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This paper applies an Adaptive Random search with
Intensification and Diversification combined with Ge-
netic Algorithm (RasID-GA) to neural network train-
ing. In the previous work, we proposed RasID-GA
which combines the best properties of RasID and Ge-
netic Algorithm for optimization. Neural networks
are widely used in pattern recognition, system mod-
eling, prediction and other areas. Although most neu-
ral network training uses gradient based schemes such
as well-known back-propagation (BP), but sometimes
BP is easily dropped into local minima. In this pa-
per, we train newly developed multi-branch neural
networks using RasID-GA with constraint coefficient
C by which the feasible solution space is controlled. In
addition, we use Mackey-Glass time prediction to test
a generalization ability of the proposed method.
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1. Introduction

Neural networks are widely used in pattern recognition,
system modeling, prediction and other areas. In general,
the back-propagation algorithm (BP) based on gradient
schemes is used for the neural network training. But,
sometimes the BP falls into a local minima easily causing
poor performances. In addition, if the objective function
is not differentiable, the BP algorithm cannot be applied
to neural network training.

To solve the local minima problems, the random search
scheme, genetic algorithm, back-propagation combined
with random search scheme [1, 2] etc. are proposed by
many researchers. But the random search scheme and ge-
netic algorithm are not efficient for the neural network
training in terms of the convergence speed. While, the
back-propagation combined with random search scheme
needs the setting of the conditions for the transition be-
tween both algorithms.

This paper presents the novel training algorithm,
RasID-GA [3, 4], for training multi-branch neural net-
works recently developed instead of well-known sim-
ple neural networks. The multi-branch neural network
is a neural network, where there are a good number of

branches between nodes in order to enhance its repre-
sentation ability. In the previous work, we have intro-
duced RasID-GA, which combines the best properties of
RasID [5–8] and Genetic Algorithm [9] for optimiza-
tion problems. The proposed algorithm can be viewed
as a kind of Memetic Algorithms [10, 11]. The basic
algorithm of RasID-GA coincides with the concept of
Memetic Algorithms where GA is combined with other
local search techniques. Generally, in Memetic algo-
rithms, some steps of the local search are executed af-
ter one generation of GA search. Unlike Memetic algo-
rithms, after some individuals are trapped in local minima
using parallel RasIDs, then, a number of GA search is
carried out until they escape from local minima in RasID-
GA.

In this research, RasID-GA finds a set of weights that
minimizes the criterion function E of multi-branch neu-
ral networks using adaptively-adjusted probability den-
sity function (PDF). It is updated using the information
on the success or failure in the past searching. As a result,
we expect to enhance the effectiveness and efficiency of
the searching of multi-branch neural networks. In addi-
tion, we introduce the constraints for the weights of multi-
branch neural networks using constraint coefficient C in
order to enhance the generalization ability. This could be
done easily using RasID-GA.

This paper is organized as follows. Section 2 describes
the structure of RasID-GA and a sophisticated PDF. Sec-
tion 3 presents multi-branch neural networks. In Sec-
tion 4, we show the simulation results. Finally, a brief
summary of this paper and conclusions are presented in
Section 5.

2. Structure of RasID-GA

In the previous work, we proposed RasID-GA [3, 4]
which combines the best properties of RasID and Genetic
Algorithm for optimization problems. Genetic Algorithm
(GA) can find an optimal solution using the mechanism of
biological heredity and selection. Although GA is highly
evaluated for searching near optimal solutions, it is gen-
erally recognized that it cannot search for an optimum so-
lution precisely. While RasID is good at finding a precise
local optimum solution, although its diversified searching
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Fig. 1. Flow of RasID-GA searching.

is not so superior when the problem has a great number of
local optima. That is why RasID-GA is proposed. RasID
and GA are combined in order to improve the searching
ability in terms of reducing the time spent on the search-
ing and obtaining a solution as near as the global opti-
mum. Fig. 1 shows the structure of RasID-GA.

2.1. Probability Density Function
In conventional random search algorithms [12–14],

Gaussian PDFs are used to generate random search vector
θ . To make it more tunable, we introduce a sophisticated
PDF g(θm) for generating the random search variable θm,
defined by

g(θm) =
{

(1−qm)βmeβmθm If θm ≤ 0
qmβme−βmθm If θm > 0

. (1)

where, qm ∈ [0, 1] and βm are two kinds of parameters
used to perform intensification-diversification search. By
integrating Eq. (1), we have the probability distribution
function given by

G(θm) =
{

(1−qm)eβmθm If θm ≤ 0
1−qme−βmθm If θm > 0.

. . (2)

Therefore, it follows that a random search variable θm is
generated by

θm =

{
1

βm
ln( zm

1−qm
) If 0 < zm ≤ 1−qm

− 1
βm

ln( 1−zm
qm

) If 1−qm < zm < 1.0,
(3)

where, zm’s are random values uniformly distributed be-
tween 0 and 1.

As shown in Fig. 2, the parameter βm can be used to
control the local search range (the variance of search vari-
able θm). The larger the βm is, the smaller the local search
range will be. On the other hand, the parameter qm can
be used to control the search probability in positive or
negative direction. The larger the qm is, the higher the
search probability in positive direction is. Typically, when
qm = 0.5, there is the same search probability in positive

g(θ )m

m m
m m1 q θeβ β( )−

eqm βm

θm

θβm m-

Fig. 2. Probability density function for generating random
variable θm.
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direction and in negative direction. In this way, we are
able to realize an efficient searching in training by de-
termining the parameters βm and qm based on the past
success-failure information and local information.

As can be seen from Eq. (1), when βm is small, the
variance of random search variable is large. We will show
that the intensified and diversified search can be realized
by adjusting the parameter βm effectively. For this pur-
pose, we consider the following rules for adjusting βm.

• Adjust βm between a lower bound and a upper bound.
Let β

m
be the lower bound, and β̄m be the upper

bound.

• Adjust βm based on two indexes, say φ and I. The
index φ is designed to realize an intensified search
and the index I for a diversified search.

Based on the above considerations, a typical rule used to
determine βm is introduced by

βm = β
m

+(β m−β
m
)e−φ I . . . . . . . . (4)

where β m, φ and I are adjustable indexes with initial val-
ues of β̄m0, φ0 and I0, respectively. If no useful prior
knowledge is available for determining β m0, then β m0 =
β 0 is used, where β 0 is an appropriate initial value. Fig.3
shows the relation between βm and β m, β

m
, φ , I.
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2.2. Flow of RasID-GA
Let x(n) be decision variable vector

x = (x1, x2, ..., xm, ..., xM) ∈W

at nth search, and θ(n) be the random search vector

θ = (θ1, θ2, ..., θm, ..., θM) ∈W

at nth search.
The details of RasID-GA are summarized as fol-

lows [4].

Step 1 Generation of initial population.
Initial population is randomly produced.

xl(0) ∈W, n = 0, l ∈ L . . . . . . (5)

where,
n, l and L denote the searching step, the suffix of
individuals and the set of suffixes of individuals.

Step 2 RasID searching
Generate a population of random search vector
θ l(n). RasID searching of RasID-GA follows GA
searching, so the initial population of RasID is
the final results of GA searching. The following
procedure is carried out for each individual l.

If (xl(n)+θ l(n)) /∈W, then let xl(n+1) = xl(n)
else

1. Calculate f (xl(n)+θ l(n)),
If f (xl(n)+θ l(n)) < f (xl(n)),

then the current search is success and
xl(n+1) = xl(n)+θ l(n), go to Step 3,

2. Calculate f (xl(n)−θ l(n)),
If f (xl(n)−θ l(n)) < f (xl(n)),

then the current search is success and
xl(n+1) = xl(n)−θ l(n), go to Step 3,

3. The current search is failure and

xl(n+1) =

⎧⎪⎪⎨
⎪⎪⎩

xl(n) If k+l
er > ker and

k−l
er > ker,

xl(n)+θ l(n) If k+l
er < k−l

er ,
xl(n)−θ l(n) If k+l

er ≥ k−l
er ,

where,

k+l
er = f (xl(n)+θ l(n))/ f (xl(n)),

k−l
er = f (xl(n)−θ l(n))/ f (xl(n)).

Step 3 n = n + 1, then transition to Step 4 (GA search-
ing), if the criterion of transition is satisfied; Oth-
erwise, go to Step 2.

Step 4 GA searching
GA searching of RasID-GA follows RasID
searching, so initial population of GA is the fi-
nal results of RasID searching.

1. Selection
Tournament selection and elite preserving se-
lection are used in RasID-GA. The tourna-
ment selection selects two individuals from the
population and to leave a better individual to
the next generation. Elite preserving selection
transfers the best individual having the highest
fitness value to the next generation.

2. Crossover
Two individuals in the population are selected
in order to execute the crossover with its prob-
ability. New two offspring is produced by
crossover as follows.

x′ = (1−a)x+ay a ∈ [0,1]y′ = (1−a)y+ax, where

x,y : parent individual vector
x′,y′ : offspring individual vector.

3. Mutation

• Select an individual in the population.
• A new individual x̂ is generated by chang-

ing the individual vector randomly with the
probability of mutation.

x̂ = (x̂1, x̂2, · · · , x̂m, · · · , x̂M),
x̂m = random(u,v),

where
x̂ : offspring individual vector,
random(u,v) : generates a random

number between u and v,
u : lower boundary,
v : upper boundary.

Step 5 n = n + 1, then transition to Step 2 (RasID
searching), if the criterion of transition is satis-
fied.

Step 6 If the ending condition is satisfied, the procedure
stops; Otherwise, go to Step 4.

3. Multi-Branch Recurrent Neural Networks
(MBRNNs)

In this section, we describe Multi-Branch Recurrent
Neural Networks (MBRNNs) [15, 16]. The MBRNNs are
the Recurrent Neural networks with Multi-Branch Struc-
ture. The basic concept of the multi-branch structure
comes from Universal Learning Networks (ULNs) [17,
18]. ULNs provide a generalized framework to all kinds
of structures of neural networks with supervised learning,
and one of whose characteristics is a multi-branch struc-
ture. It connects nodes using some branches in order to
enhance the representation ability of neural networks.

Figure 4 shows the multi-branch structure of
MBRNNs. It has multi-branches between nodes,
where delay time Di j(p) and weight Wi j(p) are set on
the pth branch between nodes. In addition, a Gaussian
function is set on each branch, while each node has its
sigmoidal function as usual. Therefore, the input of node
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Fig. 4. Multi-branch structure between nodes

j can be described by Eq. (6).

α j(t) =

∑
i∈JF( j)

∑
p∈B(i, j)

wi j(p)gi j(p,hi(t−Di j(p)))+θ j.
(6)

Where B(i, j) denotes the set of suffixes of branches
from node i to node j, JF( j) is the set of suffixes of nodes
connected to node j, θ j is the threshold of node j and
gi j(p,hi(t−Di j(p))) is the modified output value of node
i used for pth branch from node i to node j. The function
gi j(p,hi(t−Di j(p))) is to be a certain nonlinear function
in order to obtain nonlinear effects from the multi-branch
structure and it is defined as follows.

gi j(p,hi(t−Di j(p)))

= exp

(
− (hi(t−Di j(p))− ci j(p))2

σ2
i j(p)+L

) . (7)

where ci j(p) and σi j(p) are the center and breadth of the
pth branch from node i to node j of the Gaussian function,
respectively. L is a constant to set the lower bound of the
breadth of the Gaussian function.

Learning of MBRNNs is realized by the following
when the gradient method is used:

λm← λm− γ ∂+E
∂ λm

,

λm ∈ {wi j(p),Di j(p),ci j(p),σi j(p),θ j},
. (8)

where γ is the learning coefficient assigned a small pos-
itive value and λm is the learning parameter. Here, the
ordered derivative ∂+E

∂ λm
is calculated by backpropagation

algorithm [17].

4. Simulation

This section describes simulations to demonstrate the
effectiveness of the proposed method.

4.1. Test function
We used Mackey-Glass time series prediction to test

the ability of the proposed method. The Mackey-Glass
equation [19, 20] is a time delayed differential equation
and the data is generated by

dx(t)
dt

=
ax(t− τ)

1+ x10(t− τ)
−bx(t) . . . . . . (9)

where, a = 0.2, b = 0.1 and τ = 17 are used in this simu-
lation. The prediction of the future value of x is based on

0.2

0.4

0.6

0.8

1

1.2

1.4

0 100 200 300 400 500 600 700 800 900 1000

x

t

Fig. 5. Mackey Glass time series

their past values. In this simulation, network inputs are
x(t) and we predict the future value of a data at (t + 6).
The graph of Mackey-Glass function over t ∈ [0,1000]
is given in Fig. 5. Where, the network is trained with
the former half 500 point training data, and the latter half
500 point data are used for prediction [21].

4.2. Optimization by RasID-GA
In RasID-GA simulations, the number of iterations is

set at 50,000. 30 independent runs are simulated chang-
ing the initial decision variables, and the average and stan-
dard deviation of the optimal values over 30 runs are cal-
culated. The numbers of individuals are 20. The mutation
rate and crossover rate are 0.01 and 0.5 in real-coded GA,
respectively. In this simulation, RasID-GA is to find a
set of weights with constraints and other parameters like
Di j(p), Ci j(p), σi j(p) and θ j(p) that minimizes the crite-
rion function E. The criterion function E and constraints
are defined as follows.

minimize E = ∑
d

(ho−h′o)
2,

subject to

∣∣∣∣∣∣ ∑
wi j(p)

wi j(p)

∣∣∣∣∣∣≤CN

. . . . (10)

where ho is the output value of the network in case that the
input vector is d, h′o is its desired output value, wi j(p) is
network weight, C is the constraint coefficient and N is the
number of weights. The network weights are constrained
by coefficient C.

4.3. Optimization by Backpropagation
The criterion function E is defined as follows.

E = ∑
d

(ho−h′o)
2+

η

⎛
⎝ ∑

wi j(p)

w2
i j(p)

σ2
i j(p)

⎞
⎠ . . . . . . . (11)

where η is the regularization coefficient in weight decay.
Here, η was determined adaptively so that the penalty
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Table 1. Simulation results of RasID-GA on Mackey Glass time series with various C (MSE, 3 nodes, 114 parameters).

C 0.50 1.00 10.00 15.00 20.00 25.00
Best(training) 5.111×10−05 3.633×10−05 1.185×10−05 4.036×10−05 4.283×10−05 2.798×10−05

Best(testing) 4.189×10−05 3.620×10−05 9.488×10−06 4.279×10−05 4.566×10−05 2.571×10−05

Worst(training) 3.244×10−04 2.345×10−04 1.363×10−04 1.551×10−04 2.950×10−04 2.273×10−04

Worst(testing) 2.694×10−04 2.289×10−04 1.292×10−04 1.673×10−04 2.126×10−04 2.348×10−04

Ave(training) 1.128×10−04 1.090×10−04 5.705×10−05 7.291×10−05 9.388×10−05 9.829×10−05

Ave(testing) 1.021×10−04 1.013×10−04 5.399×10−05 7.263×10−05 9.037×10−05 1.041×10−04

Stdv(training) 9.309×10−05 8.060×10−05 2.342×10−05 3.077×10−05 7.591×10−05 6.562×10−05

Stdv(testing) 7.924×10−05 7.446×10−05 2.190×10−05 3.440×10−05 5.899×10−05 7.162×10−05

Table 2. Simulation results of RasID-GA on Mackey Glass time series with various C (MSE, 5 nodes, 310 parameters).

C 0.10 0.30 0.50 0.70 1.00 10.00
Best(training) 5.800×10−04 2.975×10−05 1.895×10−05 3.411×10−05 2.358×10−05 2.698×10−05

Best(testing) 1.013×10−03 3.096×10−05 1.737×10−05 3.603×10−05 2.446×10−05 2.817×10−05

Worst(training) 5.802×10−03 2.482×10−04 5.620×10−05 1.854×10−04 1.244×10−04 1.536×10−04

Worst(testing) 5.318×10−03 2.369×10−04 5.644×10−05 1.930×10−04 1.334×10−04 1.587×10−04

Ave(training) 2.717×10−03 1.367×10−04 3.908×10−05 8.067×10−05 7.755×10−05 8.129×10−05

Ave(testing) 2.391×10−03 1.447×10−04 3.982×10−05 8.346×10−05 7.968×10−05 8.290×10−05

Stdv(training) 1.689×10−03 7.823×10−05 9.741×10−06 5.114×10−05 3.262×10−05 4.129×10−05

Stdv(testing) 1.407×10−03 8.622×10−05 1.025×10−05 5.328×10−05 3.940×10−05 4.692×10−05

Table 3. Simulation results of RasID-GA on Mackey Glass time series with various C (MSE, 10 nodes, 1220 parameters).

C 0.05 0.10 0.30 0.50 1.00 10.00
Best(training) 2.922×10−05 9.216×10−05 2.478×10−05 3.268×10−05 5.718×10−05 8.928×10−05

Best(testing) 3.151×10−05 9.649×10−05 2.636×10−05 4.240×10−05 5.407×10−05 8.132×10−05

Worst(training) 3.437×10−04 3.777×10−04 7.753×10−05 1.568×10−04 1.756×10−04 3.809×10−04

Worst(testing) 3.308×10−04 3.717×10−04 7.925×10−05 1.948×10−04 2.040×10−04 3.804×10−04

Ave(training) 1.405×10−04 2.339×10−04 5.204×10−05 8.466×10−05 1.342×10−04 1.530×10−04

Ave(testing) 1.341×10−04 2.382×10−04 5.262×10−05 1.219×10−04 1.341×10−04 1.484×10−04

Stdv(training) 1.162×10−05 9.414×10−05 2.568×10−05 4.421×10−05 3.266×10−05 1.204×10−04

Stdv(testing) 1.079×10−05 9.465×10−05 2.669×10−05 9.055×10−05 4.326×10−05 1.247×10−04

Table 4. Comparison between RasID-GA and BP algorithms (MSE, 3 nodes/114 parameters, 5 nodes/310 parameters, 10
nodes/1220 parameters).

3 nodes/114 parameters 5 nodes/310 parameters 10 nodes/1220 parameters
RasID-GA BP RasID-GA BP RasID-GA BP

Best(training) 1.185×10−05 6.573×10−06 1.895×10−05 1.015×10−06 2.478×10−05 2.520×10−06

Best(testing) 9.488×10−06 5.472×10−06 1.737×10−05 6.940×10−07 2.636×10−05 4.380×10−06

Worst(training) 1.363×10−04 8.748×10−04 5.620×10−05 9.865×10−04 7.753×10−05 7.220×10−06

Worst(testing) 1.292×10−04 2.470×10−02 5.644×10−05 5.842×10−04 7.925×10−05 3.180×10−06

Ave(training) 5.705×10−05 1.756×10−04 3.908×10−05 9.887×10−05 5.204×10−05 1.010×10−06

Ave(testing) 5.399×10−05 1.783×10−03 3.982×10−05 4.916×10−05 5.262×10−05 5.630×10−06

Stdv(training) 2.342×10−05 2.588×10−04 9.741×10−06 2.370×10−04 2.568×10−05 1.560×10−06

Stdv(testing) 2.190×10−05 6.081×10−03 1.025×10−05 1.182×10−04 2.669×10−05 7.130×10−06

term in Eq. (11) becomes 0.2% of the error term and the
generalization ability is obtained. The learning coefficient
γ initialized at 0.001 changes adaptively: When the value
of E decreases, γ ← 1.05γ , while γ ←0.95 γ when it in-
creases. In addition, if E(s)/E(s− 1) > 1.05, then the
parameter update is not executed, where E(s) is the crite-

rion value at step s. Sigmoidal function 1−e−α j(t)

1+e−α j(t)
is used

as the node function and |p|= 3 is used in the simulations.

4.4. Effectiveness of Constraint Coefficient C

In the learning of MBRNNs with RasID-GA, the net-
work weights are constrained by coefficient C. To obtain
better generalization results in the learning of MBRNNs,

adjusting C is essential. To evaluate the effects of C on
the results, we did experiments changing the constraint
coefficient C in RasID-GA. Table 1 shows the simulation
results on mean squared errors (MSE) by the MBRNNs
(the best value, average value, worst value and standard
deviation of the best solutions over 30 runs in training and
testing), where 3 nodes and 114 parameters are used un-
der C = 0.50, C = 1.00, C = 10.00, C = 15.00, C = 20.00
and C = 25.00. Table 2 shows the simulation results
of the MBRNNs with 5 nodes and 310 parameters un-
der C = 0.10, C = 0.30, C = 0.50, C = 0.70, C = 1.00
and C = 10.00. Table 3 shows the simulation results of
the MBRNNs with 10 nodes and 1220 parameters under
C = 0.05, C = 0.10, C = 0.30, C = 0.50, C = 1.00 and
C = 10.00. It is found from Tables 1, 2, and 3 that when
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the constraint coefficient C is too small, the quality of the
simulation results would be poor. In this case, finding the
optimal solution is difficult because the feasible solution
space is so small due to small constraint coefficient C.
As a result, the generalization ability also does not show
good results. On the other hand, when constraint coeffi-
cient C is too large, the feasible solution space becomes
large, but it becomes also difficult to find the optimal so-
lution because of the large feasible solution space itself.
As a result, the representation and generalization ability
depend on the magnitude of the feasible solution space
which is controlled by constraint coefficient C. There-
fore, we can find the suitable constraint coefficient C.
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Fig. 9. Comparison between RasID-GA and BP algorithms
(MSE, 3 nodes, 114 parameters).

Figs. 6, 7, and 8 show the average mean squared errors
over 30 runs in training and testing, where the suitable
constraints, i.e, C = 10, C = 0.5 and C = 0.3 of MBRNNs
with 3nodes/114 parameters, 5nodes/310 parameters and
10nodes/1220 parameters are used, respectively.

4.5. Comparison Between RasID-GA and BP
In the simulations, RasID-GA are compared with BP

algorithm. 30 independent runs are carried out changing
the initial decision variables. MBRNNs have 3 nodes/114
parameters, 5 nodes/310 parameters and 10 nodes/1220
parameters. Table 4 shows the simulation results of
RasID-GA and BP algorithm on mean squared errors. Ta-
ble 4 shows the best value, average value, worst value
and standard deviation of the best solutions (C = 10 for
3 nodes/114 parameters: C = 0.5 for 5 hidden nodes/310
parameters: C = 0.3 for 10 nodes/1220 parameters) over
30 independent runs in training and testing. The better
result between two methods is underlined in the Table 4.
From Table 4, it is found RasID-GA has better perfor-
mances in terms of the average, worst and standard devia-
tion in the networks with small size, however, BP obtains
better performances in terms of the best, average worst
and standard deviation in the networks with large size.
Figs. 9, 10, and 11 show the comparison of the learn-
ing curves between RasID-GA and BP algorithm. They
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Fig. 10. Comparison between RasID-GA and BP algorithms
(MSE, 5 nodes, 310 parameters).

show that BP has faster convergence and obtains better
solutions than RasID-GA in terms of the best in training
and testing, but RasID-GA performs well in terms of the
average, worst and standard deviation for networks with
3 hidden nodes/114 parameters and 5 hidden nodes/310
parameters. In that sense, RasID-GA shows the stable
generalization ability in the networks with small size,
which means the worst case, that is essential for evalu-
ating the generalization ability, of RasID-GA is far bet-
ter than BP when the size of networks is small. In the
networks with 10 nodes/ 1220 parameters, RasID-GA is
not superior to GA algorithm. The reason for it is that
RasID-GA is a kind of random search, in other words,
RasID-GA should find a better solution than the current
solution by searching 2M points, although it could use a
sophisticated probability density function for generating
the search points. Therefore, the increase of the number
of parameters makes it difficult to search an optimal solu-
tion efficiently and effectively in RasID-GA.

5. Conclusions

We have proposed a novel learning algorithm, RasID-
GA, for multi-branch neural networks. Then we discussed
that the network weights are constrained by coefficient
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Fig. 11. Comparison between RasID-GA and BP algorithms
(MSE, 10 nodes, 1220 parameters).

C in order to have good generalization ability. In ad-
dition, the proposed method is compared with BP algo-
rithm for Mackey Glass time series prediction. As a re-
sult, RasID-GA showed the stable generalization ability
in not very large networks, which means the RasID-GA
could be used for the learning of most of the neural net-
works.
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