Journal of Bioinformatics and Artificial Intelligence
By BioTech Journal Group, Singapore 1

Bayesian Optimization for Hyperparameter Tuning

By Maria Santos

Associate Professor, Al Applications in Medicine, Costa Verde Institute of Technology, Lima, Peru

Abstract

Bayesian optimization is a powerful approach for hyperparameter tuning in machine
learning models. It offers a principled framework for balancing exploration and
exploitation, leading to efficient search in the hyperparameter space. This paper
provides an overview of Bayesian optimization techniques and their application to
hyperparameter tuning. We discuss the wunderlying principles of Bayesian
optimization, compare it with other hyperparameter tuning methods, and present
case studies highlighting its effectiveness. Additionally, we explore recent
advancements and future directions in Bayesian optimization for hyperparameter

tuning.
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Introduction

Hyperparameter tuning plays a crucial role in the performance of machine learning
models. Hyperparameters are parameters whose values are set before the learning
process begins. They control the learning process and directly impact the model's

performance, such as its accuracy and speed of convergence. Finding the optimal
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values for these hyperparameters is essential for achieving the best possible

performance from a machine learning model.

Traditionally, hyperparameter tuning has been done using manual search, grid
search, or random search. However, these methods can be computationally expensive
and time-consuming, especially for models with a large number of hyperparameters
or when the evaluation of each set of hyperparameters is costly. Bayesian optimization
offers a more efficient alternative by leveraging probabilistic models to guide the

search process.

In this paper, we provide an overview of Bayesian optimization techniques for
hyperparameter tuning. We discuss the basic principles of Bayesian optimization,
compare it with traditional methods, and highlight its advantages. We also present
case studies demonstrating the effectiveness of Bayesian optimization in tuning
hyperparameters of machine learning models. Finally, we discuss recent

advancements in Bayesian optimization and future research directions in this area.

Background

Hyperparameters are parameters whose values are set before the learning process
begins. They are different from model parameters, which are learned during the
training process. Examples of hyperparameters include the learning rate of an
optimizer, the number of hidden layers in a neural network, and the regularization
parameter in a linear model. The choice of hyperparameters can significantly affect

the performance of a machine learning model.

Hyperparameter tuning is the process of finding the optimal values for these
hyperparameters. The goal is to improve the performance of the model, such as its
accuracy or convergence speed. Traditionally, hyperparameter tuning has been done

using manual search, grid search, or random search.
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In manual search, the data scientist manually selects values for the hyperparameters
based on their intuition and domain knowledge. While this approach can be effective,

it is time-consuming and relies heavily on the expertise of the data scientist.

Grid search involves specifying a set of values for each hyperparameter and
evaluating the model performance for every possible combination of these values.
While grid search is straightforward to implement, it can be computationally
expensive, especially for models with a large number of hyperparameters or when the

evaluation of each set of hyperparameters is costly.

Random search addresses some of the limitations of grid search by randomly
sampling values for each hyperparameter. While random search is more efficient than
grid search in terms of computational resources, it may not always find the optimal

set of hyperparameters.

Bayesian optimization offers a more efficient approach to hyperparameter tuning by
using probabilistic models to guide the search process. Bayesian optimization is based
on the principles of Bayesian inference, which allows us to update our beliefs about

the optimal set of hyperparameters as we evaluate different sets of hyperparameters.

Bayesian Optimization

Bayesian optimization is a sequential model-based optimization (SMBO) technique
that uses probabilistic models to model the objective function (the function that
measures the performance of the model with a given set of hyperparameters) and
guide the search for the optimal set of hyperparameters. The key idea behind Bayesian
optimization is to balance exploration (trying out different sets of hyperparameters)
and exploitation (exploiting regions of the hyperparameter space that are likely to

contain the optimal set of hyperparameters).

The Bayesian optimization process typically involves the following steps:
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1. Surrogate Model: Bayesian optimization maintains a probabilistic surrogate
model (often based on Gaussian Processes) that models the objective function.
This surrogate model provides an estimate of the objective function at
unobserved points in the hyperparameter space and quantifies the uncertainty
of these estimates.

2. Acquisition Function: An acquisition function is used to determine the next set
of hyperparameters to evaluate. The acquisition function balances exploration
and exploitation by trading off between areas of the hyperparameter space
where the surrogate model predicts high objective function values
(exploitation) and areas where the uncertainty of the surrogate model is high
(exploration).

3. Optimization: The next set of hyperparameters to evaluate is selected by
optimizing the acquisition function. This is typically done using numerical
optimization techniques such as gradient descent or Bayesian optimization
itself.

4. Evaluation: The selected set of hyperparameters is evaluated using the
objective function, and the result is used to update the surrogate model. The
surrogate model is updated using Bayesian inference, which allows us to
update our beliefs about the optimal set of hyperparameters based on the new
evaluation.

5. Termination Criterion: The process continues until a termination criterion is

met, such as a predefined number of iterations or a certain level of convergence.

Bayesian optimization has several advantages over traditional hyperparameter tuning
methods. It is more efficient because it uses the information from previous evaluations
to guide the search process, allowing it to explore the hyperparameter space more
effectively. It is also more robust to noisy objective functions because it models the
uncertainty of the surrogate model and can avoid regions of the hyperparameter space

where the objective function is highly uncertain.
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Surrogate Models

One of the key components of Bayesian optimization is the surrogate model, which is
used to approximate the objective function. The most commonly used surrogate
model in Bayesian optimization is the Gaussian Process (GP). A GP is a probabilistic
model that represents a distribution over functions. It is defined by a mean function
and a covariance function (also known as a kernel function) that determines the

smoothness and shape of the functions it can represent.

In the context of Bayesian optimization, the GP is used to model the objective function
as a function of the hyperparameters. The mean function of the GP represents the
expected value of the objective function, while the covariance function captures the
uncertainty of this estimate. The GP provides a principled way to interpolate between
observed data points and extrapolate to unobserved points, allowing us to make

informed decisions about which hyperparameters to evaluate next.

The GP is trained using the observed evaluations of the objective function. As new
evaluations are obtained, the GP is updated using Bayesian inference, which allows
us to update our beliefs about the optimal set of hyperparameters based on the new
data. The GP not only provides estimates of the objective function at unobserved
points but also quantifies the uncertainty of these estimates, which is crucial for

guiding the search process.

One of the advantages of using a GP as a surrogate model is its flexibility. GPs can
model a wide range of functions, including non-linear and non-convex functions,
which are common in hyperparameter tuning. Additionally, GPs provide a natural
way to incorporate prior knowledge about the objective function, such as known

constraints or structure.

Acquisition Functions
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Acquisition functions play a crucial role in Bayesian optimization by determining
which set of hyperparameters to evaluate next. The goal of an acquisition function is
to balance exploration (sampling from regions of the hyperparameter space where the
objective function is uncertain) and exploitation (sampling from regions where the

objective function is likely to be optimal).

There are several commonly used acquisition functions in Bayesian optimization,

including:

1. Upper Confidence Bound (UCB): UCB balances exploration and exploitation
by choosing hyperparameters that maximize a combination of the mean and

the uncertainty (variance) of the surrogate model. It is defined as:
UCB(x)=p(x)*+Bo(x)UCB(x)=p(x)*po(x)

where p(x)p(x) is the mean of the surrogate model at hyperparameter xx,
o(x)o(x) is the standard deviation (uncertainty) of the surrogate model at xx,
and [3f is a tunable parameter that controls the trade-off between exploration

and exploitation.

2. Expected Improvement (EI): EI measures the expected improvement in the

objective function over the current best value. It is defined as:
EI(x)=E[maxi/0}(0,f(x*)—f(x))|EL(x)=E[max(0,f(x*)—f(x))]

where f(x*)f(x*) is the best observed value of the objective function so far, and
f(x)f(x) is the predicted value of the objective function at xx. EI favors
hyperparameters that have a high probability of improving upon the current

best value.

3. Probability of Improvement (PI): P measures the probability that the objective

function at xx is better than the current best value. It is defined as:
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PI()=P(£(x)>£(cx)) PL(x)=P(£(x)>f(x*))

where PP is the cumulative distribution function of the Gaussian distribution.
PI favors hyperparameters that have a high probability of being better than the

current best value.

Different acquisition functions have different properties and may perform better or
worse depending on the characteristics of the objective function and the
hyperparameter space. The choice of acquisition function is an important
consideration in Bayesian optimization and can have a significant impact on its

performance.

Optimization Algorithm

The optimization algorithm used in Bayesian optimization is known as Sequential
Model-Based Optimization (SMBO). SMBO iteratively evaluates the objective function
at different sets of hyperparameters, updates the surrogate model based on these
evaluations, and selects the next set of hyperparameters to evaluate based on the

acquisition function.
The SMBO algorithm typically follows these steps:

1. Initialization: The algorithm starts by initializing the surrogate model with a
small number of initial evaluations of the objective function. These initial
evaluations are typically selected randomly or using a simple heuristic.

2. Iterative Optimization:

o Surrogate Model Update: The surrogate model is updated using
Bayesian inference based on the observed evaluations of the objective

function.
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o Acquisition Function Optimization: The acquisition function is
optimized to select the next set of hyperparameters to evaluate. This is
typically done using numerical optimization techniques such as
gradient descent or Bayesian optimization itself.

o Objective Function Evaluation: The selected set of hyperparameters is
evaluated using the objective function, and the result is used to update
the surrogate model.

3. Termination Criterion: The process continues until a termination criterion is

met, such as a predefined number of iterations or a certain level of convergence.

SMBO is a powerful optimization algorithm because it uses the information from
previous evaluations to guide the search process, allowing it to explore the
hyperparameter space more effectively. It also provides a principled way to balance

exploration and exploitation through the use of the acquisition function.

Case Studies

Application of Bayesian Optimization in Hyperparameter Tuning

Bayesian optimization has been widely used in tuning hyperparameters of various
machine learning algorithms, including Support Vector Machines (SVM), Random
Forests, and Neural Networks. These algorithms often have multiple
hyperparameters that can significantly impact their performance. Bayesian
optimization offers a systematic and efficient way to find the optimal values for these

hyperparameters.

For example, in the case of SVM, the choice of kernel function, regularization
parameter, and kernel parameters can greatly affect the model's performance.
Bayesian optimization can be used to search for the optimal values of these

hyperparameters, leading to improved SVM performance.

Journal of Bioinformatics and Artificial Intelligence
Volume 2 Issue 2
Semi Annual Edition | Jul - Dec, 2022
This work is licensed under CC BY-NC-SA 4.0.



https://biotechjournal.org/index.php/jbai
https://biotechjournal.org/index.php/jbai

Journal of Bioinformatics and Artificial Intelligence
By BioTech Journal Group, Singapore 9

Similarly, in Random Forests, hyperparameters such as the number of trees, tree
depth, and the minimum number of samples required to split a node can impact the
model's accuracy and generalization ability. Bayesian optimization can be used to find
the optimal values of these hyperparameters, leading to better Random Forest

performance.

Neural Networks are another area where Bayesian optimization has been successfully
applied. Neural Networks often have a large number of hyperparameters, including
the number of layers, the number of neurons per layer, the learning rate, and the
dropout rate. Bayesian optimization can efficiently search for the optimal values of

these hyperparameters, leading to improved Neural Network performance.
Comparison with Traditional Methods

Bayesian optimization has several advantages over traditional hyperparameter tuning
methods such as grid search and random search. One of the key advantages is its
efficiency. Bayesian optimization uses probabilistic models to guide the search
process, allowing it to explore the hyperparameter space more effectively and

converge to better solutions faster than grid search and random search.

Another advantage of Bayesian optimization is its effectiveness. By modeling the
uncertainty of the surrogate model, Bayesian optimization can avoid exploring
regions of the hyperparameter space where the objective function is highly uncertain,
leading to more robust and reliable results compared to grid search and random

search.

In terms of computational resources, Bayesian optimization is generally more efficient
than grid search and random search, especially for models with a large number of
hyperparameters or when the evaluation of each set of hyperparameters is costly.
Bayesian optimization achieves this efficiency by using the information from previous
evaluations to guide the search process, allowing it to explore the hyperparameter

space more effectively.
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Overall, Bayesian optimization offers a principled and efficient approach to
hyperparameter tuning, making it a valuable tool for improving the performance of

machine learning models.

Recent Advancements

In recent years, there have been several advancements in Bayesian optimization for
hyperparameter tuning. These advancements have focused on improving the
efficiency, scalability, and effectiveness of Bayesian optimization in tuning

hyperparameters of machine learning models. Some of the key advancements include:

1. Parallelization: One of the challenges of Bayesian optimization is its sequential
nature, which can be time-consuming for models that require a large number
of hyperparameters to be tuned. Recent advancements have focused on
parallelizing Bayesian optimization, allowing multiple sets of hyperparameters
to be evaluated simultaneously, thereby reducing the overall tuning time.

2. Automated Configuration: Another area of advancement is the automation of
the Bayesian optimization process. Automated tools and libraries have been
developed that can automatically tune the hyperparameters of machine
learning models using Bayesian optimization, making it easier for data
scientists to use Bayesian optimization in their workflows.

3. Integration with AutoML: Bayesian optimization has been integrated with
Automated Machine Learning (AutoML) frameworks, allowing it to be used as
a component of a larger automated machine learning pipeline. This integration
enables automated tuning of hyperparameters as part of the overall model
building process, further streamlining the machine learning workflow.

4. Bayesian Neural Networks: Bayesian optimization has also been extended to
neural network architectures, where the hyperparameters include not only the

architecture of the neural network (e.g., number of layers, number of neurons
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per layer) but also the hyperparameters of the neural network training process
(e.g., learning rate, batch size). Bayesian optimization can be used to tune these
hyperparameters, leading to improved performance of neural network models.

5. Transfer Learning: Transfer learning techniques have been applied to Bayesian
optimization, where knowledge gained from tuning hyperparameters of one
machine learning model is transferred to another model. This approach can
lead to faster convergence and improved performance, especially for models
that are similar in nature.

6. Efficient Surrogate Models: Efforts have been made to develop more efficient
surrogate models for Bayesian optimization, such as using deep neural
networks or ensemble methods. These surrogate models can better capture the
complex relationships in the hyperparameter space, leading to more effective

tuning.

Overall, these advancements have made Bayesian optimization a more powerful and
versatile tool for hyperparameter tuning, paving the way for its wider adoption in the

machine learning community.

Conclusion

In this paper, we have provided an overview of Bayesian optimization techniques for
hyperparameter tuning in machine learning. We discussed the basic principles of
Bayesian optimization, including the use of surrogate models and acquisition
functions, and how it compares to traditional hyperparameter tuning methods such

as grid search and random search.

Bayesian optimization offers several advantages over traditional methods, including
efficiency, effectiveness, and robustness to noisy objective functions. By leveraging

probabilistic models and balancing exploration and exploitation, Bayesian
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optimization can efficiently search the hyperparameter space and find optimal values

for hyperparameters of machine learning models.

We also presented case studies demonstrating the application of Bayesian
optimization in tuning hyperparameters of popular machine learning algorithms,
such as SVM, Random Forests, and Neural Networks. These case studies highlighted
the effectiveness of Bayesian optimization in improving the performance of machine

learning models compared to traditional methods.

Looking ahead, the future of Bayesian optimization in hyperparameter tuning looks
promising. Recent advancements in parallelization, automation, and integration with
AutoML frameworks have made Bayesian optimization more accessible and efficient.
Future research could further explore the use of Bayesian optimization in tuning
hyperparameters of more complex models, such as deep neural networks, and in other

domains beyond machine learning.
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