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Abstract: Machine learning algorithms have been widely used to deal with a variety of practical
problems such as computer vision and speech processing. But the performance of machine learning
algorithms is primarily affected by their hyper-parameters, as without good hyper-parameter
values the performance of these algorithms will be very poor. Unfortunately, for complex machine
learning models like deep neural networks, it is very difficult to determine their hyper-parameters.
Therefore, it is of great significance to develop an efficient algorithm for hyper-parameter automatic
optimization. In this paper, a novel hyper-parameter optimization methodology is presented to
combine the advantages of a Genetic Algorithm and Tabu Search to achieve the efficient search for
hyper-parameters of learning algorithms. This method is defined as the Tabu_Genetic Algorithm.
In order to verify the performance of the proposed algorithm, two sets of contrast experiments are
conducted. The Tabu_Genetic Algorithm and other four methods are simultaneously used to search for
good values of hyper-parameters of deep convolutional neural networks. Experimental results show
that, compared to Random Search and Bayesian optimization methods, the proposed Tabu_Genetic
Algorithm finds a better model in less time. Whether in a low-dimensional or high-dimensional
space, the Tabu_Genetic Algorithm has better search capabilities as an effective method for finding the
hyper-parameters of learning algorithms. The presented method in this paper provides a new solution
for solving the hyper-parameters optimization problem of complex machine learning models, which
will provide machine learning algorithms with better performance when solving practical problems.

Keywords: genetic algorithms; machine learning algorithms; neural networks; optimization methods;
hyper-parameter optimization

1. Introduction

Learning algorithms such as deep learning are making major advances in solving problems that
have resisted different attempts by the artificial intelligence community for many years [1,2]. The
advantages of learning algorithms in discovering the structure of complex high-dimensional data make
them widely used in many fields such as engineering technology and scientific development. However,
due to the complexity of learning algorithms such as deep neural networks, their applications face
enormous challenges. Prior to the advent of new and more effective learning algorithms, improving
the performance of existing learning algorithms is a major task in the field of artificial intelligence.
How to improve the performance of the learning algorithm when solving practical problems is a
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common challenge faced by the academic community. As a sub-topic of this issue, choosing good
hyper-parameter values for learning algorithms is also an effective way to improve the performance of
learning algorithms.

The process of searching for good values of hyper-parameters in machine learning algorithms can
be considered as an optimization process that attempts to find hyper-parameters for the best objective
performance such as verification errors. The hyper-parameters optimization problem can be abstracted
into a mathematical model as shown in Equation (1) [3]. In this model, A is a learning algorithm and λ
is the hyper-parameters of A. The ultimate goal of the hyper-parameters optimization is to find the
hyper-parameter combination λ(∗) to minimize the generalization error Eχ∼Gχ

[
L
(
χ; Aλ(χ(train))

)]
of the

learning algorithm A on dataset χ(train) (a finite set of samples from Gχ).

λ(∗) = argmin
λ∈Λ

Eχ∼Gχ

[
L
(
χ; Aλ(χ(train))

)]
(1)

In the early period, the development of learning algorithms was in its infancy, the algorithm model
was relatively simple, and the number of main hyper-parameters in the model was small. The manual
search [4] was an effective way to determine hyper-parameters. Manual search does not require the
high computational overhead, but requires a high level of expertise. Manual search is mainly suitable
for solving the hyper-parameter selection problem of early simple learning algorithms. As learning
algorithms become complex, the manual search has been difficult to use to provide good performance.
At present, the automatic hyper-parameter optimization algorithm is the main trend in development,
especially with the development of computer technology.

Larochelle et al. proposed a Grid Search [5] method for hyper-parameter optimization. The Grid
search is simple to implement and reliable in the low-dimensional space, but it becomes trapped in
dimensionality disasters in the high-dimensional space. It can be seen from Equation (1) that when the
number of λ(∗) is large and the range of each λ is wide, the search process will become complicated.
The amount of computation required will increase exponentially, and the search algorithm will easily
fall into the dimension disaster. Grid search has been proven to be easily fall into dimensionality
disasters in a high-dimensional hyper-parameter space [3]. Hinton et al. [6] combined the manual
search and grid search to train restricted Boltzmann machines. But this approach cannot completely
avoid the shortcomings of the manual search and grid search. Bergstra et al. proposed a Random
Search method [3] for the hyper-parameter optimization. This method is proven to be superior to
the grid search, and the method is simple and easy to parallelize. However, the random search is
somewhat similar to the grid search, and there is no guarantee that the result is optimal, or that the
random search is non-adaptive.

Sequential model-based optimization methods [7,8] and particularly Bayesian optimization
methods [9–14] were also used in the hyper-parameter optimization. Bayesian search uses a completely
different approach compared to the grid search and random search, as the latter ignores the information
of the previous search point in the search process, but Bayesian search makes full use of the previous
search point information. The Bayesian optimization method also has its limitations. Once it searches
for a maximum value point, it will continue to sample continuously around the highest value point,
which makes it easy to fall into a local optimum. In addition, evaluating the hyper-parameter settings
of the learning algorithm requires fitting the model and verifying its performance on the dataset.
The computational overhead of this process is so huge that makes a sequential hyper-parameter
optimization on a single computational unit impractical. It is undeniable that the sequence model
based optimization and Bayesian optimization methods are essentially sequential. Although a certain
degree of parallelization can be achieved by computing the optimal solution of multiple acquisition
functions [15,16], a perfect parallelization is difficult to achieve.

Meta-heuristic algorithms are widely used to solve various optimization problems. In recent years,
they have also been used for hyper-parameters optimization problems. Francescomarino et al. [17] and
Zhang et al. [18] used Genetic Algorithms to optimize the hyper-parameters of learning algorithms and
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achieved good results in practical problems. Young et al. [19] and Furtuna et al. [20] used Evolutionary
Algorithms to optimize hyper-parameters of learning algorithms. As an improved evolutionary
algorithm, CMA-ES (Covariance Matrix Adaptation Evolution Strategy) was also used to optimize
learning algorithms [21]. Soon et al. [22] and Lorenzo et al. [23] used Particle Swarm Optimization to
optimize deep neural network models. However, a single meta-heuristic algorithm has a common
shortcoming. When the objective function is non-convex, it is easy fall into the local optimal solution.
With the absence of a reasonable strategy to jump out of the optimal solution, a single meta-heuristic
algorithm is difficult to use to find the optimal hyper-parameter combination.

In addition to the methods mentioned above, there are several recently proposed methods.
Tang et al. [24] proposed a novel methodology that uses the geometric characteristics of line-segment
representations to optimize hyper-parameters for deep networks. Diaz et al. [25] addressed the
problem of choosing appropriate parameters for neural networks by formulating it as a box-constrained
mathematical optimization problem, and applying a derivative-free optimization tool that automatically
and effectively searches the parameter space. Maclaurin et al. [26] proposed a gradient-based
hyper-parameter optimization method. However, their research is limited to the use of their
own methods to optimize a model to solve practical problems, and is not compared to several
hyper-parameter optimization algorithms that are widely considered to be excellent. Their methods
are less versatile for different machine learning algorithms.

The existing hyper-parameter optimization methods have made great contributions in solving the
problem of selecting appropriate hyper-parameters for learning algorithms, but they still have some
problems. One of them is that the computational overhead during the search process is huge. Both
the sequence model-based optimization and single meta-heuristic algorithm optimization methods
have this problem. It is worth noting that with development of the computer hardware, especially the
development of GPU, the computational overhead has been greatly reduced compared to the past.
But for complex learning algorithms like deep neural networks, the optimization process can still
take several weeks. Although several new methods have been proposed in recent years with good
performance, they are limited to several specific models, and their generalization ability is poor.

The hyper-parameter optimization process of learning algorithms often wastes a lot of unnecessary
computational overhead due to repeated searches of hyper-parameter points. In the existing
hyper-parameter optimization method, a grid search can effectively avoid repeated searches of
hyper-parameter points. But an obvious problem with the grid search is that the computational
overhead grows exponentially as the number of hyper-parameters increases. We want to use genetic
algorithms to optimize the hyper-parameters of deep neural networks, and to establish a mechanism
like grid search to avoid repeated searches. For genetic algorithms, repeated searches are an inevitable
problem. The mechanism for setting up a Tabu list in the Tabu search algorithm can effectively avoid
repeated searches. In other heuristic algorithms, there is no suitable way to avoid repeated searches.
Based on this, we have come up with the idea of combining Tabu search and genetic algorithms.

Considering the problem that the current method is easily fall into the local optimal solution and
the computational cost is huge, we use genetic algorithms as the basic algorithm to solve this problem,
and find ways to avoid falling into local optimal solutions in order to improve search efficiency.
Through our research, a new hyper-parameter optimization method is proposed, this method is defined
as the Tabu_Genetic Algorithm (Tabu_GA). In order to avoid falling into local optimal solutions,
methods of the crossover, mutation and selection in Tabu_GA have been improved. At the same time,
in order to reduce the computational overhead during the whole search process, the idea of setting up a
Tabu list in Tabu Search has also been incorporated into Tabu_GA. Compared to the existing methods,
this method can significantly reduce the computational overhead during the search process with good
adaptability to different learning algorithms. In later experiments, Tabu_GA has been proven to be
superior to several existing hyper-parametric optimization methods.
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The key contribution of our research is the development of a Tabu_GA algorithm and applying
it to better solve the hyper-parameter optimization problem of learning algorithms. This makes the
learning algorithms such as deep learning perform better when solving practical problems.

2. Proposed Approach

The key of our approach is the combination of the advantages of Genetic Algorithm and Tabu
Search to achieve the efficient search for hyper-parameters of learning algorithms. In order to
describe the workflow of Tabu_GA, the basic principle of Genetic Algorithms and Tabu Search is
introduced first. Working steps and specific operations of Tabu_GA will then be described in detail,
including the selection of fitness functions and process of crossover, mutation and selection. Search for
hyper-parameters using Tabu_GA will also be described.

2.1. Genetic Algorithms and Tabu Search

A genetic algorithm is a meta-heuristic algorithm. A genetic algorithm (GA) [27,28] simulates the
evolutionary theory of nature and screen population individuals by establishing natural mechanisms
similar to the survival of the fittest, to find an optimal solution or suboptimal solution of the optimization
problem. Figure 1 shows the workflow of a simple GA. GAs have an outstanding performance in
solving optimization problems in science and engineering. However, GAs also have their own
shortcomings, such as easily premature convergence and falling into local optimal solutions.
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Tabu Search (TS) [29–31] algorithm is also a meta-heuristic algorithm. A single TS does not
perform a global optimal search well. TS is better at solving local optimization problems compared to
genetic algorithms. It uses history of the search to implement search strategies and avoid local minima.
Its basic principle is modeled on the memory function of human beings. TS avoids repeated searches
by setting up a Tabu list during the search process. A Tabu list is able to remember the information of
solutions that has been searched to avoid them in subsequent searches. The use of this list prevents
the return of the most recently accessed solution, effectively avoiding an endless loop. A simple TS
algorithm is presented in Algorithm 1. [32].
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Algorithm 1 the simple TS method

1: Choose, at random, an initial solution s in the search space
2: Tabu List← ∅
3: while the stopping criterion is not satisfied do
4: Select the best solution s′ ∈ N(s) \TabuList
5: s←s′

6: Update TabuList
7: end
8: return the best solution met

2.2. The Tabu_Genetic Algorithm

The optimization process by meta-heuristic algorithms can be considered as a black-box
optimization, no derivative and gradient changes are involved during the whole process. In a
sense, without considering the influence of some minor factors, the hyper-parameters optimization
problem can also be regarded as a black-box optimization problem. Some scholars have carried
out research on this area as mentioned in the previous section. It is therefore feasible to use the
meta-heuristic algorithm while searching for the hyper-parameters of learning algorithms. However,
GA will easily fall into local optimal solutions and continue to oscillate around this point. This will not
only waste the computational overhead but also result in the final searched hyper-parameter values
for learning algorithms not being optimal.

In order to prevent the GA from falling into the local optimal solution prematurely in the
optimization process, we try to improve the genetic operation of the GA. Our starting point is to
control the direction of population evolution by controlling the genetic operation of the GA to prevent
pre-convergence. The improvement mainly includes methods of crossover, mutation and selection in
Tabu_GA. At the same time, in order to reduce the computational overhead during the search process,
the idea of the Tabu list in TS has also been incorporated into Tabu_GA. In the optimization process, it
is inevitable to search for a combination of hyper-parameters with the same value, which will waste
search time. By setting up a Tabu list, we can save the searched points into the list to avoid repeated
searches and reduce the computation time. The basic workflow of Tabu_GA is shown in Figure 2.

Tabu_GA mainly consists of two parts including the GA part and TS part. As shown in Figure 2,
on the left side of the flowchart is the GA part, and the right part is the TS Part. Firstly, GA is used to
search the whole space to find the optimal solution or the sub-optimal solution. Then, TS is used to
perform a local search on nearby points of the sub-optimal solution searched by GA to find the optimal
solution. Tabu_GA still follows the basic steps of GA, including crossover, mutation, and so on.

First, hyper-parameters that need to be optimized are discretized and encoded and then an
initial population is randomly generated. A fitness function is determined to evaluate the quality of
individuals. Termination criteria are established for screening unqualified individuals. Crossover and
mutation operations are performed on individuals who do not meet the termination criteria to generate
new individuals. The above steps are repeated until an individual who meets the termination criteria
is searched. The individual that satisfies the termination criterion will be considered as the optimal
solution searched by the genetic algorithm part of Tabu_GA. However, the GA part of Tabu_GA
may not generate the optimal solution. In order to obtain the optimal solution, a local search will be
performed by the TS part of Tabu_GA.

In order to ensure that individuals from Tabu_GA are globally optimal, the Tabu list of TS and the
local neighborhood search of Hill-Climbing Algorithm are combined in Tabu_GA to avoid falling into
a local optimal solution. The TS part of Tabu_GA regards the optimal solution obtained by the GA as
the initial point and compares it with neighboring nodes. If the neighboring nodes are much better,
they will be used as the initial points to continue the search until the optimal solution is found.
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2.2.1. Fitness Function

In order to avoid over-fitting, the average accuracy of a validation set is used as a criterion for
evaluating whether the training of learning algorithms is terminated [2]. In all experiments, training is
stopped early if at any training epoch after first 100 iterations, the best accuracy on the validation set
is achieved before the current number of epochs divided by two. The fitness function is defined in
Equation (2). Here i represents the number of iterations on the validation set. This fitness function
will be used as a criterion for the Tabu_GA to evaluation of the searched hyper-parameter points. The
higher the value of the fitness function, the better the searched hyper-parameter point.

Fitness = mean
n∑

i=1

(accuracy o f veri f ication set)i (2)



Electronics 2019, 8, 579 7 of 19

2.2.2. Hyper-Parameters Discretization

The raw value of the hyper-parameter is a real number, which is not convenient for the input and
calculation in the optimization process, so the hyper-parameter needs to be discretized. The discrete
method of hyper-parameters mainly adopts the following two processes: (1) For the hyper-parameter
with a large range of values that must be an integer, it is uniformly valued within its range of
values; (2) For the hyper-parameter with a small range of values, it is sampled with a logarithmic
scale. For example, the base learning rate and weight decay rate are on a log scale. In other words,
the corresponding decision variables in Tabu_GA represent the log10 of values used to train the
learning algorithm, rather than the values themselves: this can ensure more effective exploration of the
hyper-parameter space. In the literature [3], the logarithmic scale is used to sample hyper-parameters
in Random Search. We have adopted the same approach here.

In order to facilitate the cross-variation of the hyper-parameter individuals in subsequent
experiments, the discrete hyper-parameters are encoded using binary.

2.2.3. Crossover, Mutation, and Selection Operation

A single-point crossover operation is used as the cross-operation of Tabu_GA. The basic principle
of single point crossing is shown in Figure 3. Two different parent individuals, through a single-point
crossover operation, produce two different offspring individuals. In order to ensure that the superior
traits of parent individuals can be inherited to offspring individuals, some small changes follow. First,
individuals are arranged according to values of the fitness function from small to large, and individuals
with the highest fitness function value are then selected to cross-operate with remaining individuals to
generate new individuals.
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The mutation operation in Tabu_GA is different from traditional GA with following improvements.
In this research, a new operation of mutation is proposed to define an arithmetic mutation operation.
The arithmetic mutation operation lets each individual in the population have different mutation
probabilities to present an arrangement of arithmetic progressions. The mathematical representation
is described in Equation (3). Where n represents the number of individuals in the population, i
represents the position of individuals after sorting, and Pmi represents probability of the mutation
for individuals. It can be seen from Equation (3) that for individuals with less fitness, the probability
of genetic mutation is greater. This mutation operation mainly includes following two advantages:
(1) maintaining diversity of the population and preventing premature convergence; (2) jumping out of
the local optimal solution effectively.

Pmi = 1−
i−1
n

(1 ≤ i ≤ n) (3)
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The selection operation of Tabu_GA is also different from traditional GA. Selection operations of an
evolutionary algorithm include (µ+ λ) and (µ,λ) [32]. For the selection operation (µ,λ), although the
pre-convergence at the local best point can be effectively avoided, the selection operation can only
select the offspring generation without the parent information. This will result in the best individuals
of the previous generation not being well preserved to the next generation. Relatively speaking,
the selection operation (µ+ λ) can preserve outstanding individuals for both parents and offspring
individuals much better. Therefore, the selection operation (µ+ λ) of the evolutionary algorithm is
used in Tabu_GA. The selection operation is combined with above-mentioned operations of crossover
and mutation to ensure correcting the wrong evolution direction in time and retaining the optimal
individual in the previous generation.

3. Experiments

In order to verify the performance of Tabu_GA and prove that our improvement is meaningful,
we have designed two sets of experiments, including main experiments and additional experiments.
In the main experiments, we compared the performance of Tabu_GA with several algorithms that are
currently considered to be excellent. In the additional experiments, we compared the optimization
performance of Tabu_GA with GA (without Tabu Search) and Tabu Search (TS).

The experiments were performed on a computer equipped with NVIDIA GTX1080Ti GPU and
Intel Core i7 CPU. The software platform is based on Tensorflow. Tabu_GA, GA and TS are programmed
using Python 3. The other four methods are called from Hyperopt [33,34]. The experimental details
are described below.

3.1. Main Experiments

In the main experiments, two sets of experiments were performed to verify the reliability and
adaptability of Tabu_GA. In order to verify the performance of Tabu_GA on different datasets,
experiments were conducted on two sets of datasets, one experiment on the MNIST dataset and
the other on Flower-5 dataset. Convolutional neural networks were used as the optimization object
in both experiments. In order to verify the search effect of Tabu_GA in the low-dimensional space
and high-dimensional space, two different convolutional neural network models were selected. The
experiment on the MNIST dataset selected the classic LetNet-5 convolutional neural network as
the optimized object. The LetNet-5 convolutional neural network has a simple structure and a
relatively small number of hyper-parameters. The experiment on the MNIST dataset simulates the
hyper-parametric search process of relatively simple learning algorithms, which can also be considered
as the search process in a low-dimensional space. The experiment on the Flower-5 dataset selected a
more complex deep convolutional neural network model as the optimized object. The experiment
on the Flower-5 dataset simulates the hyper-parametric search process of relatively complex learning
algorithms, which can also be considered as the search process in a high-dimensional space. Both results
of experiments are used to compare the performance of Tabu_GA with the Bayesian optimization
method, Simulated Annealing Algorithm (SA), CMA-ES and Random Search. Bayesian optimization
methods, simulated annealing, CMA-ES and random search are several hyper-parametric optimization
algorithms that generally considered to be excellent methods applied in the field. Therefore, we chose
these four methods to compare with Tabu_GA in the experiment. The Bayesian optimization method
chosen for this experiment is Tree-structured Parzen Estimator Approach (TPE) [10].

3.1.1. Convolutional Neural Network

Convolutional Neural Network (CNN) is a well-known deep learning architecture inspired by
the natural visual perception mechanism of living creatures [35]. The convolutional neural network
relies on convolution and pooling operations to identify information. It has been widely used in target
detection, image classification [36] and other fields [37]. There are many types of convolutional neural
networks, such as LetNet-5 [38,39] and AlexNet [40]. The experiment on the MNIST dataset selected
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the classic LetNet-5 convolutional neural network as the optimized object. The LetNet-5 convolutional
neural network is an early convolutional neural network model with a simple structure and is also
trained through back-propagation. The experiment on the Flower-5 dataset selected a more complex
deep convolutional neural network model as the optimized object. The model can be found on GitHub
(https://github.com/deep-diver/CIFAR10-img-classification-tensorflow) and its structure is shown in
Figure 4, which consists of four convolutional layers, four pooling layers, and four hidden layers. It is
a deep convolutional neural network model.
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3.1.2. Experiment on MNIST Dataset

The MNIST dataset (http://yann.lecun.com/exdb/mnist/) is a classic dataset used in classification
problems of machine learning. The dataset consists of 60,000 of grayscale handwritten digits, which
are divided into 10 categories, i.e. numbers 0-9. The 60000 images are divided into verification sets
and training sets. In many papers and practical questions, the MNIST data set is used to evaluate the
performance of the model. Figure 5 are some examples of handwriting in the MNIST data set.
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Hutter et al. proposed an efficient approach for assessing the hyper-parameter importance [41]
and proved that even in very high dimensional cases—the most performance variation is attributable
to just a few hyper-parameters. Five important hyper-parameters of the LetNet-5 convolutional neural
network are selected as objects to search, including learning rate, batch size, number of full-connected
layer1 (F1) units, dropout rate and L2 weight decay. For the learning rate, the dropout rate and L2
weight decay will use the log scale sampling mentioned in Section 2, while the batch size and Number
of F1 units use uniform sampling. The range of values for each hyper-parameter is shown in Table 1.

https://github.com/deep-diver/CIFAR10-img-classification-tensorflow
http://yann.lecun.com/exdb/mnist/
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This gets about 1.96 million hyper-parameter combinations after discretizing the five hyper-parameters.
Table 2 shows some parameters and settings of the LetNet-5 convolutional neural network that do not
change during the experiment.

Table 1. The range of values for the five hyper-parameters of LetNet-5 convolutional neural network
participating in the optimization.

Name Ranges

Learning rate [0.0001,0.1]
Batch size [16,128]

Number of F1 units [128,1024]
Dropout rate [0.1,0.5]

L2 weight decay [0.0001,0.01]

Table 2. Some parameters and settings of the LetNet-5 convolutional neural network that do not change
in the experiment.

Name Value

Convolution layer 1 Filter:2, strides:1, padding:SAME
Pooling layer 1(max) ksize:2, strides:1
Convolution layer 2 Filter:5, strides:1, padding:SAME
Pooling layer 2(max) ksize:2, strides:1

Full-connected layer 1 Dropout
Number of iterations 10,000

Learning rate decay policy Step (gamma = 0.99, step size = 100)
Activation function Relu

A standard for evaluating algorithms in experiments is the smallest validation error found in
all epochs when the training time (including the time spent on model building) is limited [21]. The
generalization error of learning algorithms on the verification set is one of the important indicators to
measure its performance. This can indirectly reflect the performance of the optimization method. The
relevant settings during the experiment are shown in Table 3.

Table 3. Relevant settings in the experiments on MNIST.

Method Experiment Setup

Random search Conduct 610 assessments
Simulated
Annealing Conduct 610 assessments

CMA-ES Conduct 610 assessments (61 generations, 10 individuals per generation),N (0.5, 0.22)
TPE Conduct 610 assessments

Tabu_GA

The genetic algorithm part was carried out for 59 generations, with 10 individuals per
generation, for a total of 600 assessments;

The Tabu search section was evaluated 10 times;
For a total of 610 evaluations.

The experimental results on the MNIST dataset are shown in Figure 6. Figure 6 depicts the
verification set error curve of the convolutional neural network model optimized by the five optimization
methods in the experiment on the MNIST data set. It can be seen from Figure 6 that the convolutional
neural network model optimized by Random Search performs poorly. In contrast, the performance of
the convolutional neural network model optimized by the other four methods is basically consistent.
The model optimized by CMA-ES finally achieved the best performance. But that was after nearly 250
evaluation searches. Tabu_GA found the sub-optimal model with less than 100 searches. Tabu_GA
finds a better model in less time, which is preferable. Tabu_GA is superior to the Bayesian optimization
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and random search. Experiments on the MNIST dataset demonstrate that Tabu_GA is efficient for
searching good values of hyper-parameters for simple learning algorithms, to reach or surpass the
level of several well-known methods.
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Figure 6. Average verification error curves for five methods in experiments on the MNIST dataset.

3.1.3. Experiment on Flower-5 Dataset

Another set of experiments was performed on the Flower-5 dataset. Flower-5 dataset
(https://www.kaggle.com/alxmamaev/flowers-recognition) includes approximately 4000 images of
five type flowers, includes daisy, dandelion, rose, sunflower, and tulip, as shown in Figure 7. There are
about 800 images for each type of flower. The Flower-5 dataset is more complex than the MNIST dataset,
and is very sensitive to the setting of hyper-parameters. The difficulty of performing classification
tasks on the Flower-5 dataset is greater than on the MNIST dataset.
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Figure 7. Flower-5 Dataset.

The experiment on the Flower-5 dataset selected a more complex deep convolutional neural
network model as the optimized object. The model can be found on GitHub (https://github.com/deep-
diver/CIFAR10-img-classification-tensorflow) and its structure is shown in Figure 4, which consists of
four convolutional layers, four pooling layers, and four hidden layers. It is a deep convolutional neural
network model. The eleven hyper-parameters of this deep convolutional neural network model were
selected as search objects for this experiment, as shown in Table 4. The experiment steps performed on
the Flower-5 data set were identical to the experimental performed on the MNIST data set. Only some
specific details are different.

https://www.kaggle.com/alxmamaev/flowers-recognition
https://github.com/deep-diver/CIFAR10-img-classification-tensorflow
https://github.com/deep-diver/CIFAR10-img-classification-tensorflow
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Table 4. The range of values for eleven hyper-parameters of the deep convolutional neural network in
the optimization.

Name Ranges

Learning rate [0.0001,0.1]
Batch size [16,128]

Number of F1 units [128,1024]
Number of F2 units [128,1024]
Number of F3 units [128,1024]
Number of F4 units [128,1024]

L2 weight decay [0.0001,0.1]
Dropout rate1 [0.1,0.5]
Dropout rate2 [0.1,0.5]
Dropout rate3 [0.1,0.5]
Dropout rate4 [0.1,0.5]

Experiments performed on the Flower-5 dataset still use the method described in Section 2 to
discretize the hyper-parameters with the same coding method. There are about 5 × 1012 pairs of
hyper-parameter combinations after eleven hyper-parameters are discretely completed. Table 5 shows
parameters and settings of the deep convolutional neural network that do not change during the
experiment. Relevant settings in the experiment are shown in Table 6. The evaluation criteria for the
method in the experiment are same as the experiment on the MNIST dataset.

Table 5. Parameters and settings of the deep convolutional neural network that do not change in
the experiment.

Name Value

Convolution layer 1 Filter:3, strides:1, padding:SAME
Pooling layer 1(max) ksize:2, strides:2
Convolution layer 2 Filter:3, strides:1, padding:SAME
Pooling layer 2(max) ksize:2, strides:2
Convolution layer 3 Filter:5, strides:1, padding:SAME
Pooling layer 3(max) ksize:2, strides:2
Convolution layer 4 Filter:5, strides:1, padding:SAME
Pooling layer 4(max) ksize:2, strides:2

Full-connected layer 1 Dropout
Full-connected layer 2 Dropout
Full-connected layer 3 Dropout
Full-connected layer 4 Dropout
Number of iterations 20,000

Learning rate decay policy Step (gamma = 0.99, step size = 100)
Activation function Relu

Table 6. Relevant settings in experiments on Flower-5.

Method Experiment Setup

Random search Conduct 622 assessments
Simulated Annealing Conduct 622 assessments

CMA-ES Conduct 620 assessments (62 generations, 10 individuals per generation),N (0.5, 0.22) [21]
TPE Conduct 610 assessments

Tabu_GA

The genetic algorithm part was carried out for 59 generations, with 10 individuals per
generation, for a total of 600 assessments;

The Tabu search section was evaluated 22 times;
For a total of 622 evaluations.

Experimental results on the Flower-5 dataset are shown in Figure 8. Figure 8 depicts verification
set error curves of the deep convolutional neural network model optimized by five optimization
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methods in the experiment on the Flower-5 dataset. It can be seen from Figure 8 clearly that the deep
convolutional neural network model optimized by SA has an extremely poor performance. In order
to prove that this situation is not caused by mistakes in experimental operations, a second identical
experiment was performed according to the same criteria. In the end, we found that this situation
was not caused by mistakes in experimental operations. This phenomenon is caused by defects of SA
itself. The search process of SA falls into a local optimal solution and continues to oscillate around
it. This shows that SA is not suitable for use in the high-dimensional space. The performance of the
model optimized by the other four methods is basically the same. However, Tabu_GA is still the best.
Compared to the Bayesian optimization method, CMA-ES and Random Search, the model searched by
Tabu_GA performs better. Tabu_GA finds a better model in less time. Experiments on the Flower-5
dataset demonstrate that Tabu_GA has good search capabilities even in high-dimensional cases and is
superior to Random Search and Bayesian optimization methods.
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3.1.4. Summary of the Main Experiment

In order to further compare the five methods involved in the experiment, the experimental results
are specifically shown in Tables 7 and 8, including the maximum number of assessments that reach the
optimal model, the maximum accuracy that can be achieved, and the average accuracy. Both results of
experiments on MNIST and Flower-5 show that Tabu_GA is more preferable. As shown in Table 7,
Tabu_GA does not significantly improve the classification accuracy on the MNIST dataset. The MNIST
data set is easy to be classified, and the convolutional neural network can achieve a high classification
accuracy. However, based on solutions in Table 7, Tabu_GA reduces the number of iterations required
for the model to achieve the highest classification accuracy, and improve the classification efficiency.
In addition, Table 8 shows that for a more complex data set such as Flower-5, Tabu_GA improves
the classification accuracy of the model for more than 1% by optimizing the hyper-parameter of the
model. This means that Tabu_GA can bring great benefits in the face of complex data sets and models.
The above analysis results also show that Tabu_GA is feasible and effective for the hyper-parameter
optimization of learning algorithms.
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Table 7. Performance comparisons of five optimization methods on the MNIST dataset experiment.

Algorithm
MNIST

Average Accuracy Maximum Precision Number of Evaluations

Random search 0.9753 0.9849 610
Simulated annealing 0.9812 0.9858 610

TPE 0.9877 0.9932 610
CMA_ES 0.9912 0.9942 610
Tabu_GA 0.9899 0.9944 313

Table 8. Performance comparisons of five optimization methods on the Flower-5 dataset experiment.

Algorithm
Flower-5

Average Accuracy Maximum Precision Number of Evaluations

Random search 0.7150 0.7624 622
Simulated annealing 0.2488 0.2488 622

TPE 0.7364 0.7738 622
CMA_ES 0.7325 0.7735 620
Tabu_GA 0.7434 0.7881 609

3.2. The Additional Experiment

The purpose of our additional experiments was to compare the performance of Tabu_GA, GA and
Tabu Search in optimization, and to analyze whether our improvements are meaningful. Although the
previous experimental results have shown that Tabu_GA is better than several excellent algorithms, this
is not enough strong evidence showing the improvement. In order to further verify the experimental
solutions, we conducted additional experiments.

The additional experiments used the same data set and convolutional neural network model as
the previous experiments did, and were conducted under the same experimental environment on the
MNIST dataset and Flower-5 dataset, respectively. The same GA (without tabu search) and TS were
chosen as the comparison object for Tabu_GA.

From experimental results shown in Figures 9 and 10, Tabu_GA performs better than GA and TS,
both on the experiment of MNIST dataset and Flower-5 dataset. We also found that TS can achieve
better results in optimizing hyper-parameters of the model. According to our survey, no scholars
have used TS to optimize the hyper-parameters in deep neural networks or other machine learning
algorithms. In addition, the experimental results also show that advantages of Tabu_GA compared
to GA and TS become more apparent as the complexity of data sets and models increases. This
can be seen from Figures 9 and 10. The verification error of the deep convolutional neural network
model optimized by Tabu_GA on the Flower-5 dataset is about 3.7% lower than that of GA. Results of
additional experiments show that our improvement is correct and meaningful. Tabu_GA has better
performance than GA and TS. Compared to GA and TS, Tabu_GA has obtained a better convolutional
neural network model with less time.
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3.3. Stability Analysis of Tabu_GA

In the above experiment, the hyper-parameter value was first generated by a set of random seeds
and different random seeds may cause different experimental results. In order to analyze whether
the optimized performance of Tabu_GA is affected by this randomness, we performed five additional
experiments (different random seeds for each set of experiments). It should be noted that there are no
other differences between the five sets of experiments except for the random seeds. The experimental
setup is the same as the experiment in Section 3.1. We use the standard deviation and mean of
experimental results to show the effect of random seeds on Tabu_GA. We separately consider the mean
and standard deviation of the maximum and average accuracy that the model can achieve in each set
of experiments although getting the best model is our ultimate goal.

The experimental results are shown in Tables 9 and 10 for the mean and standard deviation of
multiple sets of experimental results on MNIST and Flower-5. As can be seen from Table 9, results of
five sets experiments show that the model optimized by Tabu_GA can achieve a high classification
accuracy on the MNIST dataset. The mean of both the average accuracy and maximum accuracy
remains at a higher value. Moreover, the standard deviation of the maximum accuracy and average
accuracy is also in a very small range. This shows the fact that the final experimental results of the
five sets of experiments are almost identical, and that Tabu_GA is stable in optimizing the LetNet-5
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convolutional neural network model. Similarly, experimental results on the Flower-5 data set can
be seen in Table 10. The mean of the average accuracy is smaller than the mean of the maximum
accuracy. The main reason of this phenomenon is that Flower-5 is a relatively complex data set, and
the convolutional neural network cannot achieve a good classification accuracy in the initial stage of
optimization. Therefore, when calculating the average accuracy of a set of experimental results, it is
bound to occur that the final mean is lower due to the low classification accuracy in the initial stage of
optimization. This is different from the experiment on the MNIST dataset. Because the MNIST data set
is easier to classify, and the convolutional neural network model can achieve the high classification
accuracy with only a small number of optimization iterations. In Table 10, the maximum accuracy of
the five sets of experiments is at a higher level than the maximum accuracy achieved by the other four
methods as shown in Table 8. In addition, based on data in Table 10, the standard deviation of the
average accuracy and maximum accuracy of the five sets of experiments on the Flower-5 data set is
also in a small range. This also shows that the optimization performance of Tabu_GA is not affected by
randomness. Therefore, Tabu_GA is sufficiently stable.

Table 9. Mean and standard deviation of five sets of experimental results on MNIST.

Average (Accuracy) Max (Accuracy)

Experiment 1 0.9897 0.9940
Experiment 2 0.9914 0.9944
Experiment 3 0.9897 0.9931
Experiment 4 0.9899 0.9931
Experiment 5 0.9899 0.9944

Mean 0.99012 0.99380
Standard Deviation 0.000646 0.000590

Table 10. Mean and standard deviation of five sets of experimental results on Flower-5.

Average (Accuracy) Max (Accuracy)

Experiment 1 0.7381 0.7851
Experiment 2 0.7393 0.7850
Experiment 3 0.7401 0.7825
Experiment 4 0.7457 0.7824
Experiment 5 0.7434 0.7881

Mean 0.74132 0.78462
Standard Deviation 0.002809 0.002093

By analyzing experimental results of the above 10 sets of experiments, it can be concluded that the
optimization performance of Tabu_GA is not affected by randomness. This also verifies that Tabu_GA
has good stability and adaptability.

4. Discussion

The hyper-parameter optimization problem of learning algorithms is currently the main challenge
for its application. Before the advent of better learning algorithms, the key to solving this problem is to
find better hyper-parametric optimization algorithms. Excellent hyper-parameter optimization methods
will make the current learning algorithm obtain better performance in solving practical problems.

For a long time, Gird Search, Random Search and Bayesian optimization methods have been
considered as the most effective way to solve the hyper-parameter optimization problem of learning
algorithms. They are commonly used as natural benchmarks. The optimization method based on
heuristic algorithms and other methods proposed in recent years are also used in the hyper-parameter
optimization problem of learning algorithms, but the performance is general, and most of them
are only suitable for solving a specific problem without universality. Heuristic algorithms are not
the first choice among the popular hyper-parameter optimization methods. However, our results
suggest that heuristic algorithms have great potential in solving the hyper-parameter optimization
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problem of learning algorithms. The proposed Tabu_GA is superior to the existing popular methods in
performance. This provides a new research idea for solving the problem of learning algorithms for the
hyper-parameter optimization, which is to study the hyper-parameter optimization method based on
heuristic algorithms. Although we did not verify the performance of Tabu_GA through a real data set,
we still recommend Tabu_GA as a method to optimize the hyper-parameter of the learning algorithm
in practical applications. The performance of Tabu_GA on the MNIST dataset and Flower-5 dataset
can be representative of the actual application to a certain degree.

The results of this work also suggest that the research on the hybrid meta-heuristic algorithm is
meaningful. Hybrid optimization methods will be a major trend in the future. This is not limited to the
hybridization between different meta-heuristics, but also the hybrid use of meta-heuristics and other
algorithms. The combined use of two different methods provides the original strengths of both, and
the two methods complement each other. Tabu_GA is also a hybrid meta-heuristic. The performance
of Tabu_GA also shows the value of the above development direction.

We found the Tabu_GA when solving the hyper-parameter optimization problem of convolutional
neural networks, and achieved good results. Tabu_GA is essentially an optimization method. In a
sense, Tabu_GA can be used to solve other optimization problems. As it is limited to the specific
problems discussed in this article, we have not proved its application in other problems, but this is an
area worthy of study, and may achieve unexpected results.

5. Conclusions

In this work, a new method of Tabu_GA is proposed for the hyper-parameter optimization of
learning algorithms such as deep neural networks.

The experiments prove that Tabu_GA is an excellent hyper-parameter optimization method.
Experiments on both the MNIST and Flower-5 data sets show that the effectiveness of Tabu_GA. In
dealing with the hyper-parameter optimization problem of simple learning algorithm, it is verified
by experiments on the MNIST dataset. Moreover, experiments on the MNIST dataset also show that
Tabu_GA can find a better solution while reducing the computation time by 50% compared to the
current mainstream optimization methods. Another set of experiments on the Flower-5 dataset shows
that Tabu_GA is also excellent for the optimization of complex learning algorithms like deep neural
networks. Although this advantage is not obvious, it exists objectively. Through these two sets of
experiments, we can conclude that Tabu_GA can be used as a hyper-parameter optimization method for
learning algorithms. Tabu_GA is equally applicable for both simple and complex learning algorithms.

The additional experimental results also prove that the proposed improvement method for GA
is effective. Improving methods of the crossover, mutation and selection enable Tabu_GA avoid
falling into local optimal solutions effectively. At the same time, the idea of setting up a Tabu list in
Tabu_GA clearly reduces the computational overhead during the whole search process. Moreover, we
analyzed the mean and standard deviation of the results in multiple sets experiments, and found that
the optimization performance of Tabu_GA is stable and not affected by randomness.

In fact, based on the experimental results, we can conclude that the Tabu_GA can be used as a
method to optimize the hyper-parameter of learning algorithms in a good adaptability. However, the
Tabu list in our algorithm needs the extra memory during the search process, the memory demand
will be increased as the depth of the search increases. We will continue to optimize Tabu_GA in the
future work. In addition, Tabu_GA seems more suitable for optimizing complex models with more
parameters. For a simple model with a small number of parameters, although Tabu_GA can achieve
better optimization results, the cost performance will be not as good as some simple traditional methods.
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