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As an advanced artificial intelligence technique for solving learning problems, deep learning (DL) has
achieved great success in many real-world applications and attracted increasing attention in recent years.
However, as the performance of DL depends on many factors such as the architecture and hyperparam-
eters, how to optimize DL has become a hot research topic in the field of DL and artificial intelligence.
Evolutionary computation (EC), including evolutionary algorithm and swarm intelligence, is a kind of effi-
cient and intelligent optimization methodology inspired by the mechanisms of biological evolution and
behaviors of swarm organisms. Therefore, a large number of researches have proposed EC algorithms to
optimize DL, so called evolutionary deep learning (EDL), which have obtained promising results. Given
the great progress and rapid development of EDL in recent years, it is quite necessary to review these
developments in order to summarize previous research experiences and knowledge, as well as provide
references to benefit the development of more researches and applications. For this aim, this paper cat-
egorizes existing works in a two-level taxonomy. The higher level includes four categories based on when
the EC can be adopted in optimizing the DL, which are the four procedures of the whole DL lifetime,
including data processing, model search, model training, and model evaluation and utilization. In the lower
level, related works in each category are further classified according to the functionality and the aim of
using EC in the corresponding DL procedure, i.e., why using EC in this DL procedure. As a result, the tax-
onomy can clearly show how an EC algorithm can be used to optimize and improve DL. Moreover, this
survey also discusses the potential research directions to provide the prospect of EDL in the future.

� 2022 Published by Elsevier B.V.
1. Introduction

As one of the representative artificial intelligence (AI) and
machine learning (ML) technologies, deep learning (DL) has
obtained rapid development and attracted increasing attention in
recent years [1,2]. Different from other ML technologies, DL usually
uses the deep neural network (DNN) model to tackle learning
problems including classification and prediction [2,3]. Compared
to shallow models, deeper models can have a much stronger learn-
ing ability to learn more useful features to meet the need of various
complex learning tasks. Moreover, by using their large and deep
structure, DL models can extract knowledge from big data for
real-world applications. As a result, many researches and studies
acrossing various fields have paid increasing attention to DL and
DL-related methods and applications [4–7].

However, although various DL methods have been proposed
and successfully applied in many applications, the performance
of DL can be influenced by many factors such as the architecture
and hyperparameters, which involves data quality, model configu-
ration and robustness, learning techniques, and problem character-
istics. Therefore, it is not easy to improve DL performance on
accuracy and efficiency, especially for real-world problems that
have insufficient prior knowledge and information [8–11]. For
example, designing DL models with better architectures and
hyperparameters for image classification tasks usually requires
not only the rich knowledge in DL and image processing fields
but also the numerous and tedious trial-and-error experiments,
which is difficult for users from other fields to modify and extend
for their needs [12]. Therefore, many researches have studied more
intelligent methods to improve and optimize DL automatically
according to the problems, where evolutionary computation (EC)
methods are usually adopted [12–14].

EC is also an important branch in AI that is efficient in optimiz-
ing complex optimization problems [15,16]. In general, EC imitates
the evolution rule of ‘‘survival of the fittest” from nature to evolve
candidate solutions, so as to obtain more satisfactory solutions for
optimization problems. Generally speaking, EC algorithms mainly
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include evolutionary algorithm (EA) [17] and swarm intelligence
(SI) [18] algorithms. To be more specific, representative EAs
include genetic algorithm (GA) [19,20], evolutionary strategy (ES)
[21], genetic programming (GP) [22], evolutionary programming
(EP) [23], differential evolution (DE) [24–27], and estimation of dis-
tribution algorithm (EDA) [28,29], while representative SI algo-
rithms include ant colony optimization (ACO) [30–32] and
particle swarm optimization (PSO) [33–37]. Moreover, the combi-
nation of EA and SI algorithms have also been studied and pro-
posed, such as the whale optimization algorithm and DE [38].

In the AI community, as ML (e.g., DL) and EC are respectively the
efficient learning and optimization technologies, their develop-
ments are tightly integrated and greatly benefited from each other
[39–42]. To date, the research direction of both using ML to
enhance EC and using EC to optimize ML have yielded fruitful
encouraging results [40–44]. Moreover, as the DL developed dra-
matically in recent years, the researches into improving DL via
EC have increased rapidly and made great progress [45–48]. The
branch of using EC to improve DL is called evolutionary deep learn-
ing (EDL). To better show the dramatical increase of EDL works,
Fig. 1 plots the published work about EDL in different databases
from 2010 to 2020, where the search strategies in the correspond-
ing search engines are as:
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0

100

200

300

400

500

600

700

800

900

1000

N
u

m
b

er
 o

f 
p

u
b

li
ca

ti
o

n
s

Year

 IEEE Xplore

 Web of science

 Scopus

 Google scholar

Fig. 1. The number of publications about EDL from 2010 to 2020 in different
databases.

Table 1
Comparisons of Different Surveys about EC for DL.

Survey Perspective and focus

Liu et al.0 survey [44] EC for neural architecture search

Zhou et al.0 survey [45] EC for the construction of DNNs

Zhou et al.0 survey [46] advances of evolutionary neural architecture search

Darwish et al.0 survey [47] EC for both architecture search and hyperparameter
optimization

Bharti et al.0 survey [48] EC for both architecture search and hyperparameter
optimization

This survey EC in the whole DL procedure

43
i. IEEE Xplore: ‘‘All Metadata”: evolutionary deep learning;
ii. Web of science: evolutionary deep learning (Topic);
iii. Scopus: TITLE-ABS-KEY (evolutionary AND deep AND learn-

ing); and
iv. Google scholar: intitle: evolutionary deep learning.

As can be seen in Fig. 1, the number of publications about EDL
have increased rapidly and obviously since 2015, which is close
to the occurrence time of some representative DNNs in 2015 [49]
and the news of famous DL applications like that the AlphaGo beat
the world champion Lee Sedol in 2016 [50].

Given the rapid and significant advances in EDL, it is quite nec-
essary to review these developments at this time in order to sum-
marize previous research experiences, as well as provide
references to promote the development of more researches and
applications. Although there have been some reviews about EDL
[47,48], these surveys focus on EC methods for some specific issues
in DL, like EDL about model architecture search and hyperparame-
ter optimization, while some other EDL works about other proce-
dures in the DL lifetime are still scattered in the literature and
need to be consolidated systematically.

Therefore, this survey attempts to provide a systematic review
of existing EDL work in the whole lifetime of using DL for solving
problems, which includes EC for not only the architecture and
hyperparameter optimization but also other procedures for
improving DL, so as to completely review and analyze how EC
can improve DL efficiently. To better illustrate the differences
between existing surveys and this survey, Table 1 compares differ-
ent surveys in terms of ‘‘perspective and focus” and ‘‘taxonomy and
category”. As can be seen, this survey has a larger perspective and
more systematic taxonomy than existing surveys. To be specific,
the taxonomy in this paper can be divided into two levels. The
higher level is according to the four major procedures in the whole
lifetime when using DL for solving problems, namely, data process-
ing, model search, model training, and model evaluation and utiliza-
tion, which can show that when and how EC can improve DL
through different procedures of the whole lifetime. Following this,
the lower level is based on the functionality and aim of using EC in
each procedure of EDL. Consequently, the taxonomy can provide a
clear picture to show how an EC algorithm can be used to optimize
and improve DL. Besides, some potential future research directions
are also discussed in this survey, so as to inspire more researches
and applications.

The following contents are organized as follows. Section 2 pro-
vides preliminaries including the introduction of DL models and
the taxonomy of this survey. Section 3–6 reviews existing EDL
works in order according to the taxonomy, while Section 7 dis-
cusses the potential future research directions. Finally, Section 8
draws the conclusion.
Taxonomy and category Year

Encoding space/encoding strategy/population updating/efficient
evaluation/application

2021

Optimization on architecture/parameter/both architecture and
parameter/miscellaneous issues like different tasks and objectives

2021

shallow and deep networks/and innovation/booming/trends of
evolutionary DNNs

2021

Evolutionary algorithm/swarm intelligence for DNN/CNN/DBN/RNN 2020

EC for LSTM/CNN/GAN/AE/ESN 2020

EC for data process/model search/model training/model evaluation
and utilization in the DL procedure

–
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2. Preliminaries

2.1. Deep learning model

In general, widely-used DL models can be roughly divided into
five categories according to their basic model, i.e., convolutional
neural network (CNN) [8], deep belief network (DBN) [9–11],
stacked auto-encoder (SAE) [12], recurrent neural network (RNN)
[13], and generative adversarial network (GAN) [51,52]. These
models are introduced briefly in the following. Note that as this
part aims at introducing deep models while artificial neural net-
work (ANN) often refers to shallow models in the literature
[53,54], the ANN is not listed herein to avoid confusion and
misunderstanding.

CNN is a widely-used DNN structure consisting of convolutional
layers, pooling layers, and fully connected layers. Fig. 2(a) shows a
common example of CNNs. As manually-designed CNNs have
achieved great success in many well-known deep learning applica-
tions, e.g., image classification tasks, many researches have been
conducted to obtain better CNNs, including the EC-based optimiza-
tion methods, which will be reviewed in the following sections.

DBN can be developed by stacking restricted Boltzmann machi-
nes (RBMs), as shown in Fig. 2(b). In general, DBNs can pre-train
the network in an unsupervised fashion and then fine-tunes it in
a supervised way according to the labeled data, so as to obtain a
more satisfactory features representation.

SAE is composed of multiple auto-encoders (AEs) in a stacking
manner. Generally speaking, an AE consists of two symmetrical
components (i.e., encoder and decoder), as shown in Fig. 2(c),
and regards the raw input data as the idea output, so that the enco-
der and decoder can learn meaningful features to represent the
raw data in the case that the learned features can be also trans-
formed back to the raw data with minimum information loss.

RNN is a special neural network that contains recurrent connec-
tions. A time-expended structure example of RNNs is presented as
Fig. 2(d), where the value of a hidden neuron at time t (i.e., ht) will
be influenced by both the value at time t-1 (i.e., ht-1) and the output
of its input. Due to the recurrent design, the weights parameters
(e.g., U, W, and V in Fig. 2(d)) are shared in RNNs.

GAN is a deep learning model that contains two components,
i.e., generator and discriminator, as illustrated in Fig. 2(e). The gen-
erator learns how to generate data similar to real training data to
fool the discriminator, while the discriminator learns how to figure
out the data from a real training set or generated by the generator.
After training, the generator will have a great probability for data
generation, which is meaningful in many real-world applications.

2.2. Taxonomy

In general, DL aims to learn meaningful and needed knowledge
based on given data for handling corresponding tasks. Mathemat-
ically, the goal of DL is to achieve:
Fig. 2. Examples of some different deep learning model
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maxEtestðM; argmax
hM

EtrainðM; hM;DtrainÞ;DtestÞ ð1Þ

where M is a DL model, hM represents the model parameters (e.g.,
weights) of M, Dtrain and Dtest are the datasets for model training
and test, respectively, and Etrain and Etest are the evaluation criteria
for model training and test, respectively. Note that the test data
should not be used for training, so as to guarantee the evaluation
of the generalization ability of the model. Therefore, the following
inequation can be true even though the Etest is set as the same as
Etrain:

maxEtestðM; argmax
hM

EtrainðM; hM;DtrainÞ;DtestÞ

¼ maxEtestðM; argmax
hM

EtestðM; hM ;DtrainÞ;DtestÞ

–maxEtestðM; argmax
hM

EtrainðM; hM;DtestÞ;DtestÞ

¼ maxEtestðM; argmax
hM

EtestðM; hM;DtestÞ;DtestÞ

ð2Þ

As can be seen, maximizing the performance of DL should con-
sider four factors: data (i.e., Dtrain and Dtest), model selection (i.e.,
M), model parameters (i.e., hM), and evaluation mechanism (i.e.,
Etrain and Etest). Therefore, DL generally has four procedures for
solving learning problems, which are data processing, model
search, model training, and model evaluation and utilization, and
thus better DL can be achieved by enhancing the results of one
or some of these four procedures. Moreover, the key issues for
enhancing the results of the four procedures can be summarized
as four ‘‘how to”, as shown in Fig. 3, i.e., how to obtain better data
in the data processing procedure, how to find better models in the
model search procedure, how to better train models to obtain suit-
able model parameters in the model training procedure, and how
to better evaluate and utilize the model in the model evaluation
and utilization procedure.

Based on the above, this survey categorizes and reviews the
existing EDL works into four categories (i.e., four parts), so as to
show how EC improves DL for solving learning problems from
the perspective of the DL procedures. To improve the clarity and
intuitiveness of the review, the corresponding taxonomy of this
survey is illustrated in Fig. 4, which contains four parts. To be more
specific, the first part (i.e., data processing) includes data generation,
imbalanced data processing, and task-specific processing; the sec-
ond part (i.e., model search) includes model architecture optimiza-
tion, model hyperparameter optimization, and multi-objective
model search; the third part (i.e., model training) includes model
parameter optimization, model pre-training optimization, and
training cost reduction; and the fourth part (i.e., model evaluation
and utilization) includes model robustness evaluation, model
ensemble, and model pruning. For the sake of concise and clarity,
this paper picks and cites related significant works based on paper
quality, impact, topic relevance, publication source, and publica-
tion time.
s: (a) CNN; (b) DBN; (c) AE; (d) RNN; and (e) GAN.



Fig. 3. The flowchart of the whole DL lifetime with major issues for improving DL in different procedures.
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3. EC for data processing

As DL aims to learn knowledge from the data, the data quality
will greatly influence the final results of DL. However, high-
quality data are usually not sufficient in real-world applications,
while available data may have various problems, e.g., incomplete,
imbalance, noisy, and lack of labels, which require suitable data
processing. Therefore, EDL can improve DL by optimizing the data
processing via EC methods. Existing EDL works that focus on data
processing can be roughly categorized into three categories, i.e.,
data generation, imbalance data processing, and task-specific data
pre-processing, where the three categories and their corresponding
issues are shown in Fig. 5. These three categories are introduced in
the following contents.

3.1. Data generation

In practical applications, it is difficult to obtain high-quality
training data samples with correct labels, which makes it very dif-
ficult to train accurate and efficient DL models. Therefore, many
researches have studied using EC methods to generate high-
quality training data and synthetic labels. To generate suitable
data, GANs are usually helpful. Therefore, EC methods can be uti-
lized to evolve better GANs, so as to help generate more accurate
data. For example, Wang et al. [51] proposed an evolutionary
GAN (E-GAN) framework for data generation. The proposed frame-
work uses various adversarial training objectives as mutation oper-
ations to evolve diverse individual networks, which can achieve
convincing generative performance on some large-scale datasets.
Mehta et al. [55] designed an improved EA to evolve the best struc-
ture of GAN for data generation. Experimental results verified that
45
compared with existing methods, this method can help generate
similar but completely new data images which can be further used
for training diagnostic neural networks. Considering the difficulty
of insufficient labels, Dutta et al. [56] proposed a clustering tech-
nique based on multi-objective EAs to add weak labels to unla-
beled data. Then the data with weak labels are fed to a GAN for
training. Experimental studies show that this method can achieve
good results on the real gene expression data set.

3.2. Imbalanced data processing

In practical application, data imbalance (e.g., data amount in
different classes differs greatly) is a common problem, which will
mislead the model to be prone to classes with more data and there-
fore affect the generalization ability of the model. To solve the
imbalanced problem, approaches can be considered from two
levels: the data-level approach and the algorithm-level approach.

The data-level approach mainly aims to reduce the imbalance
degree in data amount based on data resampling methods, includ-
ing increasing the samples of the minority class (i.e., over-
sampling) and decreasing the samples of the majority class (i.e.,
under-sampling). As the over-sampling can be regarded as a data
generation process for minority classes, the EC-based data genera-
tion optimization mentioned in the previous contents can be
applied [51–56]. For example, Ma et al. [57] utilized EC to evolve
the parameters in the safe-level synthetic minority over-
sampling technique to generate data more properly. Different from
over-sampling, Le et al. [58] considered the under-sampling as a
binary optimization problem and proposed a surrogate-assisted
evolutionary under-sampling method to solve the problem. Exper-
imental results on 44 imbalanced datasets show that this evolu-



Fig. 4. An illustration of the taxonomy.

Fig. 5. Categories and corresponding issues of EDL in the data processing procedure.
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tionary under-sampling method can help learning models obtain
competitive classification performance and save up about 80%
computational cost. Also for under-sampling, Roshan et al. [59]
considered multiple objectives, such as sampling diversity, classifi-
cation accuracy, and the number of sampled datasets, so as to pro-
pose an under-sampling method based on evolutionary multi-
objective optimization. Experimental comparisons with state-of-
the-art methods on over 33 imbalanced datasets have shown the
superiority of the proposed under-sampling method. In addition,
Zhu et al. [60] detected the overlapping regions between majority
46
and minority classes and developed an EA to reserve the appropri-
ate samples and to drop the rest unnecessary samples in the
regions. Triguero et al. [61] attempted to develop an evolutionary
under-sampling method that can only select the most relevant
data, which has shown great potential on imbalanced big data
problems. Castro et al. [62] proposed a DE algorithm to generate
new data to obtain a more balanced dataset, where experiments
showed that the CNN with balanced data can obtain both accuracy
and recall over 90% on diagnosis problems for the six most com-
mon skin diseases.
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In contrast to the data-level approach, the algorithm-level
approach aims to balance the influence of imbalanced data via
proper strategies and mechanisms that are designed in the algo-
rithms. For example, Zhang et al. [63] adopted a cost-sensitive
learning strategy and proposed an adaptive DE algorithm to opti-
mize the cost of data misclassification, which was then used to
train the DBN. Experiments show that this method can optimize
the appropriate cost of misclassification of different categories of
data without prior knowledge, and can be applied to two- and
multi-class imbalanced problems. Feng et al. [64] proposed a bin-
ary ant lion algorithm to optimize the cost weights in the cost-
sensitive learning strategy and to extract more suitable features
to enhance the classification performance on imbalanced data.
Which had shown effectiveness on 11 imbalanced datasets.

3.3. Task-specific data pre-processing

As different application scenarios may have different data pre-
processing needs for obtaining better results, it would be a good
idea to design appropriate EC methods to optimally pre-process
the data to make the data more suitable for the requirements of
specific tasks. For example, in order to obtain richer edge detection
information, Zheng et al. [65] developed an improved DE algorithm
to pre-process the input data of the generator in a GAN, where the
output of the discriminator in the GAN is used as the fitness eval-
uation for the algorithm. By doing so, the proposed DE algorithm
can optimize and improve the input data to be more suitable for
the generator according to the discriminator output. Experimental
results show that this method can quickly and efficiently improve
the quality of edge detection by pre-processing the input data. To
obtain better multi-view features, Liang et al. [66] proposed an
EA to exact the suitable features frommulti-view data and the best
combination of commonly-used data fusion operators (e.g., addi-
tion and concatenation) to be performed on the selected feature
data, which can generate better training and test dataset for the
chemical structure recognition problem. To better study the
human–computer interaction evolution in the artist-critic para-
digm, Soderlund et al. [67] modeled the picture data generation
problem as a constrained optimization problem and used a hierar-
chical EA to solve the problem, which can produce useful image
data to challenge the critics based on DNN. In addition, Jiang
et al. [68] proposed an improved GA to pre-process the data via
feature selection, and then trained the CNN with the processed
data for forecasting the outpatient demand, which can achieve
good prediction results in practical applications.

3.4. Discussion

From the above review, it can be seen that there are mainly two
directions for using EC to improve DL via enhancing the data pro-
cessing procedure. The first direction is directly using EC to process
the data, while the second is using EC to optimize the data process-
ing methods. Due to the optimization ability of EC, processing the
data directly by EC can potentially have satisfied performance.
However, if the data are large-scale, using EC to optimize the data
processing methods and then adopting the obtained EC-optimized
processing methods to process the data can be more efficient.

4. EC for model search

When solving learning tasks, there may be not enough prior
knowledge and experience to guide the design and selection of
DL models. Instead, tedious trial-and-test efforts are required to
find a suitable DL model. Therefore, how to automatically search
for suitable models is very important for solving real-world appli-
47
cation tasks, which has attracted dramatic attention in recent
years. As finding a suitable model can be regarded as an optimiza-
tion problem, many EDL works attempt to search and evolve suit-
able models via EC methods and have obtained promising results.
In fact, there have been some surveys specially conducted on EDL
for model search [44–46], where some common categorization
methods are presented in Fig. 6, including categorizations based
on the implementation of EC, the types of EC, and the kinds of tar-
geted models. Different from these categorizations, this part
reviews the EC methods for model search according to their tar-
geted optimization problems, including architecture optimization,
hyperparameter optimization, and multi-objective model search.
For the purpose of better representation, the three categories and
the corresponding issues are illustrated in Fig. 7, which will be dis-
cussed in the following contents.

4.1. Model architecture optimization

Architecture plays a vastly important role in model perfor-
mance. For example, more difficult and complex classification
problems may require deeper models with denser topology among
layers. Therefore, various EC algorithms are adopted for optimizing
the model architecture, so as to obtain more suitable architecture
efficiently. Among the architecture optimization methods, most
works are designed for DNNs, which are often referred as neural
architecture search (NAS) methods [69]. As there are extensive
works on NAS, the following contents review some representative
methods. For example, a classical NAS algorithm is the large-scale
evolution algorithm proposed by Real et al. [70] for architecture
optimization, where the mutation operator can insert, modify,
and remove some structures and topologies in the DNNs. Experi-
mental studies suggest that the proposed algorithm can evolve
better DNNs automatically according to the dataset without man-
ual participation. Based on the idea of large-scale evolution, Real
et al. [71] further modified the tournament selection operation of
EA, and added the individual age (i.e. the generation numbers of
survival) as a factor for individual selection. The improved algo-
rithm can automatically and efficiently search for a better model
than the existing manually-design models at that time. Consider-
ing the encoding level of DNN architecture, Saltori et al. [72]
designed a cell-based encoding method and then proposed an EA
to evolve the cell-based DNN architecture, while Lorenzo et al.
[73] studied the topology-based encoding method and developed
a memetic algorithm to optimize the topology-based DNN archi-
tecture. Song et al. [74] proposed an improved evolutionary GAN
by combining different mutation operators to automatically evolve
the required GAN; Hadjiivanov et al. [75] extended crossover and
mutation operators and combined them to better evolve CNNs;
Wang et al. [76] proposed to use covariance matrix adaptive ES
to optimize the plasticity of the neural network, where the
obtained model had better learning ability than the existing mod-
els; Xie et al. [77] designed an encoding method to represent net-
work structures and defined standard genetic operations for better
optimization; Chen et al. [78] proposed a GA with variable-length
gene encoding strategy to search for the optimal architecture of
AE; Zhang et al. [79] combined reinforced learning, I-Ching divina-
tion EA, and variable-architecture encoding strategy for efficient
NAS and obtained superiority results; and Martín et al. [80] pro-
posed a new EA to evolve DNNs to maximize the classification
accuracy and maintain a sequence of layers. Moreover, as GP can
evolve an appropriate model structure without relying on prior
knowledge, Bi et al. [81] proposed a novel GP to automatically
search for the best depth tree structure for feature learning and
classification tasks. By combining the flexible depth variable cod-
ing method and the evolution operator associated with image



Fig. 6. Common categories of EC for searching DL models in existing works, which are categorized based on (a) the implementation of EC; (b) the types of EC; and (c) the kinds
of targeted models.

Fig. 7. Categories and corresponding issues of EDL in the model search procedure.
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information, this method can evolve an efficient depth tree model.
In addition, the GP combined with convolution operator has also
been proved to be efficient in evolving an appropriate deep model
to solve the image classification problem [82].

4.2. Model hyperparameter optimization

Besides the architecture, hyperparameter configuration is also a
significant factor to influence the model performance, where com-
mon hyperparameters of some DL models are given in Table 2.
Therefore, EC algorithms have also been researched for optimizing
the hyperparameters configuration.

Sun et al. [83] proposed a CNN structure evolution method
based on residual blocks and GA, where each block can have differ-
ent configurations and the total number of blocks is also evolved
based on a variable-length encoding scheme. The experiment
shows that compared with other manually designed and auto-
mated model search methods, this method has better performance
and lower computational overhead. Similarly, considering the
advantages of residual dense blocks, Song et al. [84] proposed an
improved EA to optimize the block types in the network and the
hyperparameters of each block. Also based on the network block,
Viswambaran et al. [85] proposed a GA to optimize the hyperpa-
rameters of the block-based RNN for the human activity recogni-
tion application. Differently, Kim et al. [86] considered the
hyperparameter optimization of the layer-based DBN and pro-
posed a novel PSO algorithm to solve the problem, which had
shown efficiency in highly class imbalance classification. Also for
DBN, Liu et al. [87] adopted a randomly occurring distributedly
delayed PSO algorithm to search for the optimal hyperparameters,
which obtained the DBN with better classification accuracy than
manually-designed DBNs. Moreover, the hyperparameters opti-
48
mization of the combination of multiple models has also been con-
sidered. According to the characteristics of the energy
consumption prediction problem, Kim et al. [88] tried to combine
the advantages of CNN and LSTM to generate a new model, and
then used a PSO to automatically search for the optimal hyperpa-
rameters of the newly-generated model, where the obtainedmodel
has achieved good results on the public household electricity data
set. Given that there are three types of LSTM implementation
structures with different advantages, namely unidirectional, bidi-
rectional, and cascaded structure, Viswambaran et al. [89]
designed a general GA to optimize models of three connection
structures, which can obtain models with better results than other
methods frommanual design. In addition, Sun et al. [90] conducted
192 independent comparative experiments with different settings
for hyperparameter optimizations of AE between PSO algorithm
and other methods such as grid search. The experiments show that
PSO can achieve the same classification accuracy as other opti-
mization methods while saving 10 to 100 times of computational
overhead. Aiming at robust multimodal representation learning,
Huang et al. [91] adopted the EA to efficiently select the hyperpa-
rameters for the GAN model with multimodal inputs. Furthermore,
Li et al. [92] considered the hyperparameter optimization in CNN
as a mixed-variable optimization problem and proposed a novel
surrogate-assisted hybrid-model EDA (SHEDA) to solve the prob-
lem by efficiently optimizing the mixed-variables via an adaptive
hybrid-model learning strategy. The superiority of the proposed
SHEDA algorithm is verified not only on both CIFAR10- and
CIFAR100-class image classification problems, but also on an aortic
dissection diagnosis application with patient data from a real-
world hospital. Besides, other EC methods like GP [93] have also
been put forward to optimization the hyperparameters and obtain
better models.



Table 2
Common Hyperparameters of DL Models for Optimization.

Model Common hyperparameters

Related layer Containing hyperparameters Included variable types

CNN [82,83,92,93] convolutional layer Number of convolutional layers, kernel number, filter size (width and
height), stride size (width and height), feature map size, convolution
type, batch normalization type, activation function type

Integer and category

pooling layer Filter size (width and height), stride size (width and height), pooling
type,

Integer and category

Fully-
connected layer

number of neurons, activation function type, the dropout rate Integer, category, and
continuous

DBN [9,86,87] hidden layer Number of hidden layers, neurons per layer, activation function type,
parameters for pre-training and fine-tuning, learning rate

Integer and category

RNN [88,89] hidden layer Number of hidden layers, neurons per layer, number of time slot Integer
AE [12,90] hidden layer Number of hidden layers, neurons per layer Integer
GAN [91] layers in generator and

discriminator
Number of iterations of each training epoch for generator and
discriminator, the parameter in the loss function of generator and
discriminator

Integer and real number
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4.3. Multi-objective model search

When searching for a suitable model, different issues and
requirements should be considered, such as the model accuracy,
computational cost, model size, and the number of model param-
eters. Therefore, many researches use evolutionary multi-
objective optimization paradigm for better model search. For
example, Cao et al. [94] considered prediction accuracy and model
simplicity as two optimization objectives and proposed a dis-
tributed parallel multi-objective EA to solve the problem. Lu
et al. [95] proposed an EA for searching the optimal architectures
under multiple objectives, including prediction performance and
floating-point operations. Moreover, Lu et al. [96] integrated
many-objective evolutionary search procedures and a transfer
learning method for model search, which was shown to be effec-
tive on diverse image classification tasks. Inspired by the sparse
connection structure of neurons in the human brain, Liu et al.
[97] modeled the model search as a multi-objective hierarchical
structure learning problem and solved it by a grouping-based
multi-objective EA. The proposed method is applied to a variety
of DL models and obtained good results. Yang et al. [98] regarded
the model search as a multi-objective optimization problem, and
proposed a novel non-dominated sorting method to select candi-
date solutions. The experimental results show that this method
can find a series of networks with better classification accuracy
but fewer parameters than those of existing models. Considering
that deep models are vulnerable to adversarial examples, Liu
et al. [99] proposed a multi-objective EA to obtain a robust model
against five types of adversarial attacks, which has obtained
promising classification accuracy under different adversarial
attacks. Wen et al. [100] treated the model search for the source
Table 3
Comparisons of Some EC-based Model Search Methods with Distinct Characteristics.

Method Optimizations problem Va

Regularized EA [72] Architecture optimization dis
MA [73] Architecture optimization dis
DRNN [85] Hyperparameter optimization dis
PSO-DBN [86] Hyperparameter optimization dis
PSO-HO [90] Hyperparameter optimization Co

dis
SHEDA [92] Hyperparameter optimization Co

dis
NSGANet variants [95] Architecture and

multi-objective optimization
dis

NAT [96] Hyperparameter and multi-objective optimization dis
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task of transfer learning as a multi-objective optimization problem
and used a modern multiobjective optimization approach to solve
the problem.

4.4. Discussion

This part provides a discussion on the EC-based model search
methods. For this, Table 3 compares some EC-based model search
methods with distinct characteristics, which provides three obser-
vations. First, the targeted models of most compared methods are
CNNs. This may be due to that the image processing applications
are almost the most popular DL applications, while CNNs have a
great ability for learning features and knowledge from image data.
As there are various DL models, it is suggested that search methods
for other models like GAN, instead of just CNN, can be further
researched, so as to broaden the researches about EDL. Second,
most EC algorithms in Table 3 are EA and GA, while other powerful
EC algorithms like PSO, DE, and EDA are less considered. This may
be due to that the variable types of the hyperparameters include
not only continuous, but also discrete and category, and therefore
EC algorithms that can deal with different types of variables are in
great need (like the GA and SHEDA [92]). Third, when searching for
different types of models, architecture and hyperparameters are
usually considered, which suggests that both the architecture
and hyperparameters are important for obtaining suitable models.

5. EC for model training

Model training aims to find the global optimal model parame-
ters based on training data, which can be regarded as an optimiza-
tion problem as
riable types Encoding way Type of targeted
model

Type of EC

crete Cell-based CNN EA
crete Topology-based CNN Memetic Evolution
crete Block-based RNN GA
crete Layer-based DBN PSO
ntinuous,
crete

Layer-based AE PSO

ntinuous,
crete, category

Block-based
mixed-variable

CNN EDA

crete Block-based CNN GA

crete Layer-based CNN Multi-objective EA
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argmax
hM

EtrainðM; hM;DtrainÞ ð3Þ

where hM is the model parameters of model M, and Dtrain is the
training datasets, which can be referred to Section 2.2. However,
the model training procedure is often computationally expensive
due to a large amount of data and the heavy computations for
updating a large number of model parameters. As a result, the
model training can be regarded as an expensive optimization prob-
lem with the model parameters as corresponding variables. As EC is
an efficient tool for complex expensive optimization problems
[101], many EDL methods have been researched to achieve better
model training. In this part, EC methods for better model training
are categorized into three parts, where the three parts and the
related issues are shown in Fig. 8, including model parameter opti-
mization, model pre-training optimization, and training cost
reduction.
5.1. Model parameter optimization

The model training can be viewed as a model parameter opti-
mization problem. As an effective and efficient tool for complex
problem optimization, various researches about EC have been con-
ducted to optimize model parameters during the training process.
Paulin et al. [14] used various EC algorithms, e.g., GA and PSO, to
optimize the weight parameters of the constrained Boltzmann
machine. Experiments on speech steganography analysis show
that EC algorithms can train better constrained Boltzmann
machine models than traditional training algorithms. Gong et al.
[102] combined the cooperative coevolution method and back-
ward propagation algorithm to better optimize the DNN parame-
ters, which had achieved great results. Long et al. [103] proposed
a hybrid EC algorithm based on an improved PSO and local search
to optimize the parameters of the deep echo state network. Com-
pared with the models optimized by other methods, the model
optimized by the hybrid PSO algorithm has higher stability and
accuracy in solving intelligent fault diagnosis problems. Similarly,
Deng et al. [104] proposed an improved quantum heuristic DE
algorithm to optimize the weights of all nodes in a DBN. By inte-
grating adaptive quantum crossover and mutation operations,
the proposed algorithm can avoid premature convergence and
improve the global search ability, which can optimize the classifi-
cation performance of the DBN in the experimental studies. More-
over, Cui et al. [105] used the EC method to jointly optimize the
activation function, weight, and offset of heterogeneous DNNs. This
method can train the deep network faster and better than the
gradient-based optimization algorithm. In addition, Chen et al.
Fig. 8. Categories and corresponding issues

50
[106] decomposed the training of proposed a cooperative dual
evolution-based EA to decompose the parameter training of GAN
into two subproblems (i.e., generation and discrimination), and
proposed a cooperative dual evolution-based EA to solve the sub-
problems together, which can address the adversarial optimization
difficulties in training GAN.

5.2. Model pre-training optimization

Model pre-training is one of the important technologies in DL
applications, which can speed up the later training process tar-
geted at the related training data and can avoid problems caused
by the random initialization of weights. Sun et al. [107] proposed
an improved GA to together optimize the structure and initial
weight parameters in CNN. As there are a large number of nodes
in CNN, the parameter values of random initialization may lead
to the final convergence of the network to the local optimum.
Therefore, the algorithm proposed by Sun et al. [107] builds the
probability model based on the mean and variance of the initial
weight parameters of each network layer, and then evolves the
mean and variance of the probability model. After this, the weight
parameters resampling from the probability model can be used as
the pre-training weights of network nodes. Experimental results
show that this method is more efficient than the commonly-used
weight initialization methods. Moreover, Kenny et al. [108] also
proposed an improved PSO with the problem decomposition strat-
egy to pre-train the large-scale DNN, which can get better results
than other commonly-used pre-training methods in the
experiment.

5.3. Training cost reduction

In DL research and application, the model training is very com-
putationally expensive and has a large time cost. Therefore, some
researches made attempts to use more efficient EC methods, so
as to accelerate the model search process and reduce time cost.
The EC-based methods that can reduce training time can be
divided into two categories, reducing the number of training
required in the training process and reducing the time required
for each training.

In order to reduce the number of training, Yang et al. [98]
adopted the weight sharing inheritance mechanism in EC, so that
the weight of each newly-evolved individual network can inherit
quickly, which can reduce the unnecessary training times and
accelerate the running speed of the algorithm. Sun et al. [109] pro-
posed a surrogate-assisted evolutionary DL method, where the per-
of EDL in the model training procedure.
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formance of the DL model is obtained by the prediction from an
end-to-end random forest model instead of the expensive training
procedure. Therefore, this method can reduce unnecessary but
time-consuming training procedures and accelerate the overall
search process. Similarly, Zhou et al. [110] used the Gaussian pro-
cess model as a surrogate model instead of network training to
evaluate candidate models obtained by EC, where experimental
results show that this method is more efficient than the traditional
method.

In order to reduce the time cost in each training step, the recent
SHEDA proposed by Li et al. [92] adopts a surrogate-assisted multi-
level evaluation method that integrates two levels of evaluation to
strike a better balance between optimization accuracy and compu-
tational cost, which has shown great efficiency when compared
with other methods. Also using the surrogate-assisted algorithm,
Zhang et al. [111] proposed a nonstationary kernel- based Gaussian
surrogate model, which can help the evolutionary strategy effi-
ciently find the optimal model for lung nodule classification. Fur-
thermore, Wang et al. [112] appropriately sampled training data
and then used the sampled data to train the network. As the
amount of sampled data is much smaller than that of all training
data, the proposed sampled method can effectively reduce the
computational burden and accelerate the training process. Zhu
et al. [113] proposed a multi-objective evolutionary federated
learning method to search the neural network structure in decen-
tralized scenarios, which can minimize the cost of parameter com-
munication between multiple nodes and improve the accuracy of
the searched model. In order to improve the computational effi-
ciency, Irwin-Harris et al. [114] used an EA with a graph-based
encoding strategy to optimize the CNN and sampled 10% of the
training data for training during the training process, greatly
reducing the time consumption required for each training. In
recent years, due to the development of distributed EC [115],
improving the global search ability and reducing the running time
of EC through parallel and distributed technology has become a
mainstream research direction [116–118]. In this regard, Guo
et al. [119] proposed a distributed PSO (DPSO) algorithm based
on multiple GPU resources to accelerate the optimization of hyper-
meters in CNN, which greatly shortened the training time in EDL.
Moreover, Moriya et al. [120] used the improved multi-objective
covariance matrix adaptive EA to optimize the DNN, where dis-
tributed technology and cloud computing resources were used to
train the model in parallel. The experimental results show that this
Table 4
Comparisons of Some Representative EC-based Model Training Methods.

Method Parameter optimization Pretraining op

SHEDA [92] – –

BPCC [102] cooperative coevolution with backpropagation –
CSOLS [103] Novel encoding and layer-wise optimization

strategy
–

MSIQDE [104] Improved DE for parameter optimization –
CDE-GAN [106] Cooperative dual-evolution EA for

decomposition-based parameter optimization
–

EvoCNN [107] – Optimization
SdEN [108] – divide-and-co

pretraining op
E2EPP [109] – –

DPSO [119] – –

51
method has the advantages of high calculation efficiency and pre-
diction accuracy.

5.4. Discussion

This part discusses the EC methods for model training in DL,
where some representative EC-based model training methods are
compared in Table 4. As can be seen, the proposed methods are
mainly for parameter optimization or pre-training optimization
(but not both). This is may be due to that the aims of parameter
optimization and pre-training optimization are different or may
contradict with each other, e.g., the parameter optimization is for
the optimal parameter for the current classification task, while
the pre-training optimization needs to avoid the local optimal
parameter, respectively). Therefore, the parameter and pre-
training optimization might be handled together via novel evolu-
tionary optimization paradigm, like multi-objective optimization
[121,122], multimodal optimization [123,124], and multi-task
optimization [125]. In addition, time cost reduction techniques
have not been researched adequately with complex parameter
and pre-training optimization problems, which are worth further
investigation.
6. EC for model evaluation and utilization

As a model may perform well on some scenarios but perform
poorly in other scenarios, model evaluation and utilization are sig-
nificant for the application performance of DL. Therefore, some EDL
methods proposed to use EC to improve the evaluation and utiliza-
tion of DL models. As shown in Fig. 9, this part reviews such related
EDL methods in three categories, i.e., model robustness evaluation,
model ensemble, and model pruning.

6.1. Model robustness evaluation

As the robustness of the DL model is an important factor to be
considered before practical application and deployment, how to
evaluate the model robustness has become a hot research topic
in DL [126]. In order to efficiently measure the robustness of DL
models, Su et al. [127] proposed a novel DE-based method for gen-
erating one-pixel adversarial perturbations data to attack the DL
models, so as to evaluate the vulnerability and robustness of the
trained models. Similarly, Vidnerová et al. [128] proposed a novel
timization Time cost reduction Type of
targeted
model

Type
of EC

Surrogate-assisted multi-level
evaluation method

CNN EDA

– CNN DE
– Deep echo

state
networks

PSO

– DBN DE
– GAN EA

for initial weights Efficient fitness evaluation CNN EA
nquer technique for
timization

– DNN PSO

Surrogate-assisted
performance prediction

CNN EA

Distributed computation with
multiple GPU resources

CNN PSO
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EA to generate adversarial samples for testing and evaluating the
vulnerability of DNN classifiers. In addition, Deng et al. [129] pro-
posed a multi-objective EA to optimize both the imperceptibility
and attack capability of data for evaluating the robustness of DL
models, where the experimental studies had shown the efficiency
of the proposed algorithm.
6.2. Model ensemble

Ensemble learning is a very effective method in machine learn-
ing. By combining multiple models, ensemble learning can obtain
better performance (e.g., higher accuracy, higher robustness, and
lower uncertainty) than a single model. With this concern, Gong
et al. [130] proposed to use a multimodal DE algorithm to optimize
the parameters of multiple networks at the same time, so as to
obtain multiple networks with different parameters but similar
performance for obtaining model ensemble. Moreover, Zhang
et al. [131] used the grouping-based multi-objective EA to search
for a series of DBNs whose model accuracy and model diversity
are not dominated by each other, and then combined these trained
models as the final ensemble model. After this, the weights of the
output of different networks in the ensemble model are further
optimized by a single-objective DE algorithm. Experimental results
show that this method has superior performance in fault predic-
tion and health management applications such as residual useful
life estimation. Similarly, the DBN [132] using the multi-
objective evolutionary ensemble method has also achieved good
results in the application of fault diagnosis. Fielding et al. [133]
selected the network structure represented by the personal best
solution of each particle in PSO as the basic model for the ensem-
ble. As basic models are the optima found by different particles,
these basic models can have a certain diversity and high accuracy,
resulting in the superior performance of the final ensemble model.
6.3. Model pruning

Although a larger and deeper model may bring better perfor-
mance, it will also bring a rapid increase in computational over-
head, storage requirements, and energy consumption, which
limits the application scenarios of the model. Therefore, it is a very
important research problem that how to compress and prune the
existing models so that they can be deployed to various scenarios
with limited resources, energy, and computational ability (e.g.,
mobile phones and edge device). For model pruning, Zhou et al.
[134] proposed the evolutionary compression method to efficiently
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find a suitable deep network structure, and then used the proposed
pruning operator to prune the model. This method has achieved
good results in the segmentation of retinal blood vessels and neu-
ronal membranes. Shu et al. [135] developed a novel co-
evolutionary approach for reducing the memory usage and
floating-point operations per second of the model simultaneously,
which has shown efficiency in the experiments. Moreover, Wu
et al. [136] developed a multi-objective neural network pruning
problem with two conflicting objectives (i.e., the accuracy and
sparse degree), and proposed a multi-objective PSO algorithm to
solve the problem. The experimental results show that the pro-
posed algorithm can prune more than 80% of the weight of
commonly-used models, while not significantly affecting the clas-
sification accuracy of the model, which shows the potential of
compression and pruning optimization.

6.4. Discussion

This part discusses EC methods for model evaluation and uti-
lization, where some representative EC-based methods are com-
pared in Table 5. As shown in Table 5, almost all EC-based
methods are designed for CNNs, and methods for other DL models
might merit further investigation. Moreover, all of the methods in
Table 5 formulate the model evaluation and utilization optimiza-
tion problems as single-objective or multi-objective optimization
problems, which indicate that more model evaluation and utiliza-
tion characteristics, such as large-scale, multi-modal, and con-
strained, might be considered to design better methods. In
addition, more types of EC algorithms, e.g., ACO [137,138], have
not been sufficiently investigated so far, which may deserve more
attention.
7. Potential future research directions

As mentioned in the Section 2–6, many researchers have been
successfully realized and made good progresses on the idea of
using EC to improve DL. Moreover, we can summary the major
technical difficulties when using EC for optimizing DL from the
above survey and discussions in this section. Table 6 provides the
common technical difficulties when using EC for enhancing DL in
data processing, model search, model training, and model evalua-
tion and utilization, respectively. As can be seen, solution encoding,
large-scale search space, and expensive time and computational
cost are common difficulties in different EDL procedures. In fact,
these difficulties become more obvious as the model goes deeper



Table 5
Comparisons of Some EC-based Model Evaluation and Utilization Methods with Distinct Characteristics.

Method For model evaluation For model utilization Type of targeted
model

Type of EC

One-pixel attack [127] Adversarial sample optimization to evaluate model
robustness and vulnerability

– CNN DE

Black box attacks [128] Adversarial sample optimization to evaluate model
robustness and vulnerability

– CNN GA

MOEA-APGA [129] Multi-objective adversarial sample optimization – CNN Multi-
objective GA

multi-objective
ensemble [132]

– Multi-objective optimization for
ensemble weight

DBN Multi-
objective EA

SOBAE [133] – Ensemble of best networks found by
particles

CNN PSO

ECDNN [134] – Model pruning CNN EA
MOPSO [136] – Multi-objective network pruning CNN PSO

Table 6
Common Technical Difficulties in Different Procedures of EDL.

EDL Procedure Common technical difficulties

EC for data processing � Solution encoding
� Large-scale search space
� Expensive time and computational
cost

EC for model search � Solution encoding
� Large-scale search space
� Mixed variable optimization
� Interpretability of the found model
� Expensive time and computational
cost

EC for model training � Solution encoding
� Large-scale search space
� Expensive time and computational
cost

EC for model evaluation and
utilization

� Solution encoding
� Large-scale search space
� Expensive time and computational
cost
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and the data becomes bigger. Moreover, as shown in Table 6, EC for
model search often encounters more difficulties than other proce-
dures, e.g., the mixed variable optimization for hyperparameter
optimization. This indicates that more issues and problems need
to be addressed better when designing EC algorithms for model
motivate

Application

Algorithm

Resource
Benc

A

support

support

Fig. 10. Some potential future
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search. Therefore, it is no wonder that most of existing EDL
researches cover the procedure of EC for model search.

Moreover, we find that the research in this field is not system-
atic enough, and there are still many problems that are worth fur-
ther investigation and exploration in the future. Therefore, this
section will also discuss some prospective research directions to
inspire more thorough and in-depth research into EDL, which can
also be significant research topics in EDL in the near future. To
be more specific, the following contents will consider and discuss
five potential future directions from three levels, i.e., resource-
algorithm-application levels, as illustrated in Fig. 10.
7.1. Benchmark, toolbox, and platform for EDL

Although many EDL methods have been proposed, it is not easy
to compare existing methods under the same conditions, which
pose great challenges to the analysis and investigation of different
EDL methods. This is mainly due to that most comparisons do not
adopt the same experimental setting and datasets and different
EDL methods usually have distinct encoding schemes, search
space, and training tricks including data processing methods. For
example, when considering two EDL methods with different
encoding schemes and search space for architecture search, the
best model found by one method may never be generated by the
Applications of EDL

Efficiency of EDL

hmark, toolbox, and platform for 
EDL

Interpretability of EDL

pproaches for insufficient data

research directions of EDL.
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other method. Moreover, some widely-used search spaces of net-
work architecture are poorly constructed and sometimes random
search in such search spaces can perform better than other search
methods [139], which are not suitable for investigating the search
efficiency of different EDL methods. Recently, some researches
have made attempts to propose EDL datasets to evaluate the search
efficiency of EDL methods. For example, Duan et al. [140] proposed
a benchmark dataset named TransNAS-Bench-101 across seven
tasks for investigating the transferability and generalizability of
architecture search methods. In this dataset, all possible DNN
architectures in the pre-defined search space of each task have
been fully trained in advance. With this dataset, different EDL
methods can employ the same search space for the corresponding
task to guarantee the fairness of comparison. Furthermore, there is
no need to conduct the time-consuming training process during
architecture evolution, because all possible DNN architectures
have been pre-trained. Therefore, such a benchmark reduces the
time and computational cost and allows the researchers to focus
on designing and developing more effective EDL methods. How-
ever, there is still a need for benchmarks that include more com-
plex EDL problems with various difficulties and characteristics,
such as the large-scale [141], and dynamic [142], and multimodal
characteristics [143,144]. Furthermore, benchmarks for other
issues, e.g., hyperparameter optimization, model ensemble, model
pruning, are also worthy of study.

Besides benchmark, it is also highly desirable to develop an
open EDL toolbox and platform for easy usage and integration of
new EDL methods. This would facilitate the empirical studies of
EDL methods, and lower the barriers faced by new researchers
and practitioners in related fields. Although developing an EDL
toolbox and platform that contain representative EDL methods
and benchmarks can be very challenging, it has substantial aca-
demic and practical significance and it is expected by researchers
and users of various fields.

7.2. Approaches for insufficient data

EDL often requires a substantial amount of labeled data to train
and validate models. However, in real-world applications, the
amount of labeled data is frequently limited, which poses great
challenges to EDL. Moreover, available unlabeled data can be of
great amount but they are usually wasted or not well utilized in
real-world problems. Some approaches for overcoming these chal-
lenges have been researched for DL recently, such as meta-learning
[145], unsupervised learning [146], and self-supervised learning
[147], which have shown promising results. However, these works
are not yet sufficient for real-world applications nowadays. There-
fore, how to better integrate EDL and these approaches deserve
further exploration.

7.3. Efficiency of EDL

As the fitness evaluation of EDL (i.e., training and validating the
model) is typically computationally expensive, especially for big
data application problems, it is vitally essential to increase the effi-
ciency of EDL, i.e., reduce computational cost. Similar to the con-
tents discussed in Section 5.3, there can be two ways to
accomplish this goal: 1) minimize the overall number of required
fitness evaluations (i.e., model training) as much as possible, and
2) reduce the average cost of assessing a fitness evaluation. The
first way indicates to propose and use more advanced EC to find
the global optimum more efficiently, so that the required number
of fitness evaluations can be cut down. That is, the population size
of the EC or/and the generation of the evolution are reduced. The
second way requires efficient and effective evaluation methods
to substitute the original expensive evaluations, so as to decrease
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the average cost for each evaluation. These two approaches can
be commonly-seen in EC for complex optimization problems, espe-
cially expensive optimization problems [148–150], data-driven
optimization problems [151–154], and large-scale optimization
problems [155–159]. In fact, the EDL is similar to these optimiza-
tion problems in that their fitness evaluations are computationally
expensive. Therefore, the EC-based techniques for these optimiza-
tion problems can be also referenced to help improve the efficiency
of EDL.

Moreover, when considering the efficiency of EDL, it is also of
great need to study the tradeoff between computational complex-
ity and model accuracy in EDL, because both the DL models and EC
algorithms have high-computational complexity. As the computa-
tional complexity and model accuracy are two different metrics,
some researches considered the trade-off as a multi-objective opti-
mization problem. For example, Lu et al. [95] proposed to search
the optimal architectures under multiple objectives, including pre-
diction performance (for model accuracy) and floating-point oper-
ations (for computational complexity). Different from the multi-
objective approach, Sun et al. [109] compared the consumed GPU
days of different EDL methods when the accuracy of found model
satisfies a pre-defined condition, so as to compare the efficiency
of different EDL methods. However, the study about the tradeoff
between computational complexity and model accuracy in EDL is
still insufficient, which requires further studies.

7.4. Interpretability of EDL

As the EDL becomes more complex, it will be more difficult to
clarify why and how the EDL can get better results. Moreover, deep
models are usually uninterpretable due to the enormous number
of learned features, which is a big barrier to their applications in
real-world problems. Although some studies [160] have used EC
to automatically design interpretable NNs, these works only aim
at shallow NNs and the number of the generated features is rela-
tively small. Therefore, more studies towards EDL with high perfor-
mance and improved interpretability are essential.

Moreover, the evolution process can be more interpretable if
the EDL can be integrated with some experiences and knowledge
of experts. Generally speaking, if a manually designed model is rec-
ommended by experts or is possibly suitable for the new target
real-world application, this model can be considered as a candidate
solution in the initialization procedure of EDL, and then the EDL
can find better models based on this model. Therefore, the experi-
ences and knowledge of experts can be integrated with or embed-
ded into the EDL, so as to automatically evolve promising models
more efficiently and more interpretable.

7.5. Applications of EDL

Since EDL has shown superior performance in common data-
sets, these efficient methods should be extended to practical appli-
cation problems in the next step. Moreover, as EDL has the
advantages of self-adjustment, self-learning, and self-evolution,
they have the potential to be applied to various types of application
problems. In addition, in the process of applying EDL to practical
problems, it is possible to inspire new ideas and form a series of
breakthrough methods and technologies with strong generaliza-
tion ability. Therefore, applying EDL to a wide range of real-
world applications can also be a promising research direction.
8. Conclusion

This paper systematically summarizes existing EDL works, i.e.,
the methods and technologies for optimizing DL using EC. The
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existing EDL works are categorized into four categories according
to the four procedures in the whole lifetime of DL, namely EC for
data processing, model search, model training, and model evalua-
tion and utilization. In each category, the usage of EC is further
classified according to their motivations and aims. Such hierarchi-
cal categorization helps to better understand when and how EC can
be used to improve DL. At the same time, this survey reveals the
reasons and ways that EC can improve DL performance in different
aspects. Finally, based on the overview and classification of exist-
ing work, this paper discusses and prospects some potential
research directions in the future. We hope this survey can well-
organize existing works, inspire new ideas, raise more and greater
attentions, and extend wider and deeper research in this emerging,
exciting, and interesting field.
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