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Abstract. In recent years, research on ensemble learning of neural networks is
very popular. As a research hotspot in the field of machine learning, ensemble
learning methods can effectively improve the accuracy and generalization of deep
network models, but not all neural networks are suitable for participating in the
construction of ensemble model. Deep network ensemble learning requires a sin-
gle neural network participating in the ensemble to have a high accuracy rate,
and there is a large difference between the networks. In the initial stage of deep
network ensemble learning, the generation process of the candidate deep network
set is first required. In this article, a multi-objective evolutionary ensemble model
is improved, and an evolutionary ensemble learning acceleration method based on
Gaussian random field is added before the evaluation of fitness function which can
screen individuals with great potential for improvement in the evaluation of fitness
function during the generation of candidate deep network sets, thereby effectively
improving the quality of the solution and reduce the time spent training neural net-
works. This pre-screening strategy is applied to the solution of the multi-objective
differential evolution algorithm, which can conveniently obtain a large number
of neural network models with high accuracy and large network differences. And
this strategy speeds up the solution process of multi-target algorithm.

Keywords: Gaussian random field · Ensemble learning · Differential evolution
algorithm · Neural network · Deep learning

1 Introduction

Ensemble learning [1] improved the prediction accuracy of the final model by building
and combining multiple basic models. Almost all machine learning algorithms or mod-
els can improve the generalization performance by introducing the idea of ensemble
learning, which makes it a research hotspot in the field of machine learning. With the
development of modern science and technology and the improvement of productivity,
major breakthroughs have been made in computer performance, and the acquisition of
massive data is no longer a difficult task. As a synonym for artificial neural networks,
deep learning [2] has suddenly become the hottest research direction in the field of

© ICST Institute for Computer Sciences, Social Informatics and Telecommunications Engineering 2021
Published by Springer Nature Switzerland AG 2021. All Rights Reserved
H. Song and D. Jiang (Eds.): SIMUtools 2020, LNICST 369, pp. 251–262, 2021.
https://doi.org/10.1007/978-3-030-72792-5_23

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-030-72792-5_23&domain=pdf
https://doi.org/10.1007/978-3-030-72792-5_23


252 G. Xu et al.

machine learning, various algorithms for improving the training speed of neural net-
works have been proposed successively. Based on this, neural networks have achieved
rapid development, and more and more deep network models [3–6] have been proposed
and widely used in various fields such as face recognition, image classification, and
natural language processing.

Because ensemble learning methods have significant advantages in improving gen-
eralization performance, many experts and scholars are committed to combining deep
networks with ensemble learning to further improve the accuracy of neural network
models in various application scenarios [7–9] and specific tasks. If the neural network is
considered as an individual in ensemble learning, it is important to consider that not all
neural networks are suitable for participating in the construction of the ensemble model.
Deep network ensemble learning requires [10] that a single neural network participating
in the ensemble has high accuracy rate, and there are large differences between networks.

In the initial stage of deep network ensemble learning, the process of generating
candidate deep network sets needs to be performed first. In the candidate network gen-
eration stage, a multi-objective algorithm based on differential evolution is used to solve
the problem of generating candidate deep network sets, and the targets to be optimized
are the prediction accuracy of the deep network and the differences between the net-
works. However, since each individual in the population corresponds to a specific neural
network, and the individual needs to train the corresponding neural network when eval-
uating the fitness function, this part will take a lot of time, so pre-screening is required.
An existing pre-screening strategy is a guide model pre-screening strategy, which can
accelerate the evolution rate of the population and find the optimal solution faster, but it
is very expensive in terms of computational cost. This article proposes an evolutionary
ensemble learning acceleration method based on Gaussian random fields, which can
select individuals with great potential for evaluation during the generation of candi-
date deep network sets for fitness function evaluation, thereby effectively improving the
quality of the solution and reducing time spent training a neural network.

The rest of this article is arranged as follows. The second part introduces an existing
multi-objective deep belief networks sensitive (MODBNE) method [11]. The third part
details the evolutionary ensemble learning acceleration method based on Gaussian ran-
dom fields. The fourth part evaluates this method based on the existing two data sets, and
its performance is analyzed. The fifth part summarizes the research results and future
research plans of this article.

2 MODBNE Method

Differential Evolution algorithm [12] (Differential Evolution, DE) was originally pro-
posed byRainer Storn andKenneth Price. The idea is derived from theGeneticAlgorithm
(GA) proposed earlier, and it is also a search and optimization strategy simulating bio-
logical evolution. The multi-objective differential evolution algorithm is often used to
solve multi-objective optimization problems. The multi-objective optimization (MOP)
problem [13] is a mutually exclusive relationship between the objective functions. The
optimization of one goal will inevitably lead to the deterioration of other goals, which
means that there is a trade-off between the various objective functions.
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Zhang C et al.’s article proposes a multi-objective deep belief networks ensemble
(MODBNE) method [11]. In the multi-objective evolutionary ensemble learning model,
the MOEA/D algorithm [14] is integrated with traditional DBN training techniques,
and multiple DBNs are evolved at the same time. Accuracy and diversity are used
as two conflicting goals. The development of ensemble learning groups based on two
goals effectively balances the accuracy and diversity of individuals in the ensemble
learning group, and greatly optimizes the ensemble model. And the evaluation of this
method on theNASAC-MAPSS aero engine data set shows thatMODBNEhas excellent
performance.

In her article,metrics are established for accuracy anddifference. In termsof accuracy
metrics, the problem of maximizing accuracy is converted to the problem of minimizing
error rate. The specific calculation method after converting it into an objective function
is shown in formula (2.1)

minimize: Errm = 1

N

∑N

i=1

(
pim − REALi

)
(2.1)

among themN represents the total number of samples in the data set,Errm represents the
m-th (1 ≤ m ≤ M ) classification error rate (accuracy index) of each network, pim repre-
sents the output result of the m-th neural network on the i-th sample, REALi represents
the true value corresponding to the i-th sample, and agreed to be used in the classification
task when pim is equal to REALi, the difference between the two is 0, otherwise it is 1.

In terms of difference metrics, the differences between the output of neural networks
and other networks are used to characterize the differences between networks. By intro-
ducing the idea of negative correlation learning [15], it can subtly transform the problem
of maximizing the difference between networks into the problem of minimizing the
correlation between networks. Increasing the difference between networks is to reduce
the correlation or similarity between networks. The specific calculation method after
converting it into an objective function is shown in formula (2.2):

minimize: Divm =
∑N

i=1

(
pim − Pi

) ∑M

j=1,j �=m

(
pij − Pi

)
(2.2)

among them M represents the number of basic networks in the deep network set, N
represents the total number of samples in the data set, Divm represents the difference
(correlation) value between the m-th (1 ≤ m ≤ M ) network and other networks, Pi is
the average of the prediction results of theM-th network on the i-th sample, pij represents
the output results of the j-th neural network on the i-th sample.

The article’s way reduces the difficulty of solving effectively by decomposing
the multi-objective optimization problem into N scalar sub problem. First, gener-
ate a distributed average weight vector for all sub problems, and the weight vector
λi = {

λi1, . . . λiF

}
corresponding to the i-th sub problem, and then by calculating the

Euclidean distance between the weight vectors corresponding to the sub problems, we
can get the closest T sub problems of each sub problem (called the neighborhood), the
evolution of the multi-objective algorithm is realized through the information exchange
between adjacent sub-problems.

After getting the corresponding neighborhood of each subproblem, two indexes j
and k are randomly selected from the neighborhood of i-th subproblem. And then get
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the corresponding individuals xig , x
j
g and xkg , get mutant individuals xi

′
g according to

the basic mutation formula of the differential evolution algorithm and add a Gaussian
random variable to each dimensional value of the mutated individual according to the
probability. The specific method is shown in formula (2.3):

xi
′
gx =

⎧
⎨

⎩
xig + F ·

(
xjg − xkg

)
+ rndG(0, σ ) if rndU (0, 1) ≤ 0.5

xig + F ·
(
xjg − xkg

)
otherwise

(2.3)

among them rndU (0, 1) represents the fraction obtained from uniform random sampling
in range of [0, 1], scaling factor F∈ [0, 2], rndG(0, σ ) represents a Gaussian random vec-
tor with mean of 0 and standard deviation σ , and the value of σ is taken as one-twentieth
of the value range of the corresponding dimensional element. In the mutation process
of algorithm evolution, strict boundary control is required for each dimensional element
of the mutant individual. Once the corresponding maximum or minimum boundary is
exceeded, then it is mapped to a reasonable range through a specific operation.

The method mentioned in this article during the evaluation stage of the implemen-
tation of the multi-objective differential evolution algorithm requires the evaluation of
fitness functions for all mutated new individuals one by one, which greatly wastes com-
puting power and time. So this paper proposes to use an evolutionary ensemble learning
acceleration method based on Gaussian random field before the fitness function evalua-
tion. Calculate the increasable probability of all new mutant individuals by establishing
a pre-screening model. The fitness function evaluation was performed on individuals
with higher upgradeable probability, and Individuals with lower promotion probability
are directly discarded. This pre-screening model can effectively reduce the number of
fitness function evaluations and speed up the solution process of the multi-objective
algorithm.

Begin

Initialization

Building an external 
storage collection

Differential 
mutation

 Meet termination 
conditions ?

Output the 
external storage 

collection
end

Pre-screening
Fitness 

evaluation
Neighborhood 
replacement

Update the external 
storage collection 
and reference points

g=g+1

No

Yes

Fig. 1. The flow chart of multi-objective differential evolution algorithm based on Gaussian
random field.
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3 Multi-objective Differential Evolution Algorithm Based
on Gaussian Random Field

As shown in Fig. 1, before the population initialization, the accuracy rate objective func-
tion is first measured and a single-objective evolutionary algorithm is used to initialize
the population. The condition for stopping the iteration of this step is that the network
accuracy of all individuals in a certain generation of population is greater than a certain
threshold. Then all the individuals in the population are stored in the constructed exter-
nal storage set, and the weight vectors and reference points are initialized to determine
whether the population meets the termination conditions. If the termination conditions
are not met, then the MOEA/D algorithm is used to make the difference mutation oper-
ation, and use Gaussian random field model to predict the fitness value of the mutated
new individual, and use the predicted value of fitness to substitute into the sub problem
corresponding to the individual to calculate the function value’s PoI of the scalar sub
problem (Possible boost value). If the value of PoI is greater than or equal to 0.5, it indi-
cates that the mutant individual may be better, then it is evaluated using the true fitness
function, and finally the neighborhood is replaced, and the reference point information
and the external storage set are updated, while the evolution generation g = g + 1, then
determine whether the population meets the termination conditions. If the termination
conditions are met, the external storage set is directly output, and the algorithm ends.

3.1 Prediction of Fitness Value Using Gaussian Random Field Model

Michael TMet al. [16] proposed ameta-modelmethod based on aGaussian randomfield,
which can effectively reduce the number of fitness function evaluations of the evolution-
ary algorithm in the optimization process. The basic principle is before performing the
true fitness function evaluation, using the evaluated solution to build a Gaussian random
field model, and then predicting the value of the function corresponding to the unknown
solution. By setting a pre-screening rule, only those solutions with a large improvement
space are retained, thereby achieving the purpose of reducing the true fitness function
evaluation: Compared with other agent models, Gaussian random field models generally
takemore accurate results whenmaking predictions because of the variance information.

The Gaussian random fieldmodel is mainly based on the following two assumptions:

(1) In terms of a time-consuming function y = g(x), x ∈ Rn, the Gaussian random field
model assumes that it obeys the normal distribution of mean value μ and variance
δ2.

(2) In any x, x′ ∈ Rn, c
(
x, x′) = exp

[−d
(
x, x′)] is a correlation function, represents the

correlation between g(x) and g
(
x′). Among them, d

(
x, x′) = ∑n

i=1 θi
∣∣xi − x′

i

∣∣pi ,
the value of the correlation function is only related to the size of

(
x − x′). The larger(

x − x′) is, the less correlation is and vice versa.
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If we know K points x1, x2, . . . , xK ∈ Rn and their corresponding function values
are y1, y2, . . . , yK , Super parameter μ, δ, θ1, . . . , θn, p1, . . . , pn can be given by the
following maximum likelihood estimate:

PDF = 1(
2πδ2

)√
det(C)

exp

[
− (y − μ1)TC−1(y − μ1)

2δ2

]
(3.1)

among them C is an K × K Matrix of, and Ci,j = c
(
xi, xj

)
, y = (

y1, y2, . . . yK
)
as well

as 1 is all K dimensional column vector. To maximize the likelihood function pdf, there

must be μ = 1TC−1y
1TC−11

, δ2 = (y−1μ)TC−1(y−1μ)
K .

The unbiased estimate ofg(x) is c, variance ŝ2(x) = δ̂2
[
1 − rTC−1r + (1−1TC−1r)2

1TC−11

]
.

Among them r = (
c
(
x, x1

)
, c

(
x, x2

)
, . . . , c

(
x, xK

))T
, it can be considered g(x) obeys

N
(
ŷ(x), ŝ2(x)

)
.

TheGaussian randomfieldmodel can effectively reduce the number of evaluations of
the fitness function of the optimization algorithm in the optimization process. Although
it takes a lot of time to build a Gaussian random field model, for the problem of time-
consuming fitness function evaluation, the method can effectively reduce the solution
time of the optimization problem.

Each time the fitness function evaluation is performed on an individual in this article,
the specific neural network corresponding to the individual needs to be trained, and the
training of the neural network is time consuming. In order to reduce the number of fitness
function evaluations in the multi-objective algorithm, this article uses Gaussian random
field model to predict fitness values for mutated new individuals.

Suppose fi(x) obeys the mean value of ŷi(x), the normal distribution of variance
ŝ2i (x), that is fi(x) ∼ N

(
ŷi(x), ŝ2i (x)

)
holds for any i = 1, 2, . . .m, wherem represents the

number of objective functions. Therefore, each independent subproblem gte(x|λ, z∗) =
max
1≤i≤m

{
λi

(
fi(x) − z∗i

)}
has λi

(
fi(x) − z∗i

) ∼ N
(
λi

(
ŷi(x) − z∗i

)
,

[
λi ŝ2i (x)

] )
after decom-

posing themulti-objective problem based on Chebyshev decompositionmethod, accord-
ing to the research in the article [16] we can get the normal distribution that gte(x|λ, z∗)
obeys the mean value ŷte and the variance (ŝte)2, that is, the function value of gte(x|λ, z∗)
can be estimated by ŷi(x) and ŝ2i (x), the specific calculation method of ŷte is shown in
formula (3.2):

ŷte = μ1Φ(α) + μ2Φ(−α) + τφ(α) (3.2)

Where μi = λi
(
ŷi(x) − z∗i

)
, reference point z∗ = (

z∗1 , z∗2 , . . . , z∗m
)
for ∀i = 1, · · · ,m

has z∗i = min{fi(x)|x ∈ Ω}, τ =
√[

λ1ŝ1(x)]2+
[
λ2ŝ2(x)]2, α = (μ1 − μ2)/τ , φ(t) =

(
2π)−1/2exp(−t2/2

)
and Φ(t) = ∫t−∞ φ(θ)dθ .

PoI(x) = ∫fmin−∞ ϕ(y)dy = Φ

(
I(x)

ŝ(x)

)
(3.3)
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Where x represents a solutionvector, I(x) = fmin−ŷ(x), fmin represent theminimumvalue
(unknownvalue) of thefitness function.This article theminimumfunctionvalue obtained
in the evolution process is used to replace fmin. ŷ(x) as well as ŝ(x) sees the specific
definition above, PoI(x) represents the possible improvement probability corresponding
to the solution vector x, which is about 0.5.

First, record the individuals evaluated and their corresponding fitness function values
in the set Seval during the population initialization process and then each time a new
mutant individual is obtained, first select 2d individuals from Seval (d represents the
dimension of the search space) during the evolution of the algorithm, and establish
a Gaussian random field model, and then calculate the fitness prediction value of the
mutated individual. Then use the predicted value of the fitness value to substitute into the
sub-problem corresponding to the individual to calculate the function value’s PoI of the
sub quantum problem (Possible boost value), here PoI is defined as shown in formula
(3.3), and finally predict the probability that an individual may be improved according
to PoI .

3.2 Acceleration Algorithm Based on Gaussian Random Field

When the multi-objective differential evolution algorithm is executed, the final gen-
eration population obtained in advance is used as the initial population, and then the
external storage set is constructed by the fitness function outEP, used to calculate the
value of the difference objective function. After the algorithm is executed, all the indi-
viduals in the external storage set are the candidate network set. In addition, in order to
prevent the individuals with lower accuracy generated during the mutation process from
being excessively guided the algorithm searches in the direction of difference. Before
updating the reference point, it is necessary to determine whether the accuracy of the
network corresponding to the mutant individual is greater than the threshold r1. If the
accuracy is greater than r1, the reference point is updated, otherwise the reference point
is not updated. Where the reference point z∗ = (

z∗1 , z∗2 , . . . , z∗m
)
has formula (3.4) for

∀i = 1, · · · ,m

z∗i = min{fi(x)|x ∈ Ω} (3.4)

When performing a neighborhood replacement operation, the i-th individual’s (sub-
problem)T neighboring individuals is judged, and when the formula (3.5) is satisfied,
the corresponding domain individuals are replaced with mutant individuals.

max
nf ∈{1,...m} λ

i
nf ·

∣∣∣znf
(
xig

)
− z∗nf

∣∣∣ ≤ max
nf ∈{1,...m} λ

is
nf ·

∣∣∣znf
(
xisg

)
− z∗nf

∣∣∣ (3.5)

Where is is the element of the neighborhood B(i) corresponding to the i-th individual.
It can be seen from the above, the accuracy of the mutant individuals is controlled
here in this article, and only when the network accuracy of the mutant individuals is
greater than the threshold r1 and the replacement condition shown in formula (3.5) is
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satisfied, perform neighborhood replacement operation. This is to avoid the situation
where individuals with higher accuracy are replaced by individuals with lower accuracy.
The specific operation of the multi-objective differential evolution algorithm based on
Gaussian random field is as follows:

Input M (the number of basic networks in the deep network set), T (the number of
weight vectors in the neighborhood of each weight vector), G (the maximum population
number), r1 (the threshold for updating outEP).

The first step is to obtain the initial population through a single-objective evolution
algorithm, calculate the fitness of all individuals, and add them to outEP and Seval.

The second step is to generate uniformly distributed M weight vectors λ1, …, λM.
For each i in {1, …, M}, by calculating the Euclidean distance between the two vectors,
find the T closest weight vectors, then add them to B(i). And initialize the reference
point z*.

In the third step, a mutant individual is generated according to formula (2.3) for each
g in {1,…, G} and each i in {1, …, M}. If the elements of the mutant individuals exceed
the boundary, then reset within boundary.

The fourth step is to construct a Gaussian random field model based on Seval and
predict xi

′
g ’s fitness. Use the fitness function to predict thePoI of g

te according to formula
(3.2) and formula (3.3). If the value of PoI is less than 0.5, it indicates that the individual
is unlikely to achieve improvement, so it is abandoned to evaluate the fitness function. If
the value of PoI is greater than or equal to 0.5, it indicates that the mutant individual may
be better, and then it is evaluated using the true fitness function and added to the evaluated
set Seval for future use, the reference point z* is then updated, and the neighborhood is
updated with formula (3.5). On this basis, if the network accuracy is greater than r1, the
mutation individual is recorded and the outEP is updated. The algorithm ends.

The pseudo code of the above steps is shown in Algorithm 3.2.
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Whenusing the algorithmproposed in this article to solve a problemofd -dimensional
search space, the main steps are generating mutant individuals, establishing the high
random field model, replacing individual neighborhoods, and updating reference points.
Among them, the most time-consuming is to build a Gaussian random field model,
whose time complexity isO

(
d3

)
. Therefore, the total time complexity of the entiremulti-

objective evolutionary algorithm is O
(
G ∗ N ∗ d3

)
, among them G is the evolutionary

generation of the multi-objective evolution algorithm, N represents population size.

4 Experiment

In the experiments of this article, the last-generation population of the single-objective
evolutionary algorithm is used as the initial population of the multi-objective optimiza-
tion algorithm, which not only ensures the accuracy of the deep network corresponding
to each individual in the initial population is sufficiently high, but alsomakes the calcula-
tion of the difference between the netwks meaningful. In order to verify the effectiveness
of the multi-objective differential evolution algorithm based on the Gaussian random
field in reducing running time, while the overall algorithm setting remains unchanged,
five experiments were carried out to test whether the accelerated evolutionary ensemble
learning method based on Gaussian random field was set up or not to eliminate the
chance of the experiment and ensure the accuracy of the experimental results as much
as possible. Take the average of the experimental results and round up the running time.
The performance of the ensemble model in MNIST test set and fashion MNIST test
set and the running time of multi-objective part are obtained under the two conditions
of whether the pre- screening strategy is set or not. The specific experimental data are
shown in Table 1 and Table 2.

Table 1. The influence of pre-screening strategy based on Gaussian random field on the results
(MNIST).

Pre-screening
strategy

Training set
accuracy
(%)

Verification set
accuracy
(%)

Test set accuracy
(%)

Multi-objective
algorithm running
time
(s)

No 99.7453 99.5840 99.4390 22432

Yes 99.7592 99.6150 99.4750 19389

With the same population size and evolutionary generation, it can be seen from the
experimental data in Tables 1 and 2 that the evolutionary ensemble learning acceleration
methodbasedonGaussian randomfields can effectively reduce the running timeofmulti-
objective algorithms under the premise of ensuring high accuracy, which is because the
pre-screening strategy can reduce the algorithm’s evaluate of fitness function for those
individuals who have no obvious improvement possibility, thereby reducing the time to
train the corresponding neural network. However, the proportion of time improvement
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Table 2. The influence of pre-screening strategy based on Gaussian random field on the results
(Fashion-MNIST).

Pre-screening
strategy

Training set
accuracy
(%)

Verification set
accuracy
(%)

Test set accuracy
(%)

Multi-objective
algorithm running
time
(s)

No 96.7853 92.9400 92.8300 23452

Yes 96.6764 93.4800 93.1200 19947

is limited, which may be related to the time consumption of establishing a Gaussian
random field. And as the number of evaluated individuals increases, the time it takes
to calculate the correlation between unrated individuals and evaluated individuals also
increases.

It can be seen that the ensemble model obtained by the overall algorithm of the
evolutionary ensemble learning acceleration method based on the Gaussian random
field is only slightly improved in the accuracy index compared to the ensemble model
obtainedwithout the pre-screening strategy. During the experiment, it was found that this
situation may be related to the less evolutionary algebra of the evolutionary algorithm.
The reason is that when the evolutionary algebra is less, the amount of data in the set
of evaluated individuals may not be very sufficient, so when building the Gauss random
field model, because the correlation between the non-evaluated solution and the known
solution is weak, the fitness prediction is not particularly accurate, which leads to the
limited performance improvement of the final ensemble network. In the future, more
complete experiments will be used to verify this problem.

To sum up, the pre-screening strategy based on the Gaussian random field model
can effectively improve the generation efficiency of candidate deep network sets and
effectively shorten the running time. And at the same time, the integratedmodel obtained
by this strategy also guarantees a high accuracy rate when verified on the MNIST and
Fashion-MNIST data sets.

5 Conclusion and Future Work

This article mainly proposes an acceleration method of evolutionary ensemble learning
based on Gaussian random field. This method is applied to the solution process based
on the multi-objective differential evolution algorithm, which effectively reduces the
number of evaluations of the adaptation function and the running time of the multi-
objective algorithm, therebymaking obtain the appropriate network set accurately faster.
The experimental results show that the method can effectively reduce the algorithm to
evaluate the fitness function of those individuals without obvious improvement. And it
can conveniently obtain a large number of neural network model with high accuracy and
large network differences.
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In future work, consider using other methods and models to improve the pre-
screening strategy, as well as using more effective methods to optimize the two metrics
of accuracy and disparity of the multi-objective differential evolution algorithm.

This paper is funded by the project 202010145225 supported by National Training
Program of Innovation and Entrepreneurship for Undergraduates. And this paper is
supported by “the Fundamental Research Funds for the Central Universities” (project
approval number: N182410001).
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