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Abstract

The correct setting of hidden layer parameters are crucial to learning results and
generalization ability of Extreme Learning Machine (ELM). In order to improve the ELM
classification accuracy and generalization ability, the parameters which based on
Modified Differentia/ Evolution (MDE) algorithm is proposed. In this paper, parameters’
selection is regarded as compound optimization problem and a MDE algorithm was
proposed to select suitable parameters value. The experiment results demonstrate that the
ELM based on MDE has better approximation performance and good generalization
performance. Meanwhile, the MDE algorithm to optimize the parameters of hidden layer
ELM selection which could improve the convergence rate of original differential evolution
algorithm, accelerated the speed of ELM search parameters, and improved the ELM
classification accuracy. Furthermore, it has the superior capability of function
approximation, good global convergence ability and high optimization precision.

Keywords: Extreme Learning Machine; parameters selected; Modified Differential
Evolution; function approximation

1. Introduction

Extreme learning machine (ELM) have been investigated in Huang et al. It was easily
wielded, effective single-hidden layer feed forward neural network [1]. It should be noted
that the input weights (linking the input layer to the first hidden layer) and hidden layer
biases needed to randomly allocated. Output layer weights directly calculated by the least
squares method. The whole learning process once completed, no iteration, which can
achieve fast learning speed. At present, parameter selection have no uniform standard and
theory, people tended to depending on their experience or use cross-validation methods.
Optimum parameters obtained by large number of tests. However, this method is
time-consuming and the obtained parameters are not necessarily the best. Differential
Evolution (DE) algorithm is proposed by Store and Price in 1995 as a novel intelligent
optimization algorithm. It is based on groups heuristic search algorithm. Through
cooperation and competition between individuals within populations to achieving the
optimization problem solving. DE algorithm is a global optimization algorithm following
the genetic algorithm. Which is conducive to maintaining the diversity. In addition to its
fast convergence speed and good robust property, DE is a simple and efficient method for
solving the global optimization problems. The input weights and hidden layer biases need
to be adjusted in all these previous theoretical research works, as well as in almost all
practical learning algorithms of feed forward neural networks.

In recent years, a number of parameters optimization methods was proposed. Ref [2]
using gradient descent conduct parameter optimization. Although this method shortens
the search time parameters but it requires a higher initial point selected. It is a linear
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search method, which can easily fall into local optimum. Ref [3] proposed genetic
algorithm, Ref [4] proposed particle swarm optimization, Ref [5] proposed ant colony
algorithm. They are separately make optimization selection for ELM parameters of
hidden layer. These intelligent algorithms although reducing dependence on initial
selection, and the algorithm principles and ideas more complex. Different optimization
problems need to design different crossover, mutation and selection mode. Ref [6, 7]
proposed differential evolution algorithm and applied it in parameter selection of support
vector machine (SVM) or ELM. Accelerating the search speed parameters while
improving the classification accuracy of SVM or ELM.

In order to improve method of the selection ELM parameters based on MDE algorithm,
a optimizing the parameter of ELM hidden layer has been proposed. The optimizing
criteria has been set under the rule which depends on minimizing the misjudgment rate,
which a target function has been built. The optimal choice for the ELM input weights and
thresholds (hidden layer bias) has been made through MDE algorithm in order to enhance
the study ability and expand ELM's application. So as to improve the ELM learning
capability and expanded it scope of application. The ELM based on MDE has better
approximation performance and good generalization performance. Meanwhile, the MDE
algorithm to optimizing the parameters of hidden layer ELM which could improve the
convergence rate of original DE algorithm, accelerated the speed of ELM search
parameters, and improved the ELM classification accuracy. Furthermore, it has the more
excellent capability of function approximation, good global convergence ability and high
optimization precision.

2. Extreme Learning Machine and Differential Evolution

2.1 Extreme Learning Machine

For N arbitrary distinct samples(xj,tj)e R"xR™, standard SLFNs with N hidden

neurons and activation function g(x) are mathematically modeled as [7]

N N

Zﬂig(xj)=§ ﬂig(wiX,-+bi)=oj 1)
i=1 i=1

Where ; =[wy, w;,,---;, || is the weight vector connecting the ith hidden neuron and

the input neurons, S =By, B, Bin] is the weight vector connecting the ith hidden

neuron and the output neurons, and bi is the threshold of the ith hidden neuron. w; - X
denotes the inner product of w; and X;.

The fact that standard SLFNs with N hidden neurons each with activation function

N
g(x) approximate these N samples errors can be zero, means that 2"0 |-t j||:o,i,e ,there
j=1

N
exist B, w; and b; such that Zﬁig(a)ixj+bi)=tj, j=212.---,N .The above N
i=1
equations can be written as: Hf = T. where
;

g(wx, +b) - g(a),qx1+bﬁ) B’ t,
H=) .. : =1L 1=
T

g(w1XN+b1) g(wNXN+bN) N By | - Iy

Nxm Nxm

T

H is called the hidden layer output matrix of the SLFN, the ith column of H is the ith
hidden node output with respect to inputs is called the hidden layer feature mapping. The
ith row of H is the hidden layer feature mapping with respect to the ith input. It has been
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proved [8] that from the interpolation capability point of view, if the activation function g
is infinitely differentiable in any interval the hidden layer parameters can be randomly
generated. The original ELM algorithm can be summarized as follows

Given the training set N = {(xj,t]}xj eR"t; eR",] =1,2.---,N} and the
activation function is g(x), N is the number of hidden nodes.
1 Randomly selected input weights w;and the threshold b;.
2 Calculation the hidden layer output matrix H.

3 Calculate the output weights g, B =H'T where H* is the Moore-Penrose
generalized inverse of matrix H.

2.2 Modified Differential Evolution

1) Basic Differential Evolution

Differential Evolution is a population-based evolutionary algorithm. Individuals with
memory and optimal information sharing within population characteristics. That is the
solution to the optimization problem through cooperation and competition between
individuals within populations [9]. Firstly, set of random initialization of the
population x°=[x,x2, -3, -

Np is the number of members in a population. It is not changed during the evolution
process. The initial population is chosen randomly with uniform distribution in the search
space. After a series of predetermined operation, the S-Generation individual
evolved xs — I:Xis’v NP XiS,D] .

In the formulas, a set of D optimization parameters is called an individual. It is
represent by a D-dimensional parameter vector.

DE has three operations: mutation, crossover and selection. Subtracted the parent of
two different random individuals, obtaining the difference vector, then added to the first
three randomly selected individuals. Generate a variation of the individual. Next,
according to a certain probability placed crossover between the parents individuals, the
individual variation will be generated a test subject. Then operated selection according to
the size of the individual. Choose the better individual fitness as a child, to ensuring the
evolution toward optimal direction [10].

a) Mutation
Using equation (4), for each target vector x; , a mutant vector v'** is generated

according to
t+1 t t t
v, :xﬁ+F-(xr2—xr3) (2)
The ry, rzand rs are randomly chosen indexes anr,,r,,r, €{1.2,--,N,}. Note that indexes

must be different from each other. F is a real number to control the amplification of the
difference vector(xﬁz - x;) . According to Ref [6], the range of F is in(O, 2]. If a component

of a mutant vector goes off the search space, then this component is set to bound value.

b) Crossover

To increasing the diversity of the parameter vector, introduction of crossover operator.
The target vector is mixed with the mutated vector, using the following scheme, to yield
the trial vector u.
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ij

|, rand(j)>CR and j# randn(i)

@)

B {vv‘.+1 rand(j)<CR or j=randn(i)
i

Where j=1,2,...,D,rand(j) €[0,1] is the j,, evaluation of a uniform random generator
number, CR e[0,1]is the crossover probability constant, which has to be determined

previously by the user. randn(i) e {L2,---, D}is a randomly chosen index which ensures

thatu; gets at least one element from vi”l. Additionally, the population have not new

parents vector would be joined so it will not change.

c) Selection
DE adapts greedy selection strategy. If the trial vector u, yields a better fitness

function value thanx.', where U, is set tox"*. Otherwise, the old value x,' is retained.
In this paper the minimization optimization is considered. The selection operator is as
following.

i {ui‘“, Fui™) < f(x)

R ETR IO ER I

(4)
Among them, J as fitness function.

2) Time-varying Crossover Probability Strategy

From the crossover operator equation (3), we can see that with the increasing of
iteration times the CR becomes larger accordingly from a littler value, then the xit

contribute more to theu, in the beginning stage and vi”lhas more contribution to the

u;in the later stage. As a result, the algorithm has good global exploration ability in the
beginning stage and has good local searching ability in the later stage [11].

Various methods have been proposed in order to speed up the convergence rate and
avoided premature convergence, this paper introduced a Time-varying crossover
probability strategy. Supposed g was the current iteration and G was the maximum
iteration times, the time-varying crossover probability constant CR is determined as the
following equation:

CR =CR,, + S =rmx —=Tmin) (CRWG_ CRon) ()

Where the CR nin, CR max are the minimum crossover probability constant and the
maximum crossover probability constant respectively. So crossover probability factor
with the iterative algorithm proceeds linearly increases. CR too large, in favor of local
search and accelerate the convergence rate. On the contrary, CR is conducive to
maintaining population diversity and conduct global search. Good search strategy should
be to keep the population diversity and global search in the initial stage of the search. In
the latter part of the search should strengthen the local search capability to improve the
accuracy of the algorithm. In the search process, dynamically change the value of CR
according to population diversity.

Root causes of premature convergence is the iteration count increases and the rapid
decline of population diversity, there has been a ‘gathering’. In order to quantitatively
describe the state of the population, the following definitions are given group fitness
variance.

Definition 1 Let population size is Ny, fi is the ith individual fitness, faygis the current

average fitness of the population. So 52 can be defined as:
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2
Np

5t=>

i=0

fi - favg

. (6)

Where f is the normalized scaling factor, its role is limited to the size of 52, whose
value is

. ={max{fi—favg}, max{fi—f }>1 (7

avg

1, other

Definition 1 shows that group fitness variance 52 reflecting the degree of aggregation
of all individuals in the population. On the contrary, populations are in random search
stage. During the DE algorithm, if the group fitness variance equal to zero, the optimal
solution is not theoretical optimal solution obtained at this time. The population into a
local optimum and the algorithm premature convergence.

3. MDE Algorithm of ELM Parameter Optimization

Traditional ELM network structure set by the user experience, and needed too many
times experiment .The test results in order to selecting the appropriate network
architecture as the ultimate network model for training and testing. This method is
complicated and time-consuming, increasing artificial workload and needing to constantly
adjust the network structure replicates. Presented an optimization method of
ELM--Extreme Learning Machine based on the Modified Differential Evolution.

For different problems, MDE_ELM algorithm through improved differential evolution
of global optimization capabilities, made the input weights and thresholds (hidden layer
offset) to be more effective. And improved the ELM hidden layer node effectiveness.
Thereby enhancing the learning capacity of the whole and extended the applicable scope
of ELM. Optimized network structure made ELM effectively adapt to different problems
with least human intervene.

3.1 Network Structure of ELM

ELM structural factors mainly refers to the number of network nodes hidden layer
affect the ability of generalization. Research has shown that the number of hidden layer
nodes too little can limited ability to learn, and cause learning task cannot be completed.
Excessive can lead to "over-fitting" phenomenon, and reduce the generalization ability of
the network. Met the accuracy requirements, less of nodes would be better when users
design ELM network structure. ELM network optimization evolutionary algorithm is
mainly dependent on the fitness function to guide the search strategy. Therefore, the
definition of the fitness function is particularly important.

3.2 Fitness Function

Evolutionary algorithms are mainly dependent on the fitness function to guide the
search strategy. Therefore, the definition of the fitness function is particularly important.
Optimization objective function defined here is individual fitness function.
min f = k[ﬁjml+iz "‘ZJ (8)

nl nZ

Where m;,m, represent the number of samples types of false positives. n,n,

represent two types of the number of samples. ™. M2 are misdiagnosis rate of category 1

nl r]2
and misdiagnosis rate of category 2. k is a scaling factor. Can be used to control variety of
the objective function value. 4,4, e[O,l] are misjudgment categories of the control
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factor. Can be controlled by the size of 1, 4,.

3.3 Optimization procedures of MDE

The searching procedures of the Modified Differential Evolution (MDE) were shown
as below. The maximum number of generations through many experiments take an
appropriate value.

Stepl: Specify the number of population Np, the difference vector scale factor F, the
minimum and maximum crossover probability constant CRn, and CR..x, and the
maximum number of fitness evaluation times. Initialize randomly the individuals of the
population and the trial vector in the given searching space.

Step2: Calculate the fitness value of each individual in the population using the
objective function given by equation (8).

Step3: Compare each determine whether the individual fitness reaches a predetermined
accuracy or Satisfy that g=g,. If meet which term return to Step9. Otherwise, do the next
step.

Step4: Compare each individual’s fitness value and get the best fitness and best
individual.

Step5: Generate a mutant vector according to equation (2) for each individual.

Step6: According to equation (3), do the crossover operation and yield a trial vector.

Step7: Do the selection operation in terms of equation (4) and generate a new
population.

Step8: t=t+1, return to Step3 until to the maximum number of generations.

Step9: Get the optimized parameters. Use the sample data for training and testing. On
this account, conduct regression and classification.

4. Simulation Experiment

In order to verify the optimizing ability of the MDE-ELM. Respectively
simulation in both regression and classification of the function. The experimental data
from the UCI standard database. The selected experimental data sets are described on
below Table 1:

Table 1. Specifications of Data Sets

Data sets Attributes | Category | Training data | Testing data
Diabetes 8 2 576 192
Banana 2 2 800 400
Sonar 60 2 80 114
Glass 9 6 142 72
Iris 4 3 100 50
Segment 18 7 1000 800

4.1 Regression Experiment

Root mean square error (RMSE) is the least mean square of the actual output and the
predicted output. It used to represent the network of prediction accuracy.

18 2
RMSE=_|=(0, -t (9)
DICEY

Where N is the number of the training samples. t; is ideal output value of the ith
sample. O, is actual output value of the ith sample. It is a fitting application evaluation

of the represents ELM fits the data set on the predictive capability. RMSE becomes
smaller, the ELM learning and predictive ability becomes stronger. Otherwise, the ELM
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learning and predictive ability becomes weaker.
In this example, all the four algorithms (ELM, DE_ELM, PSO_ELM and MDE_ELM)
are used to approximate the ‘SinC’ function.

sin X 0
f)=4" *7 (10)
1 x=0

12

T
True-Value

1k ELM

0.4 r r r r r r r r r
-10 -8 -6 -4 -2 0 2 4 6 8 10

Figure 1. The image of Sine Function in the [-10, 10] Range

In order to make the regression problem ‘real’, large uniform noise distributed in
[— O.2,0.2]has been added to all the training samples while testing data remain noise-free.

Atraining set {x;, f(x,)+¢, }and testing set {x,, f(x, )}with 5000 data, respectively, are
created where xi are uniformly randomly distributed on the interval [-10,10].

Table 2. Function Result of ‘Sinc’ under the Same Network Structure

Algorithms | parameters | Iterations | Training | Testing | Testing

Error Error Time (s)

ELM Ny =100 0.1180 | 0.0282 | 0.00940

Np =200 20 0.1156 | 0.0131 | 15.0918

DE _ELM Ni =100 50 0.1158 0.0142 | 18.7215
CR=0.8

PSO_ELM Np =200 20 0.1156 | 0.0122 | 14.8575

Nh =100 50 0.1200 | 0.0143 | 16.2421

Np =200 20 0.1158 | 0.0078 | 5.0301

MDE_ELM Ny =100 50 0.1159 | 0.0080 | 9.0654
CR=0.8

Where Np is the number of population, N is iterations, crossover probability constant
is CR. Observed the training error and testing error ,it can be see that using swarm
intelligence algorithm to obtain input weights and thresholds can improved the
effectiveness of the hidden layer nodes. Thereby MDE algorithm improves the learning
performance of ELM.
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4.2 Classification Experiment
Classification accuracy of the training set (CATS)

CATS =1-L (11)
n

Extreme Learning Machine's main application is the application in the field of pattern
recognition. It can construct a classifier. Where r denotes the test set number of samples
misclassified. n represents the total number of test set. It represents the ELM on the
proper classification of data capacity. It is a common classification of evaluation. The
higher classification accuracy make the learning and predicting ability better. Otherwise
be a worse and lower.

Table 3. The Experimental Results of Two-category

Data Algorithms Hidden Training Testing Testing
sets layer Rate (%) | Rate (%) | Time (s)
nodes
Diabetes ELM 50 73.91 71.67 0.0031
DE_ELM 50 76.30 76.04 8.7095
PSO_ELM 50 76.12 75.07 9.2546
MDE_ELM 50 83.68 83.33 8.1652
Banana ELM 100 77.00 79.05 0.0562
DE_ELM 100 84.74 81.96 9.0575
PSO_ELM 100 84.65 85.91 10.1350
MDE_ELM 100 90.75 92.00 7.0822
Sonar ELM 100 74.65 73.12 0.0092
DE_ELM 100 85.13 81.62 8.5975
PSO_ELM 100 83.81 84.17 11.9824
MDE_ELM 100 91.62 92.51 9.8617
i . «{gﬁfft# el 2 e b
BT S R Sl N S R R e
R = ol BN PR N A S
o *5:’ fﬂ-* ot Sl ost Tt .;ﬁ‘.af’.-'}.;:' T ﬁ%tj N
o ; S ‘ .. g .r ”4.':..:.-' "'.'gt".t*t % ﬁzﬂ' + AP - ‘:'. 3 :'fﬁ?- e fe |
BT e L A A S R i Rt 1T S PR DR G
AR s s ++,;{=g§+ [AK g R et NEGED e W T T
FETERRE R el e

Figure 2. ELM Algorithm
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Figure 3. PSO_ELM Algorithm
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Figure 4. DE_ELM Algorithm Figure 5. MDE_ELM Algorithm

The Table 4 is the statistical results of the comparison. The Figure 2 to Figure 5
illustrates the test results of these four algorithms in Banana data-sets categories
renderings. From these simulations, it can be seen that ELM achieves shorter training
time than DE_ELM, PSO ELM and MDE _ELM. MDE_ELM in Banana data-sets
categories renderings classification was better than the other three algorithms. Because
introduced the swarm intelligence algorithm into ELM input weights and thresholds in the
selection process takes a lot of time for intelligent optimization. DE_ELM, PSO_ELM
and MDE_ELM in the iterative optimization process, consuming almost the same time.
The four algorithms in Diabetes, Banana and Sonar, the training accuracy and testing
accuracy of MDE_ELM will be higher than the ELM, DE_ELM and PSO_ELM.
Therefore, MDE_ELM algorithm is an efficient algorithm for evolution in binary
classification applications.

Table 5. The Experimental Results of Multi-classification

Data sets | Algorithms Hidden Training Testing Testing
layer Rate (%) | Rate (%) | Time (S)
nodes

Segment ELM 100 79.39 78.47 0.07200

DE_ELM 100 87.53 80.99 29.6773
PSO_ELM 100 88.96 81.68 30.4901
MDE_ELM 100 92.79 84.68 28.5110

Glass ELM 100 71.83 70.83 0.0312
DE_ELM 100 78.87 69.44 5.9483
PSO_ELM 100 88.62 86.24 9.1458
MDE_ELM 100 90.43 89.72 7.4625

Iris ELM 100 92.00 88.65 0.7802
DE_ELM 100 91.25 90.04 3.2458
PSO_ELM 100 93.06 92.15 7.1357

MDE _ELM 100 94.00 92.15 5.2167

As can be seen from the table 5. In the case of having the same training accuracy with
other algorithms, MDE_ELM algorithm can be obtained higher testing accuracy. So
MDE_ELM algorithm can be accelerated the response speed of network location data and
effectively improved testing accuracy.
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Figure 6. The Test Time of Four Different Algorithms on Data-set

Seen from Figure 6, obviously the MDE_ELM algorithm testing time on the same data
set to be smaller than the other two swarm intelligence algorithms.

Therefore, intelligent algorithm into ELM input weights and threshold selection
process can improve the performance of ELM.

In this paper, an effective algorithm be proposed. Simulations results show that the
ELM whose parameters selected by MDE has better performance in multi-classification
application.

5. Conclusions

As a learning technique, MDE_ELM has demonstrated good potentials to resolving
regression and classification problems [12]. Since the traditional ELM random selection
input weights and thresholds, so leads to complex problems in network architecture.
Taking into account, improved DE algorithm have advantage of strong optimization
ability and less control parameters, etc. [13]. This work proposed an extreme learning
machine based on modified differential algorithm. Introduced the MDE algorithm into
selection process of input weights and thresholds. It can get a more appropriate input
weights and thresholds. Meanwhile, the MDE algorithm to optimize the parameters of
hidden layer ELM selection which could improve the convergence rate of original
differential evolution algorithm, accelerated the speed of ELM search parameters, and
improved the ELM classification accuracy. Making more effective the hidden layer nodes
to improved performance on ELM.

Through the designed and simulation experiment analysis the MDE_ELM, its ability of
learning and forecasting capabilities are better than traditional ELM. It can be more
streamlined network architecture to achieve the same or better learning and predictive
capability. This algorithm accelerated the network respond rate of the unknown data. It
will be an effective way that putting ELM into practice where requires response time
instead of training time. Therefore, MDE_ELM algorithm is an effective algorithm of
combined with ELM and intelligent algorithm. In view of this, the combination of these
two methods may result in widely applications in the neural networks area.
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