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Abstract — In this paper, Grammatical Differential
Evolution (GDE) Adaptable Particle Swarm Optimizer
(GDE-APSO) is applied in training of Feed —Forward Neural
Network (FNN). The error function of FNN is a highly
multimodal function having too many local optima. GDE-
APSO algorithm can solve multimodal function efficiently
and effectively. The devised method is termed as GDE-
APSO-NN and it is used to train FNN for XOR problem.
Here, the CLPSO and DE/best/1/bin algorithms are also
applied to train FNN for the same problem to make a
compar ative study. The experimental study shows that GDE-
APSO performed better than CLPSO and DE/best/1/bin
algorithmin FNN training.

Keywords — Grammatical Differential Evolution, Particle
Swarm Optimization, CLPSO, Artificial Neural Network.

|. INTRODUCTION

Particle swarm optimization (PSO) [1], [2], [3] is
population based global optimization algorithm having
stochastic nature. PSO converges quickly but often gets
stuck in local optima due to its lacks in diversity in the
population. In classical PSO agorithm, particles update
their position by using one velocity update equation. All
the particles follow the same velocity update equation.

Tapas S [9] devised Grammatical Differential
Evolution Adaptable Particle Swarm Optimization (GDE-
APSO) Algorithm in which every particle used different
velocity update equations evolved by GDE.

Artificial Neural Network (ANN) [10], [11] is a useful
tool is used in machine learning and applied for
classification, pattern recognition, image processing etc.
Different learning algorithms are used to train the ANN.
Back-propagation (BP) [10] is a well-known agorithm
used in ANN training. But BP algorithm has severa
drawbacks and they are a) getting stuck in local optima
and b) slow error convergence speed. Therefore, PSO, DE
etc. are used to train ANN.

B. Junyou [13] used PSO to train neural network for
stock price forecasting. J . Liu and X . Qiu [14] used a
combination of PSO and BP agorithm to train the neura
network. Tapas Si, Simanta Hazra and N.D Jana [12] used
DEGL (a variant of DE) agorithm to train FNN for
classification of real world data.

The main objective of this work is to use GDE-APSO
algorithm in FNN training.

Remaining of this paper is organized as follows: in
Section Il, particle swarm optimization and CLPSO

algorithms have been described. GDE-APSO agorithm is
discussed in Section I11. Feed-forward Neural Network is
described in Section V. In Section V, experimental setup
is given. Results and discussions are given in Section VI.
Finally conclusion with future work is given in Section.

II. PARTICLE SWARM OPTIMIZATION

A. Classical PSO

Each individual in PSO is called the particles. Each
particle has memory to keep its persona best called pbest.
The best of all pbest is called swarm’s best or global best
denoted as gbest. Particle’s position is denoted as X; for i™
index and it has velocity V;. Each particle updates
velocity by the following equation:

Vi = wV; + ¢, 1y (XPP = X)) + ¢, mp (X770 = X,) (1)

w = Ineriaweight in the range (0, 1)

XPPet . = pbest of i" particle

X 9P = gbest of the swarm

c,€(0,2): = personal cognizance

c,€(0,2): = social cognizance

1, = 1,€(0,1): = random number

Particles update their position by the following
equation:

X=X +V 2
B. Comprehensive Learning PSO

J.J Liang, A.K Qin, P.N. Suganthan and S. Baskar [4]
proposed Comprehensive Particle Swarm Optimizer
(CLPSO). In this agorithm, each particle updates its
velocity with a probability PC; for each dimension by
following this equation:

b
Vij=wV+c T1(ij “f—Xy) 4

Where Xff’ st may be the other particle’s pbest or

its own pbest depending on the probability PC; . For

each i" particle, a random number is generated for each

dimension and if this random number is greater than PC; ,

then it uses its own pbest otherwise uses other’s pbest.

Comprehensive learning strategy is adopted in the

following way:

1. Select two particles randomly having index r1 and r2
for i particlewhere 71 # 12 # NP.

2. Select better of them by tournament selection.

3. Winner’s pbest is used as an exemplar to learn for |
dimension.
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To ensure that a particle learns from good exemplars
and to minimize the time wasted on poor directions,
particles are allowed to learn from the exemplars until the
particles causes improving for a certain number of
generation called refreshing gap m and the velocity is
updated using Eq.(1). After that again it learns from
exemplars.

Each particle has the different PC; value in the range
(0.05, 0.5) and it is calculated by the following equation:

{2 3)
NP -1
(exp(10)-1))
More details of CLPSO algorithm can be obtained from

Ref. [4]. In the next section, GDE Adaptable PSO (GDE-
APSO) algorithm is described.

PC, =0.05+0.45x

1. GDE ADAPTABLE PSO

GDE-APSO algorithm is proposed by Tapas Si [9]. The
key feature of the method is that different particles of PSO
used the different velocity update equations evolved by
GDE in order to create diversity in the population. Each
individual in GDE represents a velocity update equation
for each particle in PSO. Firgt, al the DE individuas are
initialized in such away so that all the initial equations are
valid. The DE individuals are co-evolved with the
particles. DE mutation and cross-over operation are
performed to generate trial solution from which velocity
update equation is derived for an individual i.e. particle. If
the derived equation is valid, then particle updates its
velocity by using this equation. If this equation is invalid,
then particle will uses velocity updating equation kept
store in its memory. One advantage of this algorithm is
that it reduces the number of control parameters in PSO.
More specifically it is better to say that inertia weight,
personal and social cognizance parameters are not required
in GDE-APSO algorithm. On the other hand, it introduces
scale factor, cross-over rate and number of wrapping in
string derivation from the BNF grammar. Another
property of GDE-APSO is that particles do not follow any
topology. One disadvantage of GDE-APSO algorithm is
that it consumes higher computational time than PSO,
CLSPSO and DE algorithms for same population size and
dimension of the problem to be optimized because
genome’s length is higher than problem’s dimension. In
Figure 2, the mapping from GDE individuals to particles
are given. In the Figure 3, genotype-to-phenotype mapping

isgiven.
& =

V= (0. 9023%N

X
GDE'’s Search Space Particle’s Swarm
(Genotvpe) Space (Phenotype)

Fig.2. Mapping from DE individual to particlein PSO
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A. GDE-APSO Algorithm
Initialize the population of PSO and DE
Calculate the fitness of particles
Calculate the pbest and gbest
While termination criteria
For each individual
Perform DE mutation and crossover
If derived expression from DE trial vector isvalid
Update the velocity using this new expression and
update the position
Else
0. Update the velocity with pbest expression and update
the position
11. End
12. Calculate new fitness
13. Update pbest and gbest
14. Update velocity updating equation in its memory
15. Replace current DE vector by trial vector if itisvalid
and better
16. End
17. End
B. Backus-Naur Form
The Backus-Naur Form (BNF) Grammar is used in GE
for genotype-phenotype mapping. BNF is a meta-syntax
used to express Context-Free Grammar (CFG) by
specifying production rules in simple, human and machine
--understandable manner. An example of BNF grammar is
described below:
1. <expr> = (<expr><op><expr>) (0)
| <var>(1)
2.<op>:=+ (0)
- @
F @
()
3.<var>:=x1 (0)
x2 (1)
X3 (2
x4 (3)
Ir (4
r represents a random number in the range (0,1).
C. Genotype-to-Phenotype Mapping
The DE vectors are initialized in the range [0, 255]. An
example of DE individual is givenin Figure 2.
172 [ 59 | 161 | 86 211 |
Fig.3. Genotype

A mapping process is used to map from integer-value to
rule number in the derivation of expression using BNF
grammar by the following ways:
rule=(codon integer value) MOD (number of rules for the
current non-terminal)

In the derivation process, if the current non-terminal is
<expr>, then, the rule number is generated by the
following way:
rule number=(172 mod 2)=0
<expr>:=(<expr><op><expr>)(172 mod 2)=0

=(<var><op><expr>)(59 mod 2)=1
:=(x2<op><expr>) (161 mod 5)=1

ONOOAWN P

= ©

176 |

=(x2*<expr>) (86 mod 4)=2
=(x2*<var>) (211 mod 2)=1
=(x2*x1) (176 mod 2)=0

Copyright © 2013 IJECCE, All right reserved
240



I1IJECCE
When all the decoded values are used in the derivation

but variables or non-terminals remain exist in the
generated string, then the rule generation starts from the
beginning of the genome. This process is called as
wrapping. The wrapping process may become failure
when same rule number is generated repeatedly for a
variable (for an example, <expr> is replaced by
(<expr><op><expr>)). Therefore it will take indefinite
time. After wrapping process, if there are variables in the
derived dtring, it is denoted as invalid and its fitness is
assigned a very small value so that it can be replaced by
better valid individual.

D. Differential Evolution (DE) Algorithm

Grammatical Differential Evolution (GDE) [8] is a
variant of Grammatical Evolution (GE) [7] in which DE
[5] agorithm used as a search engine in GDE and to
generate computer programs in any arbitrary language. GE
is a form of grammar based genetic programming used to
generate computer program in any arbitrary language.
Backus-Naur Form (BNF) grammar is used for mapping
from genotype-to-phenotype. Here, genotypeis real vector
of fixed-length and phenotype is the derived expression
from the genotype using BNF grammar.

In Classical DE [5] algorithm, a donor vector for an
individual is created by perturbing a vector by the
weighted difference of any other two mutua exclusive
randomly selected vectors. Then the cross-over is
performed between an individual and its donor vector to
create atrial vector and finally if the trial solution is better
than the current individua then it is replaced by the trial
vector. The DE/current-to-best/1/bin [6] algorithm is used
in this work.

Vi= Xi +F. (Xgoea Xi) + F. (X1 - X12)

Where V; is the donor vector and X; is the current
solution, Xgues is the best solution, X, and X, are two
other vectors where rl# r2#i. Herei is the index of current
individual vector. The binomial cross-over is performed
using the following:

for j=1:D

if rand(0,1)< CR|| Jana == ]

Ui()=Vi()

else

Ui()=Xi()

End

Here U; is the trial vector, D is the dimension of the
problem, and CR is the cross-over rate. Jag iS random
index in[1, D].
E. Implementation in MATLAB

The velocity update equation can be rewritten in the
following form:

Vi(t+1)=f(x(t)).j =1234 3

wherex; =V, x, = X;, x5 = X?be“,x4 = X;-qbe“

The function set is F= {+,-,*, /} and the termina
set is T={Xy, X2, X3, X4, I} Wherer israndom constant
in (0, 1).

This is the following BNF grammar to generate
MATLAB expression:

1. <expr>:= <op>|<var>
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2. <op>:=plus(<expr><expr>) |
minus(<expr=>,<expr>) |
times (<expr>,<expr>) |
pdivide (<expr>,<expr>)
3. <var>:=x1|x2| x3[x4|r
r isarandom number in (0,1)
pdivide function is defined as follows to avoid division by
ZEro error:
function value =pdivide(arg;,arg,)
if arg, < 0.001 value=arg;;
else value=arg,/argy;
end
end
In the next section, Feed-forward Neural Network
is described.

V. FEED-FORWARD NEURAL NETWORK
TRAINING

Feed-Forward Neural Network is one class of neura
network architecture in which input layer of source nodes
projects onto computation nodes( i.e. hidden nodes or
output nodes) and not vice versa. In this work, multilayer
Feed-forward Neural Network is used. The Figure 4
depicts the FNN. A detail description can be obtained
from [10]. In this architecture, 2 input nodes in input layer,
3 hidden nodes in hidden layer and one output node in
output layer. Bias terms are used in hidden and output
layers. The error function E of FNN is defined as
following:

N
1
E=—) (T-0)?
N i=1
where T isthe target output, O is the output of the network
and N is the number of input patterns. The objective of
training algorithm isto minimize the training error E.

Input
pattern

Class

Ma
features b

Input Hidden Output

Fig.4. Multilayer Feed-forward Neural Network

In this work, GDE-APSO algorithm is used to train the
FNN for solving XOR problem. FNN is trained with four
input-output pair : ([ 1 1]",[0]), ([ 1 0]",[1]), (10 11",[1]), ([
00]",[0]). The synaptic weights are initialized in the range
[-10, +10].

V. EXPERIMENTAL SETUP

A. Parameter Settings
Population size=20. Length of DE vector is 100 and
number of wrapping is 2. For GDE and DE, scale factor
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(F)=0.8 and cross-over rate (CR) =0.8. The swarm size is 07 : : : : : :

same as population size in GDE. Refreshing gap=7, ool 7
Wmax=0.9 and Wmin=04 in CLPSO. Vmax=0.5x

(Xmax-Xmin) where [Xmin, Xmax] is the search space 05y _

range. Maximum generation=400. Independent 50 runs oal e

are carried out for GDE-APSO, CLPSO and DE/best/1/bin g

algorithms. In GDE-APSO algorithm, initial populations er

are valid i.e. dl initial individuas produce valid 0ot

eXpressions. g

B. PC Configuration

1. System: Fedora 17 0 % o M0 30 o %0 30 400
2. CPU: AMD FX -8150 Eight-Core _ Generetion

3. RAM: 16 GB and Fig.5. Convergence graph of GDE-APSO-NN
4. Software: Matlab 2010b

VI. RESULTSAND DISCUSSIONS ‘ ‘ ‘ ' ‘ i e

Average

GDE-APSO, CLPSO and DE/best/1/bin are applied in
training of FNN for XOR problem and independent 50
runs are carried out for each. Mean and standard deviation
of errors are given in Table 1. A t-test [15] has been
carried out for sample size 50 with degree of freedom 98
to check the statistical significance of obtained results and
t statistic has been given in Table 2. .

From Table 1, it is seen that GDE-APSO-NN e ‘
performed better than CLPSO-NN and DE-NN. From 0 neration
Table 2, it is clear that GDE-PSO-NN’s performance is Fig.6. Convergence graph of CLPSO-NN
dtatistically significant over CLPSO-NN and DE-NN
because p-value of t-test is less than 0.05. GDE-APSO-NN

04

performed better than DE-NN with higher significance D Bt
than that of CLPSO-NN. GDE-APSO-NN has more ol

robustness (i.e. always produce same results) in obtaining osf .
solutions than CLPSO-NN and DE-NN. 025 ]

Convergence graphs are plotted in Figure 5, 6 and 7.
Figure 5 depicts the explorative behavior of GDE-APSO.

02 B

Error

Figure 7 shows that al the individuals of DE quickly o 1
converge to current best solution because best/1 mutation o1t .
strategy has been used in DE here. Errors of 50 runs of oo} |
GDE-APSO-NN, CLPSO-NN and DE-NN are given in E ‘ ‘ . ‘ . ‘

Flgure 8, 9 and 10 I’eSpeCIIVGIy 50 100 150 Geni?:ﬁon 250 300 350 400

The different equations are derived in asingle run are as
following:  minus(x3, x2)
This above expression can be written in simplified form as

Fig.7. Convergence graph of DE-NN

Vi = Xppest B Xi. . . . " " error for GDE-APSO-NN
‘X,” expression can be written in simplified form as 0.05
Vi = Xi'
Table 1: Mean and standard deviation of errors 0.04
GDE-APSO- M ean 1.17e-02 0.03
NN Std. Dev. 1.19e-02
Mean 1.69e-02 ooz
CLPSO-NN
Std. Dev. 1.42e-02 0.01
DE_NN M €an 4196—02 0 I. all .I. A .I. .I.I.'.I. AR .I. .I". 18 .I. .I. .I. .I. .'.'.I. .'.I.'. Fiiil
Std Dev 618e'02 1 3 57 9111315171921 23252720931 3335373094143454749
Table?2 : t-test Fig.8. Error of 50 runs of GDE-APSO-NN
p-value | t-value h
GDE-APSO-NN
vs CLPSO 0.0487 | -1.997 1
GDE-APSO-NN
vs DE-NN 0.0013 | -3.3902 1
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Fig.9. Error of 50 runs of CLPSO-NN

0.18

errors of DE/best/1/bin
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Fig.10. Error of 50 runs of DE-NN

VII. CONCLUSION

In this paper, grammatical differential evolution
adaptable particle swarm optimizer with current-to-best/1
is applied to training Feed-forward Neural Network for
solving XOR problem. From this experimental study, it is
seen that GDE-APSO agorithm performed better than
CLPSO and DE/best/1/bin agorithm in FNN training.
Future work is directed toward the application of GDE-
APSO algorithm in training FNN for classification of real
world data set.
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