2.50 100.00 7.52 100.00 0.01 100.00
Config. 4 68.83 96.43 23.63 100.00 10.67 100.00 6.66  100.00 1.84 100.00 3.52 100.00 0.04 100.00
Config. 5 53.49 96.43 17.82 100.00 11.95 100.00 12.12 100.00 4.06 100.00 441 100.00 0.11 100.00
MALIBOO | 72.95 100.00 30.85 100.00 1171 100.00 13.84 100.00 2.94 100.00 7.8 100.00 0.39 100.00
OpenTuner | 39.15  100.00 | 20.89 100.00 22.98 100.00 23.40 100.00 17.22 100.00 17.50 100.00 14.42 100.00
SVM-CBO inf 0.00 91.28 71.43 63.03 100.00 80.79 89.29 49.56 46.43 77.86 35.71 inf 0.00

Table 12: Results of the five best configurations of d-MALIBOO, MALIBOO, OpenTuner
and SVM-CBO on the LiGen application. We highlight the best result for each constraint

in bold.

R) < 1.0 R <20 R(x) < 21 Rz) <232 RG) <245 R(z) <275
Algorithm | MAPR feas. [%] | MAPR feas. [%] | MAPR feas. [%] | MAPR feas. [%] | MAPR feas. [%] | MAPR feas. [%]
Config. 1 165.30 100.00 153.03 100.00 143.07 100.00 154.40 100.00 114.11 100.00 166.78 100.00
Config. 2 163.12 89.29 166.56 100.00 151.42 100.00 155.90 100.00 114.06 100.00 178.21 100.00
Config. 3 141.02 89.29 146.86 100.00 128.78 100.00 159.53 100.00 113.16 100.00 163.77 100.00
Config. 4 141.13 100.00 234.95 100.00 174.66 100.00 157.80 100.00 122.46 100.00 154.39 100.00
Config. 5 119.68 96.43 178.37 100.00 127.89 100.00 161.70 100.00 123.55 100.00 188.73 100.00
MALIBOO | 161.07 100.00 200.92 100.00 170.67 100.00 158.68 100.00 107.60 100.00 159.08 100.00
OpenTuner | 201.30 96.43 210.86 100.00 236.45 100.00 305.00 100.00 275.97 100.00 376.19 100.00
SVM-CBO | 315.84 32.14 261.43 82.14 184.19 100.00 192.59 100.00 252.13 46.43 inf 0.00

In both applications, d-MALIBOO consistently outperforms all other ap-
proaches. SVM-CBO demonstrates the poorest performance in both scenar-
ios, primarily due to its low feasibility rate, especially at threshold values
at the extremes of the distributions. OpenTuner performs best in a sin-
gle specific scenario in Stereomatch, namely with T'(x) < 6s. However, in
all other scenarios, it is outperformed by d-MALIBOO, with a MAPR that
is 75%-170% higher than the best configuration of d-MALIBOO. Similarly,
MALIBOO shows approximately twice the MAPR of d-MALIBOO on Stere-
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omatch. Furthermore, d-MALIBOO achieves an average MAPR that is 25%
lower than MALIBOO on LiGen.

5.4.3. Discussion

The results of this experimental campaign indicate that employing ML
models to guide the AF is highly effective in discrete domains, particularly
in scenarios requiring a greater number of iterations, such as those with
very large optimization domains. Furthermore, we observe that using the
“Indicator” approach to define the feasible region, as proposed in [9], be-
comes even more effective when combined with techniques that balance the
exploration-exploitation trade-off, such as the e-greedy approach. Notably,
this approach proves most beneficial in domains with multiple local optima,
as seen in LiGen, as it helps prevent stagnation in the optimization process.
These enhancements to the original MALIBOO algorithms yield an average
MAPR reduction of approximately 9% for the proposed approach, with no-
table improvements of 11.2% on Recipe Transcriber, 17.5% on LiGen, and
40.4% on Query52.

Additionally, we observe that d-MALIBOO outperforms the two state-
of-the-art methods in nearly every application and across all values of the
threshold on the black-box constraint. Notably, OpenTuner requires more
iterations to achieve MAPRs comparable to our algorithm but is almost
always successful in finding feasible configurations. In contrast, SVM-CBO
often struggles to define the feasibility region, particularly with thresholds
that split the domain in an unbalanced way. If all the points explored in phase
1 are either entirely feasible or entirely unfeasible, the algorithm halts due
to the absence of an estimated boundary. As a result, OpenTuner achieves
an average MAPR that is 29.3% higher than d-MALIBOO, while SVM-CBO
exhibits an even greater difference, with an MAPR 82.4% higher than our
proposed algorithm.

6. Related Work

BO algorithms have gained significant popularity in recent years as effi-
cient methods for hyperparameter tuning and optimization. Although orig-
inally designed for continuous and unconstrained optimization, recent re-
search has addressed the challenges of discrete variable optimization, extend-
ing the applicability of BO to a wide range of fields. This section focuses on
the techniques and applications proposed in the literature.
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A key challenge in BO with discrete variables is modeling the OF effec-
tively. Naive approaches, such as rounding for integer variables and one-hot
encoding for categorical variables, often fail to capture the true structure
of the OF. These techniques assume that the OF varies continuously, even
though it remains constant within regions corresponding to the same inte-
ger values. As a result, they produce a GP model that fails to capture the
piecewise-constant nature of the relaxed OF, leading to an inaccurate repre-
sentation. To address this issue, [16] proposes a variable transformation that
adjusts the GP covariance function, enabling a more accurate representa-
tion of constant regions and ultimately improving optimization performance.
However, this approach is not applicable in our scenarios, where the fea-
ture values are not equispaced. Another challenge in discrete optimization is
avoiding the repetition of previously observed points. To tackle this issue, [27]
propose Discrete-BO, a BO algorithm that reparametrizes the parameters of
the UCB AF and the RBF kernel of the GP, based on whether the suggested
point has already been visited. Optimization of combinatorial domains is
closely related to discrete optimization. [2§] introduces Bayesian Optimiza-
tion for Combinatorial Structures, employing convex optimization techniques
to efficiently approximate the maximum of the AF. This approach also in-
tegrates an interpretable model that captures interactions among structural
features, enhancing its effectiveness in combinatorial optimization.

In the context of constrained optimization, [29] introduces a probabilistic
algorithm designed to handle noisy constraints, enabling independent evalu-
ations of the objective and constraint functions. Expanding on this concept,
[30] presents Predictive Entropy Search with Constraints, which breaks down
the information gain into contributions from each individual function, thus
improving optimization efficiency.

The natural extension of frameworks designed for both continuous and
discrete domains is mixed-variable optimization. [3I] presents MIVABO, a
BO algorithm tailored for optimizing mixed-variable functions under known
linear and quadratic integer constraints. MIVABO employs a linear surro-
gate model to separate the continuous, discrete, and mixed components of
the OF. This approach allows the algorithm to efficiently sample from the
posterior distribution using Thompson sampling, thereby optimizing the con-
strained AF. [32] introduces CoCaBO, which integrates multi-armed bandits
and BO to manage both continuous and categorical inputs. It uses a kernel
specifically designed for mixed-type spaces, enabling the capture of interac-
tions between continuous and categorical inputs without requiring one-hot
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encoding. Lastly, [33] presents the Probabilistic Reparameterization (PR)
approach, which maximizes the expectation of the AF over a probability dis-
tribution defined on continuous parameters, rather than directly optimizing
the AF over discrete parameters. This is achieved by appropriately reparam-
eterizing discrete variables into continuous ones.

Finally, we present several BO-based techniques and applications. Hyper-
opt [34] is an open-source framework designed for hyperparameter optimiza-
tion with applications in deep learning. A key contribution of their work is
the Tree-structured Parzen Estimator (TPE), which uses probabilistic mod-
eling to differentiate between good and bad configurations, thus guiding opti-
mization toward promising regions of the search space. [35] introduces a BO-
based framework for intrusion detection, leveraging optimized ML classifiers
such as SVMs with RBF kernels, Random Forests, and k-Nearest Neighbors.
Their work highlights the effectiveness of BO in fine-tuning ML models for
complex tasks, such as those encountered in cybersecurity. [14] applies BO
to automate the tuning of benchmark parameters for supercomputers. Their
method optimized energy efficiency, helping their system, “Kukai”, secure
second place in the Green500 rankings. [36] presents HiPerBOt, an active
learning framework that leverages BO to identify high-performing configura-
tions, significantly reducing the cost of evaluating expensive application runs.
[37] introduces a BO-based approach for task offloading and resource allo-
cation in dynamic, multi-server, multi-user mobile edge-computing systems.
Their method incorporates an innovative kernel design that integrates tem-
poral and contextual information, enhancing decision-making under bandit
feedback.

7. Conclusions and Future Work

This work presents d-MALIBOO, a collection of algorithms that inte-
grates BO and ML to address the optimization of constrained problems in
discrete and multidimensional domains. Specifically, we have incorporated
novel ML approaches for identifying the feasible region within black-box con-
straints and for enhancing the search for the optimum in discrete domains.
Additionally, we have enhanced the exploration phase by introducing an
e-greedy approach within the BO algorithm to prevent stagnation in the im-
provement of the MAPR. The framework supports any combination of ML
models for the bounds, target, and the e-greedy approach. We then tested
d-MALIBOO to first determine the optimal configuration of the algorithm
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and later compared its performance with SVM-CBO, OpenTuner, and the
original MALIBOO. The results demonstrate that d-MALIBOO reduces the
MAPR by 9% compared to MALIBOO, 29% compared to OpenTuner, and
82% compared to SVM-CBO.

Future work will focus on developing novel strategies to avoid repeating

already observed points, different from simply vanishing the AF at those
points. Additionally, we will extend our framework to optimize general
mixed-variable domains.
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