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Abstract. Good hyperparameter values are crucial for the performance of ma-
chine learning models. In particular, poorly chosen values can cause under- or
overfitting in regression and classification. A common approach to hyperparameter
tuning is grid search, but this is crude and computationally expensive, and the
literature contains several more efficient automatic methods such as Bayesian
optimization. In this work, we develop a Bayesian hyperparameter optimization
technique with more robust performance, by combining several acquisition func-
tions and applying a multi-objective approach. We evaluated our method using
both classification and regression tasks. We selected four data sets from the litera-
ture and compared the performance with eight popular methods. The results show
that the proposed method achieved better results than all others.

Keywords: Bayesian Optimization - Multi-objective Optimization - Hyperparam-
eter Tuning

1 Introduction

Machine learning (ML) algorithms have been used in various application domains such as
recommender systems, natural language processing, behaviour analytics, and computer
vision [18]. The construction of an effective ML model is a time-consuming and complex
process. Effective ML models have achieved great success in a wide range of practical
problems but the performance depends on correctly setting the many parameters. We
can categorize the ML parameters considering the setting procedure. Model parameters,
such as neural network weights, are learned during the training process. In contrast,
hyperparameters (HPs), such as the number and size of neural layers, must be set before
training. Tuning HPs is a crucial step when building an ML model. There is a wide range
of possibilities that need to be explored to build an effective and optimal ML model. The
process of HP tuning differs among different ML models according to their different
types of HP, which can be categorical, discrete, or continuous. A traditional approach

* This publication has emanated from research conducted with the financial support of Science
Foundation Ireland under Grant number 16/RC/3918.
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is manual tuning, which requires expertise and a deep understanding of the chosen ML
algorithms. It is not effective for most problems because of the high number of HPs,
model complexity, the time-consuming nature of evaluations, and the convexity of HP
interactions. This has motivated research in the field of hyperparameter optimization
(HPO), which aims to find optimal HPs for a given model. The main goal of HPO is to
build automated systems and allow non-expert users to effectively apply ML models
to practical problems. It also reduces human effort, as ML experts often spend a great
deal of time on HP tuning, especially when working with complex ML models. Thus
HPO improves the performance of ML models, as HPs might have different optima for
different problems.

Many optimization techniques have been applied successfully to HPO problems.
Bayesian optimization (BO) is an iterative global optimization method to optimize
expensive-to-evaluate black-box functions [17]. BO uses a surrogate model, typically
Gaussian process (GP) [25], and an acquisition function to evaluate future points based
on previous observations. While the surrogate model aims to fit all current observations
into the objective function and obtain a probability distribution, the acquisition function
determines the next optimal evaluation by balancing exploration and exploitation. It
works by updating the surrogate model after each iteration until reaching a near-optimal
solution. BO can usually detect near-optimal HP configurations within a few iterations
[11]. Several BO approaches focused on surrogate models have been developed for HPO.
Besides GP, commonly used surrogate models include Random forest (RF) [33] and the
tree Parzen estimator (TPE) [12]. As we shall discuss in Section 2, there has been much
recent progress in the HPO field and the methods have strengths and weaknesses accord-
ing to their constraints. However, surprisingly few works have focused on improving the
next point selection process by modifying the acquisition function of the HPO problem.

The main contribution of this paper is to combine the strengths of several methods
to obtain more robust results. Ensemble learners [8] have proven to be effective in
a wide variety of ML applications, especially when diverse methods are combined.
We apply this idea to BO by using more than one acquisition function, to obtain a
more intelligent search strategy for hyperparameter optimization. As stated in [14] no
single acquisition function always outperforms others. We propose a new Bayesian
hyperparameter optimization method using a multiobjective acquisition function, which
we call BHO-MA. Our proposed BHO-MA method seeks robust selection by trading off
acquisition functions with different search strategies for hyperparameter optimization
tasks. To the best of our knowledge, this idea has not previously been applied to HPO.
Our contributions can be considered as three-fold. First, we use multiple acquisition
functions for hyperparameter tuning and solve the multi-objective problem with a genetic
algorithm to obtain the best trade-off. Second, we show empirically how using the multi-
acquisition approach affects HPO performance and obtains near-optimal configurations.
Also, BHO-MA provides another insight into the benefit of combining multi-objective
optimization and preference learning literature, as there is no single optimal solution
for multiple objectives. It provides the user with the freedom of choosing the next
selection according to his/her preference after the Pareto-front is obtained and explored
by the automated machine learning regime while optimizing the hyperparameters of the
preferred ML model.
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The rest of the paper is organized as follows. Related works on HPO are surveyed
in Section 2. The preliminaries of multi-objective problems and Bayesian optimization
are given in Section 3. BHO-MA method is explained in Section 4. In Section 5 the
experimental setup is described, and Section 6 follows with results and discussions.
Finally, Section 7 concludes the paper and proposes future work.

2 Related Work

Several methods have been successfully applied to the HPO problem over the years. Grid
Search (GS) [2] and Random Search (RS) [3] are relatively simple decision-theoretic ap-
proaches. While RS samples hyperparameters randomly from a configuration space, GS
evaluates the Cartesian product of a set of values for each hyperparameter. Neither scales
well to large-scale search spaces, and each HP configuration is treated independently.
Because of computational resource limitations, multi-fidelity optimization algorithms are
improved to solve these problems. Hyperband [20] is a bandit-based optimization tech-
nique that generates small data sets and sets the specific budget for each HP combination.
It can be considered an improved version of RS. Metaheuristic techniques have been
successfully applied to large-scale, complex HPO problems, including genetic algorithm
(GA) [32] and particle swarm optimization (PSO) [22]. They can locate near-optimal
solutions well but are expensive in terms of function evaluations. Bayesian optimization
(BO) determines the next sample of HP value based on previously observed HPs [21],
thus reducing function evaluations compared to other methods. BO uses the distribution
of the objective function as the surrogate function. Examples of surrogates are Gaussian
process (BO-GP), random forest (BO-RF) [33], and tree-structured Parzen estimators
(BO-TPE) [12].

In recent years, the research community has focused on building systems that con-
tinuously improve over time, especially in automated HPO tasks [16]. In some works,
reinforcement learning is successfully employed in solving HPO problems [36, 9]. Meta-
learning techniques received increased attention in recent works by combining other
optimization techniques for HPO problems [7, 24, 15]. Applying HPO techniques to
tune hyperparameters of ML models can greatly improve their performance on practical
problems. [6] worked on the health estimation problem of lithium-ion batteries and
improved the estimation accuracy by optimizing convolutional neural network (CNN)
hyperparameters with BO. Another HPO application of CNN hyperparameters can be
found in [29]. They worked on the facial emotion recognition problem and improved
the algorithm performance by applying the RS algorithm to the HPO problem. HPO
of artificial neural networks was used by [5] for designing software sensors. For the
prediction problem of passengers at a metro station using deep neural networks, [28]
explored different HPO techniques such as GD and PSO. In [13] heuristic techniques
for the HPO problem worked well for deep learning models for genomic prediction
problems.

We believe BO is a very promising global optimization method, especially after the
interesting work of [31] for applying BO in high-dimensional space. In this work, we fo-
cus on improving BO by using a multi-objective acquisition approach. We shall describe
our BHO-MA method and compare it with various HPO methods in the literature.
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3 Preliminaries

We now provide some necessary background.

3.1 Multi-objective Optimization

Multi-objective optimization (MOQ) aims to optimize a vector-valued objective function
f(x) € R™ over a bounded set X C RZ. There are multiple objectives to optimize when
we consider the multi-objective optimization problems. It is formulated as

miniIEl(iZe f(X) = (fl(x)""afn(x))‘ (1)

x€E

Because of different possible trade-offs between objectives, there is no single best
solution. The main goal is to approximate the Pareto-optimal solution set which is a set
of optimal objective trade-offs. The Pareto-optimal solution set is a set of non-dominated
solutions that trade-off objectives. Let us say that f(x) dominates another solution
£(x') if £ (x) = £ (2') forall i = 1,2,..., M and there exists i’ € {1,2,..., M}
such that fi/ (x) = fi/ (x'). So we can express the Pareto-optimal by P* = {f(x) s.t.
Ix' € X : f(x') = f(x)} and X* = {x € X s.t. f(x) € P*}. A solution set is Pareto-
optimal if it is not dominated by any other point and it dominates at least one point.
The Pareto-set the set of all Pareto-optimal points, and a set of Pareto-optimal points is
called a Pareto-front. The existence of multiple feasible optima, namely the Pareto-front,
provides freedom to the decision-maker to choose an objective trade-off according to
their preferences. Hypervolume is a metric for measuring the quality of the frontier
which is bounded from below by a reference point that bounds a region of interest in
objective space [30]. It is commonly assumed to be known by the decision-maker.

3.2 Bayesian Optimization

Bayesian optimization (BO) is a method to optimize expensive-to-evaluate black-box
functions. BO uses a probabilistic surrogate model, typically Gaussian Process (GP)
[25], p(f|D) to model the objective function f based on previously observed data
points D = {(x1,41), -, (Xn, Yn) }. GPs are models that are specified by a mean func-
tion 11(x; {Xn,Yn },0) : R — R and predictive variance function o (x; {Xn, yn },0) :
R? x R? — R where x € R%. Surrogate model p(f|D) is assisted by an acquisition
function o : X — R. We represent an acquisition function depending on the previous
observations by a(x; {Xn, yn }, ) where 6 is Gaussian parameters such as kernel for the
model. Because the objective function is expensive to evaluate and the surrogate-based
acquisition function is not, it can be optimized much more quickly than the true function
to yield X,,¢,,. Gaussian process uses the acquisition function to select the x,,.,, Then
it evaluates the objective function Ynew = f(Xnew) and updates the data set with new
observations D < D U (Xpew, Ynew)- 1t continues until the budget criterion is met.
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4 Method

We now describe our proposed method which uses multi-objective acquisition optimiza-
tion to take advantage of different search strategies of different acquisition functions
during Bayesian optimization. First, we will present the problem statement and then the
adaptation of multi-objective acquisition optimization to hyperparameter optimization.

4.1 Problem Statement

Let us assume that we have an ML algorithm A with M hyperparameters. If we denote
the m-th hyperparameter by A,,, the configuration space can be denoted by A =
A1 X Ag X ... x Apy. Also, define the set of hyperparameters as a vector and denote by
A € A and A) represents the algorithm A with hyperparameters A. For a given data set
D, our goal is to find [16]:

)\* = argmin E(DW,DM)NDV(‘&’ .A)\, Dtm Dvl)v (2)

XA

where V (L, Ay, Dy, D,;) represents the loss of the model generated by algorithm A
with HPs )\ on training data D;,. and evaluated on validation data D,,;.

4.2 Acquisition Functions

There are several popular choices of acquisition functions. Different acquisition functions
have different characteristics according to their structure and point selection strategy.
Improvement-based strategies rely on the best selection so far at each iteration. For
example, the probability improvement (PI) function value decreases when the difference
between the mean function and the best objective value is far below zero. The expected
improvement (EI) function value at sampled points would always be worse than the EI
values at pending decision points. Uncertainty-based acquisition functions, for instance,
upper-confidence-bound (UCB), increase as o (x; {Xy, yn }, ) increases. The formula-
tions of the acquisition functions used in this work are provided as follows. @(-) will
denote the cumulative distribution function of the standard normal, and ¢(-) will denote
the standard normal density function.

Probability of Improvement (PI) The strategy of the PI acquisition function is to maxi-
mize the probability of improvement over the best current value. Given the minimum
objective function value 7 in the data set, the formulation is given in Equation 3 as in
[19].

’7<X) — T = M(Xa {X’I’L7 yn}7 9)
O—(X; {Xn, y'll}? 0)
Expected Improvement (EI). The EI strategy maximizes the expected improvement over

the current best observation [27]. The corresponding formulation can be expressed as in
Equation 4.

apr(X;{Xn, yn},0) = o (x5 {xn, yn}, ) (v(x)P(v(x)) + ¢(7(x))),
v(x) = T — pu(x; {xn, yn}, 0) 4)
o(x;{Xn,Yn},0)

O‘PI(X; {Xm yn}a 0) = é(’V(X)L 3)
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Fig. 1. [llustration of the difference of acquisition function search strategies.

Upper Confidence Bound (UCB). This is not an improvement-based strategy like EI and
PI. Instead, it tries to guide the search from an optimistic perspective. The formulation is
given in Equation 5,

OKUC‘B(X; {Xnayn}ve) = /’('(Xv {Xnayn}v 9) + 6U(X; {XTwyn}a 9) (5)

where [ is a parameter that represents the exploration-exploitation trade-off. We fix
8 =0.1.

4.3 Multi-objective Acquisition Adaptation to Hyperparameter Optimization

For an illustration of the acquisition function search strategy difference, we use a
multimodal problem in Fig. 1. Multimodal problems can have more than one global
optimal point with several local optima. The red line on the top-first graph represents the
optimal point. The PI, UCB and EI acquisition function strategies can be seen on the
other three graphs. As shown in Fig. 1, different acquisition functions suggest different
candidates after initializing on 15 data points. While the PI acquisition function is trying
to make the next decision around global optima, the EI and UCB acquisition functions
are exploring the other points at the current iteration.

In the proposed BHO-MA method, we use the MOO approach during the next
point selection process, according to the different selection strategies explained above
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Algorithm 1 The Bayesian optimization algorithm via multi-objective acquisition func-
tion for HPO task.

Initialize the number of iterations N. Initialize the size of sample size n for beginning the algorithm.
Select random hyperparameters A1, . .., A with the size of m from the configuration space.
Obtain the evaluation results of the loss function of the selected ML model f(A1),. .., f(Am)
that is defined in Equation 2.

1: Construct Gaussian model with the observations

2: fori=0:Ndo

3:  Construct the acquisition functions according to the Equation 6

4:  Find non-dominated solutions of multi-objective acquisition problem using the NSGA-II
algorithm

5 Make a random selection from the non-dominated solution set

6 Calculate the evaluation results of the loss function

7:  Update Gaussian Process model with new observations

8: end for

9: Return Best hyperparameter A* and corresponding evaluation results

and in Section 4.2. We aim to find the best trade-off between acquisition functions
with different search strategies. This is called the Pareto-front solutions of acquisition
functions. Acquisition functions are the key point in Bayesian optimization. It is expected
to be cheap to solve compared with the true objective function, and easier to optimize. It
also includes information on uncertainty and estimated values everywhere in the search
space. So modifying the acquisition optimization step on the Gaussian process improves
the global optimization process significantly. This is the main reason that the literature
has worked on creating various acquisition functions such as g-knowledge gradient
(qKG) [34], and predictive entropy search (PES) [26]. Each acquisition function may
not agree to sample the same points as each of them has a different search strategy.
Reconstructing the acquisition function with multiple acquisition functions gains us the
information to use the benefits of different acquisition search strategies.

For the purpose declared above, we constructed the data set D with the finite col-
lection of hyperparameters A1, Ao, ..., A\, € A and f(A1), f(A2),...,f(An) € Ris
the evaluation results of the loss function defined in Equation 2, where n represents
the number of initial data points. Let us define the variable x,, = [A1,...,\,] and
Yn = [f(A1),..., f(A,)] with the GP parameters 6, the optimization problem of the
multi-objective acquisition function is constructed as follows:

—apr((x;{xn,yn},0))
chl —apr((x; {Xn,yn},0)) ©)
* —ayceB(X; {Xn, Yn},0)

Solving MOO problems is computationally more difficult and time-consuming. But
as acquisition functions are easy-to-solve functions, the multi-objective structure of
the problem does not have a significant effect on algorithmic performance, especially
when the learner being tuned is applied to a large problem. The objective of HPO is
to minimize the number of executions of the learner. However, wall-clock times are
provided in Table 4.
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Instead of a random selection of acquisition functions during the optimization pro-
cess, the Pareto-front allows us to use trade-offs between these different search strategies.
It allows the decision maker to pick the most preferred solutions from this set. The
advantage is the decision maker does not have to specify the preferences before optimiza-
tion, which is an acquisition function in BO literature. The MOO problem defined in
Equation 6 is solved by the popular NSGA-II algorithm [10]. The NSGA-II algorithm is
a successful algorithm for solving MOO problems. At each iteration, we constructed the
multi-objective acquisition function by using Equation 6. We constructed the population
of 100 with current acquisition values and terminated the algorithm after 100 generations.
After we obtained the final population, we used random sampling for the next iteration.
The details can be found in Algorithm 1.

5 Experiments

This section presents experiments applying the popular HPO techniques on ML algo-
rithms on two benchmark data sets. Firstly, the experimental setup is discussed. Secondly,
the results of the BHO-MA are compared with those of other popular methods and ana-
lyzed.

5.1 Experimental Setup

We evaluated BHO-MA’s performance on four tasks selected from the sklearn library
[23]. Firstly, the Modified National Institute of Standards and Technology (MNIST)
and IRIS data sets are selected for the classification problem. MNIST is a hand-written
digit recognition data set which has 1797 instances with 64 attributes, used for multi-
classification problems. Iris data set is a classification data set which has 150 instances
with 4 attributes, that contain three classes and each class refers to a type of iris plant.
The Boston housing and diabetes data sets are chosen as regression problem benchmarks
where the Boston housing includes 506 instances with 13 attributes while diabetes data
set has 442 instances with 10 attributes.

Support vector machines (SVM), K-nearest neighbour (KNN), and random forest
(RF) are three ML algorithms that are chosen as targets for HPO problems according to
the type of their hyperparameters. They can be applied to regression and classification
problems and are popular in the ML community to solve practical problems. We imple-
mented 3-fold cross-validation to evaluate the HPO methods for each experiment. For
the classification problems, the accuracy metric is selected for performance comparison
while the mean squared error (MSE) is chosen for the regression problems. Accuracy
measures the proportion of correctly classified data. MSE calculates the average squared
difference between predicted and actual values. The highest accuracy and the lowest
MSE value are returned for each experiment. The maximum number of iterations for all
HPO methods is set to 50 for the selected ML models. Thus, all learners are tuned based
on 50 executions, for a fair comparison with the results presented in [35]. All experiments
are repeated 10 times with different random seeds, and report the average results with
standard deviations. We compared our results with 8 different popular approaches in
the literature. We presented the details of our approaches in Section 2. The algorithm
implementation is made by considering the settings mentioned in Section 5.1.
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Table 1. Configuration space for the HPs of tested ML models.

Model Hyper-parameter Type Search Space
n_estimators Discrete [10,100]
max_depth Discrete [5,50]
RF min_samples_split Discrete [2,11]
Classifier min_samples_leaf Discrete [1,11]
criterion Categorical [*gini’, *entropy’]
max_features Discrete [1,64]
SVM C Continuous [0.1,50]
Classifier . ’linear’, "poly’,
kernel Categorical [’rbf’, *sigmoid’
KNN . .
Classifier n_neighbors Discrete [1,20]
n_estimators Discrete [10,100]
max_depth Discrete [5,50]
RF min_samples_split Discrete [2,11]
Regressor min_samples_leaf Discrete [1,11]
criterion Categorical [’mse’, mae’]
max_features Discrete [1,13]
SVM C Continuous ’lini(; ’1 ,?gily’
Regressor kernel Categorical [’rbf’, *sigmo d’}
epsilon Continuous [0.001,1]
R KNN n_neighbors Discrete [1,20]
egressor

5.2 Parameters

All experiments are conducted on a single core of 1.4 GHz Quad Core i5, 8Gb 2133
MHz LPDDR3 RAM. We constructed the selected ML models using the sklearn library
[23] by using the parameters in Table 1. To make the comparison fair, we used 3-fold
cross-validation for each experiment. The number of iterations is selected as the budget
for each ML model. For the stopping criterion, the default tolerance value 1073 is used
for all algorithms. For scoring the final performance, neg_mean_squared_error is used
for regression and accuracy is used for classification tasks. We set the n_jobs parameter
to —1 cause being able to use the all processors. Other parameters are left as default.

The BoTorch library is used for Bayesian optimization [1]. The method initialized
20 Sobol points to construct the initial GP model. MaternKernel is used to compute
the covariance matrix with parameter v = 2.5 and other parameters taking default
values. After constructing the GP model, the acquisition functions are initialized with the
parameters below. The current best selection is important to the EI acquisition function
to select the next point successfully. So in each iteration, the selections are analyzed and
set to the best_f parameter of EI. The selection of 3 is important for UCB acquisition
function tuning and we set it to 0.1. The PI acquisition function is constructed with the
default hyperparameters as well.

After we obtained the multi-objective acquisition function with the parameters
above, we used a genetic algorithm called Non-dominated Sorting Genetic Algorithm
(NSGA-II) to solve the MOO problem. For the NSGA-II algorithm [10] we used the
PyMOO library [4]. pop_size is selected as 100 at each iteration and n_gen as 100. We
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set eliminate_duplicates=True to discard unnecessary function evaluations. After we
obtained the Pareto-optimal solution set, we used a random selection process.

Pre-processing is important during the machine learning process, but we did not
focus on it for our experiments as it is not our main aim.

6 Results and Discussion

We compared our results with those of 8 different HPO methods in the literature and
present our results in Table 3 and Table 2. We also shared the wall-clock time comparison
of the best performances of all Bayesian-related algorithms in Table 4. It can be seen
that our algorithm is relatively slower than others from Table 4. We believe the main
reason is its use of MOO during acquisition optimization. However, the difference will
be negligible when the classification or regression tasks involve big data. The aim of
BO is to optimise an objecting while minimising the number of black-box function
evaluations, and a modest increase in runtime is not a drawback Please see Fig. 2 and
Fig. 3 for more details of experimental results.

The KNN search space of HPs has discrete, RF has categorical and continuous, and
SVM has discrete and categorical variables. The SVM regressor’s parameters are the
regularization parameter C, the kernel type, and € which determines the width of the
tube around the estimated function (hyperplane). The selected parameter for the KNN
regressor is the discrete-valued n_neighbors as it is the most important parameter for
this ML model. The RF algorithm has the largest parameter space. The mean value of
accuracy and MSE scores are presented with the standard deviations of ten runs. We can
see that using the default HP configurations does not yield the best model performance
in our experiments which shows that optimizing hyperparameters are crucial.

The Models Performance on Boston-housing Dataset. In this experiment, we evaluated
the BHO-MA performance for optimizing the three selected regression ML models for
predicting housing prices. We experimented with the BHO-MA method for optimizing
the KNN, RF and SVM regressors. As we can see from the MSE score which is shared in
Table 2, the proposed BHO-MA method for optimizing the ML models selected from the
literature reached the minimum and the best score compared to the other algorithms. The
closest algorithm to optimize the regressor’s parameters is BOHB which combines the
Bayesian optimization and Hyperband method. As the black-box approach works well
with low-dimensional feature spaces, it makes sense to have similar results with them. In
terms of the whole performance analysis of the selected three ML algorithms, the best
result was obtained from the RF model which has the minimum MSE score compared
with all. It also has the biggest parameter spaces including discrete and categorical
variables. Also, we can observe that all of the methods outperformed GS at the end of
the budget. It is clear that the BHO-MA technique for the HPO problem worked well
among the other techniques for the Boston housing data set for the regression task.

The Models Performance on MNIST. The popular MNIST is an image-processing data
set that is created for recognizing handwritten digits. It has been worked on with various
classification algorithms over the years. In our experiment, we evaluated the accuracy of
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Table 2. The performance of optimizing KNN, RF and SVM algorithms for regression and
classification tasks on Boston-housing and MNIST data sets over 10 different runs.

Regressor’s Classifier’s
Hyperparameter MSE Accuracy (%)
Optimization Mean i Std. Mean =+ Std.
Algorithm (Boston-housing data set) (MNIST data set)
KNN RF SVM KNN RF SVM

BHO-MA 80.75+0.0300 25.24+0.2100 58.451+0.0217 97.60+£0.0264 93.96+0.0412 97.45+0.0032
BOHB 80.774+0.1322 25.56+£0.7812 59.67+1.1484 97.44£0.0034 93.384+0.0054 97.44+0.0136
GA 80.7740.0014 26.95+0.4355 60.174+0.8733 96.831+0.0003 93.83+0.0032 97.444-0.0004
Hyperband 80.8740.2654 26.14+0.5471 73.4443.4956 96.2240.0034 93.38+0.0005 97.444-0.0023
BO-GP 80.9940.3365 26.44+0.6812 59.70+1.1694 96.5410.0024 93.35+0.0075 97.404-0.0002
BO-TPE 81.064+0.3137 26.384+0.6258 62.0944.2994 96.2940.0025 92.92+0.0072 97.4140.0003
PSO 81.01+0.2835 26.73£0.4541 60.26+1.0675 95.54+0.0024 92.46+0.0058 97.39+0.0001
GS 81.4940.0004 28.06+0.3970 67.074£0.0030 96.824+0.0122 93.60+£0.0015 97.3840.0142
RS 80.9940.2731 26.80+0.4438 60.88+2.0768 96.641+0.0021 92.98+0.0046 97.404-0.0004

Default HPs 81.484+0.0010 29.57£0.3762 77.43+0.0008 96.27+0.0014 92.9740.0363 96.99+0.0018

Table 3. The performance of optimizing KNN, RF and SVM algorithms for regression and
classification tasks on Diabetes and Iris data sets over 10 different runs.

Regressor’s Classifier’s
Hyperparameter MSE Accuracy
)(I)l;)tifnization Mean -+ Std. Mean =+ Std.
Algorithm (Diabetes data set) (Iris data set)
KNN RF SVM KNN RF SVM

BHO-MA 3190.66+0.0003 3074.17+2.1634 3030.71+12.626 0.9893+0.0046 0.9683+0.0028 0.9819+0.0002
BOHB 3198.3845.3243 3103.67+£6.5465 3047.371+14.722 0.973340.0087 0.9667=+ 0.0017 0.980140.0065
GA 3193.5442.5412 3099.82+3.6587 3039.88+1.4529 0.976640.0023 0.966640.0054 0.9803+40.0006
Hyperband ~ 3194.07+£1.4476 3098.324-5.4284 3038.68+2.4354 0.9820£0.0043 0.9670£0.0089 0.98100.0002
BO-GP 3197.0447.4451 3112.87+22.979 3049.304+21.657 0.980640.0058 0.966040.0021 0.981340.0042
BO-TPE 3195.07£7.9000 3120.69+£18.835 3056.60126.128 0.980140.0062 0.964440.0066 0.9770£0.0035

PSO 3194.0943.6494 3121.81£9.6953 3052.8945.4383 0.981340.0061 0.961340.0048 0.9803+0.0031
GS 3241.3340.0000 3102.640.0000 3040.9140.0000 0.980240.0000 0.9666+4-0.0000 0.973340.0000
RS 3200.33419.332 3135.33+£26.122 3048.284-10.857 0.984040.0046 0.964640.0032 0.980640.0037

Default 3619.2740.0000 3354.91+46.426 3895.661-0.0000 0.980540.0000 0.963340.0035 0.960940.0000

three ML models explained in Section 5. The accuracy of the KNN, RF and SVM models
is shared as a percentage the Table 2. As we can see from Table 2, the BHO-MA method
reached the highest accuracy compared with the other algorithms implemented. The
second best HPO algorithm for KNN and SVM is BOHB and GA for RF. As the RF has
the largest parameter space, it is understandable that the genetic algorithm works better
than the black-box approach in this experiment. The worst algorithm performance is
with the default HPs for all algorithms which shows the importance of the HPO problem
in ML literature. Among all ML algorithms, the KNN classifier got the best accuracy.

The Models Performance on Diabetes Dataset. The diabetes data set includes informa-
tion about patients who have diabetes, such as age, sex, blood pressure, etc. We used
the data set for the regression problem and the same ML models for the HPO task. We
shared the MSE score in Table 3 with the standard deviation over ten runs. As we can
see, the proposed BHO-MA method optimized the ML models better than other HPO
methods. The best ML model is SVM which has the minimum score compared with RF
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Table 4. The best surrogate-assisted accuracy results and wall-clock time duration (s) for regression
and classification tasks on all data sets over 10 different runs.

Regressor’s Classifier’s Regressor’s Classifier’s
Hyperparameter MSE Accuracy (%) MSE Accuracy (%)
yOP tirp;lization Mean =+ Std. Mean =+ Std. Mean =+ Std. Mean + Std.
Klgori thm (Boston-housing data set)  (MNIST data set) (Diabetes data set) (Iris data set)
RF Time (s) KNN Time (s) SVM Time (s) KNN Time (s)

BHO-MA  25.24+0.2100 6.1 97.60+0.0264 7.6 3030.71+£12.626 10.8 0.9893+0.0046 11.1
BOHB 25.56+0.7812 4.9  97.444+0.0034 3.4 3047.37£14.722 9.8 0.9733+0.0087 6.9
Hyperband ~ 26.14+0.5471 6.2  96.224+0.0034 4.8 3038.68+2.4354 7.6 0.9820+0.0043 5.4
BO-GP 26444+0.6812 123 96.544+0.0024 2.6 3049.30£21.657 9.4 0.9806+0.0058 7.9
BO-TPE 26.38+0.6258 59  96.2940.0025 3.7 3056.60+£26.128 11.3 0.9801+0.0062 2.3

and KNN. The genetic algorithm and hyperband method seem the second and third-best
HPO methods to optimize the HPs. We found the worst performance with SVM using
default HPs. As we can observe from the difference between the best and the worst score
from all experiments, the proposed HPO method significantly improves the final MSE
score.

The Models Performance on Iris Dataset. The iris data set is relatively small compared
with other data sets selected for the experiments. It is maybe the best-known data set
in pattern recognition literature and a multi-class classification data set, and we used
it for classification problems with the same three ML models to optimize their HPs.
The target is classifying the iris plants according to predictive attributes. The accuracy
for the classification problem is shared in Table 3. As we can observe, the BHO-MA
method reached the best accuracy among all ML models selected for the HPO task.
The best accuracy is obtained by the KNN algorithm with optimized parameters by the
proposed BHO-MA method. As the KNN algorithm is successfully studied over the
years for classification problems, we are not surprised by this result. The variation in the
SVM classifier accuracy score shows how important HPO is in ML. The performance
improvement is more than 2% between the default hyperparameters and the optimized
model.

Our approach reached the best scores for both classification and regression tasks. It
also gives the freedom to the user to choose the next preferred hyperparameter values
from the Pareto-optimal solution set according to the trade-off between three different
acquisition functions. Several popular acquisition functions have been described in the
literature, and the proposed application can be extendable by using multiple acquisition
function search strategies.

We shared the box plots of the experiments for each data set in Fig. 2 and Fig. 3.
We can observe from the figures the mean and standard deviations of the performance
metrics over 10 different runs.

7 Conclusion

We introduced BHO-ML, a hybrid and effective method for hyperparameter optimization.
To the best of our knowledge, the first approach uses a multi-objective acquisition
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Fig. 2. Comparisons of the accuracy and mean squared errors between ours and the other methods
on 2 different data sets with 3 different algorithms over 10 different runs.
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Fig. 3. Comparisons of the accuracy and mean squared errors between ours and the other methods
on 2 different data sets with 3 different algorithms over 10 different runs.

function for hyperparameter optimization tasks. It achieved strong performance on a
diverse set of benchmarks including both classification and regression tasks, and also we
compared it with several state-of-the-art approaches.

Our work can be extended in various directions. It would be interesting to consider
exploring the preferences of decision-makers during Bayesian optimization in terms of
multiple acquisition options. Various kinds of multi-criteria decision-making methods
can be applied to our work to improve hyperparameter optimization tasks for point
selection during the Gaussian process. This could potentially extend our approach into
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the domain of preference learning. Furthermore, there are various kinds of acquisi-
tion functions in the literature and they can be applied to our presented idea for the
hyperparameter optimization task.

Finally, a more in-depth analysis of the relationship between the acquisition functions
and tuned machine learning rate could provide insight into how acquisition function
selection improves performance.

Limitations and Future Work. MOOQO problems are expensive to evaluate and time-
consuming most of the time. It might cause a lack of performance during the acquisition
optimization process of the proposed algorithm. Also, the Pareto-optimal solution set
does not always provide the optimal solution for all objectives but still exploring the
trade-off between acquisition functions improves the performance compared with various
existing methods as we can see from Section 5. In future work, we shall explore the use
of preferences during the optimization process. Moreover, we will look to gain some
information by analyzing the relationship between acquisition selection and optimization
results.
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