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ABSTRACT

Machine learning strategy has changed the face of automated models by integrating themselves into many application

domains. The spectrum of applications ranges over various domains, from atmospheric analysis to medical diagnosis. All

these applications are design-sensitive, implying that the model’s performance depends highly on the selected machine

learning algorithm, training procedures, regularization methods, and most importantly, how the hyperparameters are tuned.

With the advent of AutoML systems, all these processes including hyperparameter optimization can be automated, producing

better performance and faster results. The ideal hyperparameter setting for machine learning models has a direct and

significant impact on the model’s performance. This paper studies different AutoML models and the hyperparameter techniques

used by them for image classification problems. We also discuss some of the libraries for hyperparameter optimization

and analyse how they work for different image classification problems. Moreover, the paper proposes a framework for

hyperparameter optimization that combines Bayesian optimization and evolutionary algorithms. Experiments are carried out

on image classification benchmark datasets to assess the performance of different optimization approaches including the

proposed model.

Introduction

In the past decade, Machine Learning (ML) services have been integrated into a wide range of application domains including

weather prediction, speech recognition, computer vision and medical diagnosis. Different ML models are appropriate for

different applications. In order to find the most suitable algorithm, the simple method of applying and optimizing all known

learning algorithms is not practical in most cases. This process of finding the best ML algorithm and creating the optimal

architecture by setting the best hyperparameters is a complex and time-consuming process. Here comes the importance of an

Automated Machine Learning (AutoML) system that determines the optimal configurations for a particular application with

the best performance within the time constraints. For a deep learning network, AutoML not only performs Hyperparameter

Optimization (HPO) to automatically set the optimal hyperparameters but also selects the right neural architecture for each

layer. The following paragraphs briefly explain the structure of HPO and AutoML.

Every machine learning model has two types of parameters, a set that is trained by the model and another that controls the

learning process. The former set of parameters are determined using the training dataset and are called the model parameters.

The latter are values that can be tuned and adjusted by the user before running the model. They have a major role in determining

the performance of the model and are called hyperparameters. The weights of a neural network are model parameters that

are derived and fitted by training, whereas the learning rate of a neural network, the regularization parameter, and the kernel

parameter are all examples of hyperparameters. Different machine learning algorithms require various sets of hyperparameters.

Other than a few simple models like least square regression, most machine learning models have hyperparameters.

Different hyperparameter configurations are required for various datasets. So, we need to find a set that performs optimally

for all kinds of datasets, for a given training algorithm. This is done by tuning the hyperparameters and the technique is called

HPO. Once we have the hyperparameters, the algorithm learns the model parameters from the data.

The idea of AutoML is to automate the end-to-end process of machine learning involving automating 4 phases - data

preparation, feature processing, model generation and estimation. The user only needs to submit data, and the AutoML system

will automatically decide which strategy is optimal for a certain application. The primary goal of AutoML systems is to

optimise the performance by automatically setting the best hyperparameters, i.e., automating the hyperparameter optimization

part. In deep neural networks, the wide range of hyperparameters to choose from for the neural network’s architecture and

optimization is very much critical1. This is where the importance of automated HPO comes into play. It also has several other

use cases: it decreases the amount of human labour required to apply machine learning, increases the effectiveness of machine

learning algorithms, and makes scientific investigations more reproducible.



Every machine learning algorithm aims to identify a function that optimizes the loss. Let M be the given machine learning

algorithm with {λ1,λ2, ...λn} parameters to be tuned. Each hyperparameter λi can have a value within the interval [ai,bi] in a

hyperparameter configuration space Λ = [a1,b1]× ...× [an,bn]. H is a function that determines the performance or loss value.

H maps each possible configuration λ ∈ Λ to a numerical value H : Λ → R∗. The objective of hyperparameter optimization is

to find the best configuration λ ∗ that minimizes H(λ ).

λ ∗ = argmin
λ∈Λ

H(λ ) (1)

The objective function H is a black-box function, meaning the actual function is unknown, but one can observe its output

based on specific given inputs. Since the function cannot be accessed, we do not have any information about its derivative. The

function evaluation is pretty time-consuming, implying that each iteration takes a considerable amount of time. This can be

minutes for a small-scale dataset, while it can be hours and days for larger ones. As a result, solving the optimization problem

is difficult, and obtaining the ideal configuration in a few trials necessitates a specific approach.

Some of the popular HPO methods are grid search and random search, Bayesian optimization, gradient descent, evolution-

based techniques and multi-fidelity methods like hyperband and successive halving.

A comprehensive analysis of HPO and AutoML models

The first and basic approach proposed for performing HPO was grid search. Grid search performs an exhaustive search

through the Cartesian product of manually specified, finite sets of hyperparameters. That is, the search space is a grid of

hyperparameters and each point on the grid is assessed. Though grid search is a time-saving and resource-efficient tuning

technique, it endures the problem of dimensionality. This is because the count of function evaluations increases exponentially

with the hyperparameter space.

Similar to grid search, random search has the advantages of parallelism, ease of comprehension and implementation.

Random search proves to be more efficient than grid search in high-dimensional spaces2. It selects the combination of

hyperparameters from the search space randomly. Better results of random search in high-dimensional spaces are due to low

intrinsic or effective dimensionality of the objective function. Low effective dimensionality suggests that the ultimate efficiency

of the machine learning algorithm is influenced only by a limited number of hyperparameters. For instance, if a function of

two variables, say f (x,y) can be approximated by another function of one variable g(z), then f has a low effective dimension.

Though less efficient in low-dimensional spaces, they are highly cost-effective in high-dimensional search spaces.

Sequential Model-Based Optimization (SMBO) is a formalization of Bayesian Optimization (BO)3–7. The BO approach

treats the black-box objective function as a random function and assumes a prior distribution over the loss function which is

updated from new observations to a posterior distribution. In other words, it constructs a probabilistic model that maps the

hyperparameters to a probability score, denoted as p(x|y). This model is a surrogate for the expensive-to-evaluate objective

function. SMBO is a sequential model that runs multiple trials one after another, finding a more promising set of hyperparameters

each time. The criterion used for selecting the next best hyperparameter values is called an acquisition function, which uses the

surrogate function information to obtain the next point to be evaluated. These hyperparameter values are then used to evaluate

the objective function and the (probability score, hyperparameter) pairs are finally used to update the surrogate model.

Mostly used surrogate models are Gaussian Process (GP), Random Forest Regressions, and Tree Parzen Estimator (TPE)

while the most preferred choice for acquisition function is Expected Improvement. Unlike grid search and random search,

SMBO keeps track of past evaluation results. Even though the method is inherently serial and difficult to parallelize, it runs

faster than random search8.

One of the major limitations of SMBO is the uncertainty regarding the choice of acquisition function. Since it is a sequential

model, achieving parallelization is almost futile. Another issue is that the expense for different data varies significantly as the

function evaluation step is a laborious procedure.

Another popular optimization technique is gradient-based9. It is an iterative algorithm that identifies the local optimum of a

differentiable function. In each step of the iteration, the optimizer either modifies the gradient or the learning rate or both. There

are three variants of gradient descent depending on the quantity of data used for computing the objective function’s gradient.

They are batch gradient descent, stochastic gradient descent and mini-batch gradient descent. The mini-batch gradient descent

incorporates the advantages of both batch gradient and stochastic gradient descent variants and is the most popular among the

three. Various challenging factors like the choice of proper learning rate and learning rate schedules led to the discovery of new

optimizer algorithms as an extension to the vanilla mini-batch gradient descent. The ones that are most commonly used are

Momentum, RMSprop, Adam, Nadam, AMSGrad etc.10, 11.

Further, there is another class of algorithms that are population-based, nature-inspired metaheuristic approaches. The

term metaheuristics come from two words, meta meaning “beyond” and heuristics meaning “to find”. Metaheuristics are an
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algorithmic framework that efficiently modifies domain-specific knowledge into heuristics to produce better solutions. This

modification generally involves two procedures: exploration (diversification) and exploitation (intensification) and is done

with the help of heuristic operators. These heuristic operators are usually inspired by nature and are different in different

evolutionary algorithms. Diversification aims to cover as much of the search area as feasible, whereas intensification aims to

fully exploit the search space in order to arrive at better solutions as rapidly as possible.

Like all other optimization algorithms, this family of algorithms also try to optimize the objective function in an iterative

fashion, by updating the parameter (solution) values. This can be represented by the equation, yi = yi−1 +∆yi−1 where i

indicates the number of iterations, then yi−1 is the solution vector in the previous iteration, yi is the new vector of solutions, and

∆yi−1 signifies the change in the solution vector after one iteration. Based on how ∆yi−1 is determined, there are two general

categories of algorithms: “Evolutionary Algorithms (EA)” and “Swarm Intelligence (SI)”12, 13. The former includes algorithms

like Genetic Algorithms (GA), Genetic Programming, Evolutionary Strategies (ES), Evolutionary Programming etc. that are

based on biological evolution, with selection, crossover (recombination), and mutation phases, while the latter includes Particle

Swarm Optimization and Ant Colony Optimization, and are influenced by the social conduct of natural organisms like birds,

fish and ants14, 15.

GA are a class of evolutionary algorithms, hence both iterative and population-based16. On each iteration, they work

with several solutions collectively called a population rather than a single solution. A GA initialises a random population as

the solution and updates this solution with the help of three operators, namely, selection, crossover and mutation (variation

operators). This is continued until the stopping criteria is met. A single iteration is designated as one generation of GA. The

term genetic algorithm comes from the similarity of the representation of solutions to chromosomes and that of GA operators to

genetic operators.

Particle Swarm Optimization (PSO) is an algorithm inspired by the behaviour of fish and birds moving in a group. They are

closely similar to GA as they initialize a random population as a solution and iteratively update generations to find the optimal

solution. But the difference is regarding how the update is made. They do not use the evolution operators; instead, they use

information like the position and velocity of the candidate solutions (here particles). Over the iterations, each particle moves

faster towards its best-known position as an impact of exploitation and towards the best-known solution of the population as an

effect of exploration. Hence results in the swarm moving toward the best optimal solution17, 18.

Ant Colony Optimization (ACO) is another category of swarm intelligence algorithms which is influenced by the nature of

ant colonies searching for food. Ants communicate with each other with the help of an organic compound called pheromone.

They lay pheromone trails in different proportions while travelling. An ant isolated from others tends to move in any

random direction. When it comes in contact with a pheromone trail, it chooses that path with high probability and follows it,

strengthening the trail with its pheromone. Thus making that path more prominent for other ants to follow. This way, when an

ant finds the shortest path to food, more ants tend to follow this path and find the food destination due to the presence of a

larger concentration of pheromone along that path19, 20.

Grid search, random search and population-based methods like the Covariance Matrix Adaptation Evolutionary Strategy

(CMA-ES) are the common model-free paradigms used for hyperparameter tuning in AutoML systems. Apart from these

model-free black-box optimization techniques, Bayesian optimization, HPO in AutoML focuses on multi-fidelity methods that

are cheaper compared to the pure black-box methods. This includes an early stopping algorithm, a simple selection algorithm

and other adaptive choices of fidelity.

A major hurdle in the optimization procedure is the exhaustive runtime of the algorithms which increases with the amount of

dataset and number of hyperparameters. Multi-fidelity methods focus on finding a solution to the time and resource constraints

in HPO. Reducing the data set for training and bringing down the number of features, iterations, and cross-validation folds

are a few manual approaches used to accelerate the tuning process. These ideas are used by low fidelity methods to find

an approximation of the actual objective function to minimise21. The approximation often results in a tradeoff between the

performance and execution of the algorithm. But in most cases, the reduced time complexity compensates for the approximation

error. Also, these methods get rid of the poorly performing configurations after each iteration and only the well-performing

parameter settings are assessed over the entire training set.

Learning curve-based prediction is one such method that gets rid of configurations that are anticipated to perform badly22.

It’s an early stopping algorithm that examines the learning curve during HPO and stops the training operation for a certain

hyperparameter setting if the curve isn’t expected to meet the performance level of the best model produced up until that point

in the optimization process. Implementation of these models combined with the Bayesian optimization technique called the

Freeze-Thaw Bayesian optimization is mentioned in Swersky et. al.23. The algorithm maintains a set of frozen configurations

and uses an information-theoretic decision framework to either thaw (defreeze) a setting chosen by the Bayesian optimization

and continue training or train a new configuration to find the best hyperparameter settings.

Selection algorithms like Successive Halving (SH) and Hyperbands are bandit-based strategies that are pure-exploration

focused resource allocation problems. Pure exploration problems are also called best-arm identification problems. The goal is
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to choose the best arm (here, the best settings with the maximum expected performance) with maximum confidence. Successive

halving is one such non-stochastic best-arm identification problem proposed by Jamieson et. al.24. The algorithm can be

summarized in 3 steps. 1) At first, it uniformly allocates resources to each set of hyperparameter configurations. 2) And then

assess how they perform. 3) Lastly, the algorithm removes half of the worst-performing group. The process is iterated till

a single configuration remains. Through the sequential elimination step, the algorithm guarantees more resources for more

reliable configurations25.

Hyperband is an extension of the successive halving algorithm put forward by Li et. al.26. In successive halving, the fixed

budget of resources is uniformly distributed to all configurations initially. If there are n configurations and a total budget B of

resources, then SH allocates B/n resources for each setting. Whereas hyperband takes into consideration the fact that a large

number of the configurations (large n) will require only a small amount of resource (small B/n) or vice versa. This is called the

n versus B/n issue and hyperband addresses this by letting different possible values of n for a fixed B and allocating a minimum

resource r for all the configurations before the elimination step. And calls successive halving techniques on random samples of

configurations as a subroutine27.

The multi-task Bayesian optimization technique is an adaptive fidelity technique that learns from previously trained models or

from a trained subset of a large dataset28. They use multi-task Gaussian process models for fastening the Bayesian optimization

by studying the correlation among tasks. Other adaptive choices of fidelity include algorithms like Bayesian Optimization with

Hyperband (BOHB)29, Multi-Fidelity Gaussian Process Upper Confidence Bound (MFGP-UCB)30 and Bayesian optimization

with Continuous Approximations (BOCA)31 that employs an Upper Confidence Bound (UCB) acquisition function to aid the

optimization process.

In recent years, ML has had a great deal of success, and it’s now being employed in an increasing number of sectors.

However, this success is reliant on human machine learning experts. Cleaning and pre-processing the data, selecting and

building relevant attributes, selecting a suitable model family, optimising model hyperparameters, designing neural network

topologies (if deep learning is used), and postprocessing machine learning models, as well as skeptically examining the results,

all of this requires human expertise. Because the intricacy of these activities is mostly beyond the capabilities of non-ML

professionals, the growing prevalence of machine learning applications has necessitated the need for off-the-shelf machine

learning technologies that can be deployed rapidly and without specialised expertise. AutoML provides tools and approaches

for enabling ML to be accessible to non-experts, increasing performance, and speeding up ML research. Some of the popular

AutoML frameworks and the optimizers they use are listed below:

1. ML models-based frameworks

(a) Auto-WEKA

Auto-WEKA is a fully automated Automl system that includes feature selection. It uses a Bayesian optimization

framework for HPO32.

(b) Auto-sklearn

Auto-sklearn has feature processing and pre-processing units. It considers 15 classifiers and 110 hyperparameters

and considers previous performances on similar datasets. Auto-sklearn can also construct ensembles models using

a TPE-based BO for HPO33.

(c) Tree-based Pipeline Optimization Tool (TPOT)

It is a genetic programming-based AutoML. TPOT optimizes a sequence of feature preprocessors and machine

learning models to enhance the classification accuracy by making use of GA for hyperparameter tuning34.

2. DL models-based frameworks

(a) AutoKeras

AutoKeras focuses on the deep learning tasks and uses BO to guide neural architecture search. It also employs a

neural network kernel and a tree-structured acquisition function optimization technique to effectively evaluate the

search space35.

(b) Auto-PyTorch

Auto-PyTorch is a NAS library based on the same principles as AutoKeras, but with a PyTorch backend. It employs

BO combined with hyperband for HPO36.

(c) AutoGluon

AutoGluon uses multi-layer ensemble models and performs complex data processing and deep learning37.
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(d) H2O AutoML

Make use of one layer of ensemble stacking combined with bagging and a strong base model - XGBoost tree

ensemble38. H2O uses random search for hyperparameter tuning.

3. Hyperparameter tuners

Packages that use Bayesian optimization include SMAC39, Spearmint40, Hyperopt41, Scikit-optimize, BoTorch etc.

Packages like DEHB42, DEAP43 and Nevergrad make use of evolutionary algorithms, whereas Optuna, Orion and

RayTune implement both Bayesian optimization and evolutionary algorithms.

Motivation for a new model

Hyperparameter optimization is an important and ubiquitous problem in machine learning that can drastically affect the

performance of a model. Despite multi-fidelity optimization’s popularity and success, there are machine learning challenges

that, due to their scale, have not been directly addressed by existing HPOs and may require unique methodologies. Because it

is so expensive to train even a small neural network on massive datasets, no work on HPO for deep neural networks on such

datasets has been done yet. Therefore, it is beneficial to study and analyse prevailing techniques to determine effective ways to

improve them and to discover novel approaches that outperform existing ones. This work on HPO techniques can improve the

efficiency of the existing machine learning and deep-learning frameworks.

Proposed method

The proposed model combines evolutionary algorithms with Bayesian optimization for HPO. The working of Bayesian

Optimization and details of each evolutionary algorithm used in the proposed study are described briefly in the following

paragraphs.

Bayesian Optimization is an optimization technique that uses a probabilistic method based on the Bayes theorem for

identifying the global optimum of a black-box function. It has two major parts. The first component is a surrogate model that is

probabilistic and comprises a prior distribution which represents the unknown objective function. The acquisition function is

the second component, and it is optimised for selecting the next point to sample.

A surrogate model is the probability representation of the objective function. It generates a posterior probability distribution

using the Bayes rule, which represents possible H(λ ) values in a candidate configuration λ . Whenever H is observed at a new

λ , this posterior distribution is updated. The Gaussian Process (GP), which gives a mean function µ : Λ → R and a definite

positive covariance function k(λ ,λ ′) : Λ2 → R, also known as the kernel, is the most commonly employed surrogate model.

The equation for GP is given below:

GP(x|µ,σ2) =
1√

2πσ2
e
(x−µ)2

2σ2 (2)

The covariance function c or the Gaussian RBF kernel (also known as the squared exponential or exponentiated quadratic

kernel) is defined as:

k(x,xi) = σ2e
− 1

2l2
||x−xi||2 (3)

where l is the length scale. x and xi are l distance apart. The bigger the kernel function’s value, the nearer two input space

points are.

The BO algorithm begins with a collection of k configurations{λi}k
i=1 and their corresponding function values {yi}k

i=1

where yi = H(λi). We use the Bayes rule to update the GP model at each iteration, resulting in a posterior distribution that is

dependent on the present training set. This set St = {λ ,yi}t
i=1 contains the previously evaluated configurations and observations.

The posterior mean µt(λ ) and posterior variance σ2
t (λ ) of the GP, dependent on Sk, are given by:

µt(λ ) = c(λ )T [C+ τ2I]−1y (4)

σ2
t (λ ) = k(λ ,λ )− c(λ )T [C+ τ2I]−1c(λ ) (5)

where C is the t × t matrix whose entries are Ci, j = k(λi,λ j), c(λ ) is a t ×1 vector of covariance terms between λ and {λi}k
i=1,

y is the t ×1 vector whose ith entry is yi and τ2 is the noise variance.
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At each iteration, we choose and evaluate a new point λt+1 that gives yt+1 = H(λt+1). And we add this point to the existing

training set St to obtain a new training set St+1 = St ∪{λt+1,yt+1}.

We use the following equation to determine the next query point λt+1:

λt+1 = argmax
λ∈Λ

Ut(λ ;St) (6)

where Ut is the acquisition function to maximize. The generally employed acquisition function is called expected improvement

and is defined as:

Ut(λ ;St) = ( f ∗−µt(λ )) ·Φ( f ∗; µt(λ );σt(λ ))+σt(λ ) ·N( f ∗; µt(λ );σt(λ )) (7)

where N and Φ are the normal distribution function and the normal cumulative distribution function, respectively. Expected

improvement comprises two parts: the first part of the sum can be improved by lowering the mean, while the other part can be

improved by raising the variance. These phrases strike a compromise between exploitation and exploration. The illustration of

BO is shown in figure 1.

In this paper, we use evolutionary algorithms like Differential Evolution, Genetic Algorithm and Evolutionary Strategy for

maximizing Ut . The foundation of every evolutionary algorithm is biological evolution, which is natural selection and continual

blending of variation via recombination and mutation. New individuals (candidate solutions) are produced in each iteration

(generation) by variation, typically in a stochastic way, from the existing parental individuals. Then, based on their fitness score,

some individuals are chosen to become the parents of the following generation. After each generation, individuals with greater

and better fitness values are generated in this manner.

A GA is a search strategy that is based on Charles Darwin’s idea of natural selection. Initialising the population, Calculating

the fitness function, Selection, Crossover and Mutation are the five phases in GA. The process begins with a group of people

known as the population. Each individual is denoted by a finite-length vector of components, similar to a chromosome and

represents a solution in search space for a given problem. Genes are equivalent to these variable components. Thus, each

chromosome (individual) is made up of multiple genes (variable components). The fitness function determines an individual’s

ability to compete against others. It specifies each individual a score. This fitness score determines the likelihood of an

individual being selected for the next generation.

The goal of the selection phase is to find the fittest individuals and enable them to carry on their traits to the coming

generation. This is done by calculating the fitness score for each individual and selecting the highest scored pair. Physically fit

individuals have a higher possibility of being selected for generating offspring. The most crucial part of the genetic algorithm is

the crossover phase. A crossover site within the DNA is picked at random for each pair of parents to be mated. The genes at

this point are then swapped, resulting in the creation of a totally new individual called the offspring. These new children are

then included in the population. Some genes in new offspring are vulnerable to mutation, meaning that some of the bits in the

DNA can be swapped. The benefits of mutation include maintaining population diversity and avoiding premature population

convergence. If the population has converged, it will not generate children who are distinct from the previous generation,

causing the algorithm to cease.

DE is an evolutionary algorithm proposed by Storn et. al.44. DE makes minimal, if any, assumptions about the underlying

optimization issue and can rapidly explore enormous design spaces. Unlike standard evolutionary algorithms, it can deal with

multi-dimensional real-parameter optimization problems.

DE is also a population-based stochastic approach. Like other evolutionary algorithms, genome/chromosome is the term

given to each solution. Each chromosome goes through mutation followed by recombination. Unlike the genetic algorithm that

represents candidate solutions using sequences of bits, DE keeps a population of candidate solutions in the form of real-valued

vectors, also called target vectors. The target vector is made of a certain number of decision variables. In each loop of the

algorithm, a new donor vector is generated after mutation and a trial vector formed out of recombination. Once the trial vectors

have been generated, the best solution is selected by a greedy approach conducted among all target and trial vectors.

During mutation, DE creates new vectors called donor vectors by multiplying a third vector to the weighted difference

between two population vectors. Donor vector (V ) of a chromosome Xi is created as:

V = Xλ1
+F(Xλ2

−Xλ3
) (8)

where F is the scaling factor (0, 1 or 2), λ1,λ2,λ3 are random solutions ∈ {1,2,3, ...,Np} and λ1 ̸= λ2 ̸= λ3 ̸= i. Four vectors

are involved in the generation of the target vector via mutation. Therefore the size of the population Np should be greater than

or equal to 4. The target vector is not involved in mutation.

Recombination is performed by binomial crossover. This step increases the diversity in the population. The trial vector is

created out of recombination as follows:

u j =

{

v j if r ≤ pc OR j = δ

x j if r > pc AND j ̸= δ
(9)
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where pc is the crossover probability, r is a random number (0 or 1), δ is a randomly selected variable location {1,2, ...D} (D is

the number of decision variables in target vector), u j is the jth variable of trial vector, v j is the jth variable of donor vector and

x j is the j th variable of target vector. δ assures that at least one variable from the donor vector is selected. The value of pc is

generally set high, indicating more crossover, i.e., more variables from the donor.

During selection, a fitness function fU for each offspring is evaluated. Population is updated using greedy selection:

Xi =Ui

fi = fUi

}

if fUi
< fi (10)

X and f remain the same if fUi
> fi. The selection procedure is carried out only after all solutions generate offspring.

Another algorithm we use is a variant of ES. ES is a kind of evolutionary algorithm that is based on the scientific idea

of natural selection in evolution. It does not use crossover like other evolutionary algorithms; instead, candidate solution

modification is limited to mutation operators. The algorithm uses a population of potential solutions that are created at random.

Each iteration of the method begins with an evaluation of the population of solutions, followed by truncation selection, which

entails removing all but a subset of the best solutions. The remaining solutions (parents) are each utilised to generate a set of

new candidate solutions (mutation) that replace or compete with the parents for a place

This approach has several variations. The population size is measured in λ , while the number of parents chosen per iteration

is measured in µ . One of the variations is represented as (µ , λ )-ES, a version where children take the place of parents. Another

variation is represented as (µ + λ )-ES where children and parents are added to the population.

CMA-ES is the most powerful variation of ES45. For an initial population P = {x1,x2, ....xµ} with µ parents and λ
offsprings, the major differences of CMA-ES and classic ES are:

1. Offsprings are not generated by mutation of a single individual but by the weighted mean of the current population:

x̂i = x̄+δiz (11)

where δi > 0 for i = 1,2, ...,µ , z is a random vector and

x̄ =
1

∑
µ
j=1 w j

µ

∑
j=1

w jx j, w j > 0 (12)

w j is the set of positive weight coefficients for recombination and x j is the set of best individuals out of the current

population.

2. Unlike standard ES, z is not chosen to be independent of i, but chosen such that:

z ∼ N(0,C) (13)

where C is the covariance matrix. xi is computed by choosing another random vector z̄ ∼ N(0,1) = N(0,1)n and then

computing the singular value decomposition of C:

C =UΣV T (14)

and setting

x̂i = x̄+δiUΣ
1
2 z̄, (15)

Σ
1
2 = diag

((

σ
1
2

i

)n

i=1

)

(16)

3. C is updated in each iteration using a rank-1 update:

Ĉ = (1−α)C+α p̂p̂T
, α ∈ (0,1] (17)

using

p̂ = (1−β )p+ γUΣ
1
2
(

¯̂x− x̄
)

(18)

The parameters α,β ,γ are selected approximately.

4. Step size control is integrated into CMA-ES. That is, δ in equation 11 is chosen in a way that prevents the population

from converging prematurely.

The major advantage of CMA-ES over other evolutionary algorithms is that the population size can be freely chosen. There

is no inherent need to use large population sizes.
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Results and discussion

As part of the study, we have conducted three sets of experiments, all of which uses the same sets of data and are run on the

same configuration. We use an Intel(R) Xeon(R) Gold 6240R CPU @ 2.40GHz with 1 NVIDIA Tesla V100 GPU. The datasets

used include CIFAR-10, MNIST, SVHN and CALTECH-101.

CIFAR-10 comprises 6000 images belonging to 10 different classes. It includes images of aeroplanes, birds, frogs, cats,

deer, horses, cars, ships, dogs and trucks. MNIST consists of 60,000 grayscale square images (28×28 pixels) of handwritten

single digits from 0 to 9. Street View House Number dataset contains 6,00,000 RGB images (32×32 pixels) of printed digits

from 0 to 9 clipped from photographs of house number plates. CALTECH dataset has 101 object categories, with about 40 to

800 images belonging to each category (300 x 200 pixels).

Setup 1:

AutoML systems with different optimizers are evaluated based on their performance in image classification problems. AutoKeras

and TPOT are used for this experiment as AutoKeras provides three different choices of hyperparameter optimization. It allows

the user to select between BO, random search and hyperband for optimization. In comparison, TPOT uses a genetic algorithm

for the same. The comparison of test error rates and wallclock time for experiment setup 1 are shown in figures 2 and 3.

Figure 2 represents a line graph showing the error rates obtained for the classification of CIFAR, MNIST, SVHN and

CALTECH data using BO, random, hyperband and genetic algorithm for hyperparameter optimization. Overall, random search

gives better results than the other three HPO techniques in terms of test error rate for all four datasets.

The green line in the graph represents genetic algorithm. It is observed that genetic algorithm has the highest error rates

implying low classification accuracy for three of the datasets. The blue line depicting the performance of bayesian optimization

shows that it produces a better outcome compared to GA in all four cases. Hyperband performs better than GA in most cases,

but for CALTECH data, it gives an error rate of 0.7, indicating a very low accuracy. Random search, presented by the red line,

has the lowest error rates for all classification problems.

Figure 3 shows datasets used on the x-axis and the time taken by AutoKeras (with BO, random search and hyperband used

for HPO) and TPOT (uses GA for HPO) on the y-axis. The graph is a semi-logarithmic plot that uses a logarithmic scale on the

y axis to indicate the variation in wallclock time from seconds to hours.

It is seen from the graph that hyperband takes only minutes to perform classification for all four datasets, whereas GA

requires hours to days to complete the same task. Random search takes the longest time (around 1 and half hours) for

classification on MNIST, while BO took more than twice the time (3 hours 18 minutes) on the same dataset. Overall, hyperband

proves to be time-efficient compared to other HPO methods. TPOT is recommended only in the case where time is not

considered a constraint.

Setup 2:

The second experiment carried out compared optimizer packages that use BO and EA. Same datasets are used for this analysis.

The packages are used to optimize the hyperparameters of an AlexNet, a deep learning architecture with 8 layers. It consists of

5 convolution layers and a mix of max-pooling layers. There are three layers that are fully connected. Alex introduced the use

of non-saturating ReLU function as activation function, which resulted in improved training accuracy over tanh function and

sigmoid. Two dropout layers are used. The output layer uses a Softmax activation function.

AlexNet is a fast GPU execution of a convolutional neural network. AlexNet won the ImageNet Large Scale Visual

Recognition Challenge in 2012. The main conclusion of the original research on AlexNet was that the model’s depth was

critical for its high performance, which was computationally costly but made possible by the use of GPUs during training46.

The experiment considers an AlexNet model and 4 of its hyperparameters. Table 1 gives the list of hyperparameters and the

range of values used for tuning. The optimizers used in the experiment are Sequential Model-based Algorithm Configuration

(SMAC) and Differential Evolution Hyperband (DEHB). The main core of SMAC combines Bayesian Optimization with a

mechanism to quickly determine which of the two configurations is the better performer. On the other hand, DEHB combines

the advantages of the popular bandit-based HPO method hyperband and the evolutionary search approach of Differential

Evolution. Figure 4 illustrates the comparison of the two HPO packages based on error rates obtained using a t-test on samples

from 10 iterations with a statistical significance of p-value < 0.01. From figure 4, it is clearly noticeable that the green line

representing DEHB has lower error rates for all four datasets compared to the pink depicting SMAC. DEHB with the advantages

of both hyperband and differential evolution proves to be more promising than SMAC.

Setup 3:

The third analysis is executed by implementing the proposed models on the same set of data. We propose three different HPO

models with a Bayesian Optimization framework that employs differential optimization, genetic algorithm and evolutionary
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strategy for acquisition function maximization. The results are compared in terms of the error rate obtained using a t-test on

samples from 10 iterations with a statistical significance of p-value < 0.01 and is given in figure 5.

All variants of BO proposed by the study are compared to the standard Bayesian optimization. Figure 5 shows that the

overall efficiency of BO combined with CMA-ES has better classification accuracy compared to combinations of BO with other

evolutionary algorithms in most cases. BO combined with DE produces slightly better results than GA. The graph also proves

that the performance of standard BO can be improved by its combination with DE and CMA-ES.

Conclusion

Hyperparameters of ML models must be tuned to fit particular datasets before being deployed to practical problems. However,

because the volume of created data has substantially grown in practice, and manually setting hyperparameters is tremendously

resource-intensive, it has become critical to optimise hyperparameters automatically. We have seen the efficacy of AutoML

systems in handling large-scale image classification datasets. We have also observed the performance of SMAC and DEHB

packages for hyperparameter optimization. Out of the proposed HPO frameworks, it is examined that the efficiency of

BO-CMAES proves it to be worth adopting in AutoML systems. The results from the paper can be extended to other models

and datasets. The number of hyperparameters can also be scaled along with the range of values considered for tuning. The

above experiments are carried out for 10 iterations. For better results, the number of iterations can be increased. As future work,

we plan to conduct the experiments for real-time image classification problems.

Data availability

Data underlying the results presented in this paper are publicly available and can be downloaded from Kaggle.
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Figure 1. Illustration of Bayesian Optimization on a 1D function. The graph depicts a Gaussian process approximation of the objective function and an

acquisition function in the lower portion. The mean of the objective function is represented by the dashed line and the blue region shows the predictive

uncertainty. Acquisition function is represented by the orange curve. The acquisition function is maximum where the Gaussian process gives a low objective

value with high uncertainty. Note. Adapted from Automated Machine Learning, by Feurer, M. and Hutter, F., 2018, Springer, p. 10.

Figure 2. Test error rate plot for experiment setup 1 Figure 3. Wallclock time comparison plot
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Figure 4. Test error rate plot for experiment setup 2 Figure 5. Test error rate plot for experiment setup 3

Sl. No Hyperparameter Range

1 Learning rate [0.0001 - 1.0]

2 Batch size [32 - 1024]

3 Epochs [10 - 100]

4 Momentum [0.9 - 0.999]

Table 1. Hyperparameter values for tuning
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