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Abstract

Among the methods of training weights of neural network,
BP is the most popular for its reasonable basis. But there still
are some unsolved problems, such as the training result
being influenced greatly by the order of samples, local
optimization and the slow learning speed etc. PSO (Particle
Swarm Optimizer) is often used to replace the BP method to
speed up the learning and reduce the probability of falling
into local optima. According to the topologic structure of
network, a pattern of cooperation called FLsplit is prompted,
which will be convenient for parallel computation. And a
particular individual named BParticle is involved in the
swarm, to stabilize the learning result and decrease the
computation cost. The performances of BP, standard PSO
and FLsplit are analyzed through the experiments on two
functions, and the efficiency of FLsplit is addressed.

Keywords: Neural Network, function approximation,
cooperative PSO

1. Introduction

BP is one of the most popular training methods for
multi-layer neural network. But there still are some
unsolved problems, such as the training result being
influenced greatly by the order of samples, local
optimization and the slow learning speed etc.

PSO is an evolutionary method prompted in 1995
and has been developed rapidly. Its advantages are
parallelizability and capability of searching globally.
Once prompted, PSO was believed to be an alternative
for BP, and there have been several papers addressing
its perspective.

F. van den Bergh presented cooperative PSO
firstly. He introduced three patterns and compared
their performance on several benchmark problems.
Based on the former works, a new pattern FLsplit is
bought about, where the topology of neural network is
considered and parallel computation can be realized
more easily. In addition, a BParticle is involved in the
swarm to stabilize the learning result and decrease the
cost of computation. At the last, BP, PSO and Flsplit
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are tested on two benchmark functions, and their
performances are analyzed at the same time.

2. PSO Algorithm

PSO was firstly presented by Kennedy and Eberhart .
The searching space of D-dimension is defined as
S < R”. At the beginning, there are many particles
distributed randomly in the space flying with arbitrary
velocities. They keep modifying velocities according
to their prior best position and the global best position
until the optimal solution is found. For particle 7, there
are position vector X, = (x,,X,,,...,X,))’ €S, velocity
vector V, = (v,,V.,,...,v,,)" €S, and prior best position
P =(pysPissPyp) €S . If g is the index of the
particle containing global best position, the updating
rule can be described as following:
Vg =WV, +¢, *rand( )*(pid _xm)

1
+(22*Ral’ld( )*(pgd_xi(i) ( )

X, =x,+v, (2)

in which d=1,2,...,D. w is the inertia weight "% used

for balancing the global and local searching. ¢; and C;
are positive, representing the cognitive factor and
social factor respectively. They determine particle’s
bias of own best and global best. rand( ) and Rand( )
are random values within [0,1], aiming to alleviate
local optimization. It was drawn out that the preferring
values for ¢; and ¢, are 0.25 and 0.75, and w should be
decreased with learning times !°!.

3. PSO Neural Network

3.1. Single Swarm Case

By now, most of the researches on PSO neural
network have been focused on single swarm !,
Each particle is considered as a network. Take the
topology of neural network shown in figure 1 for
example. The goal of PSO is to find out the solution
minimizing the error function on W-dimension space,
where W=N*M+M*C.



Firstly, the searching space is defined as S < R",
and the properties of particle are defined as W-
dimensional vectors as well. Then, the output and
error of each particle can be computed out through
propagating forward with all the samples. At last, the
particles are chosen and modified using the error as
fitness. The training process is listed below 4.

Stepl. For each network, iterate over the training

data set and keep a running sum of the network

error.

Step2. Compare all of the network errors to find the

best network in the neighborhood.

Step3. If one of the networks has achieved the

minimum error required, record its weights and exit

the program.

Step4. Otherwise, for each network, execute the

PSO algorithm to update its position and velocity

vectors.

Step5. Loop to Step 1.

The difference between BP and PSO is that BP
modifies network with every sample, but PSO does
this with the whole sample space because it needs not
propagating the error back. Therefore, PSO learns
without the influence of sample order, and it would
perform better on approximating wholly.

3.2. Cooperative PSO Neural
Networ k

3.2.1 Motivations

It is not the best when using a single swarm. Next will
present an argument to help explain why splitting the
vector results in improved performance ™.

Consider an n-dimensional vector Vv, constrained to
the error surface by the function to be minimized.
Somewhere in this vector three components, Va,Vp,Ve,
1<a<b<c<n, will now be examined. Assume that the
optimal solution to the problem requires that all three
components must have a value of say 20. Now
consider a particle swarm containing, in particular,
two vectors V; and V;. Let’s assume that V; is currently
the global best solution in the swarm, so that v, will be
drawn towards it in the next epoch. Assume that the
three components V;,,V;»,V;c have the values (17, 2,17),
respectively. The equivalent components in vector Vv,
namely Vi,Vip,Vie, have the values (5, 20, 5)
respectively. In the next epoch, the vector v, might be
updated so that it now contains the sub-vector (15, 5,
15) at positions Vi, Vip,Vie- If it is assumed that the
function at the new V; yields a smaller error value, this
will be considered an improvement. However, the
valuable information contained in the middle
component (Vy,) has been lost, as the optimal solution
requires a sub-vector of (20,20,20).

The reason for this behavior is that the error
function is computed only after all the components in
the vector have been updated to their new values. This
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means an improvement in two components will
overrule a potentially good value for a single
component. From this viewpoint, F. van den Bergh
brought out the cooperative PSO neural network.
3.2.2 Existing methods

The main idea of cooperative PSO is to split the
vector into several parts and optimize independently.
But it is not the better the more parts. Increasing the
number of swarms leads to a directly proportional
increase in the number of error function evaluations,
as one function evaluation is required for each particle
in each swarm during each epoch. Therefore, an
efficient splitting method is necessary for both
improving the performance and saving the cost.

F. van den Bergh introduced three patterns
according to the structure of neural network, Lsplit,
Esplit and Nsplit. Lsplit splits the network weights
between two swarms. The first swarm contains the
N*M weights from the first layer, while the second
swarm optimizes the M*C second-layer weights.
Esplit takes the serialized (N*M+M*C)-dimensional
vector and split it in half. In Nsplit, for each hidden
and output unit, a swarm is treated containing all the
weights entering that unit. This results in M N-
dimensional vectors plus C M-dimensional vectors, for
a total of M+C swarms. The performances of PSO,
Lsplit, Esplit and Nsplit were compared through
several experiments, among which the Nsplit was the
best.

3.3. FLsplit

Nsplit performs well, but it’s not convenient to parallel.
The number of input and output units varies in
different applications, which will result in
modification of each particle in Nsplit, and then the
unit of parallel system. In this process, extra
programming work and resource waste are inevitable.
So, a novel pattern FLsplit is prompted in this paper
suiting parallel computation better. The idea is that
weights connected with each input or output neuron
result in a M-dimensional vector, as shown in figure 1.

Fig. 1 Splitting in FLsplit
Here, all the swarms and particles have the same
properties, which simplify the parallelization. It needs
only add or remove unit when the number of input and



output neurons varies, and this will cost much less
than Nsplit. On the other hand, FLsplit will optimize
as well as Nsplit for their similar splitting, which will
be argued later.

3.4. BParticle

After being split, the weights can be optimized
independently. But there still is a problem necessary to
address. If there is more than one optimal solution the
finally returned position will be unstable. In that the
search is terminated once there is some particle
satisfying the predefined criteria. In the case of two
optimal solutions, the learning result could be the
positions of particles closest to either one. They will
vary greatly if these two solutions are distant. This can
be solved through adding a BParticle.

The distinctness of BParticle is the initial position
and velocity. Instead of random initialization to
promise global optimization, Bparticle’s position is
assigned to the best of the others’. And the velocity is
0 vector. That is, if particle i has the highest fitness
with position X,(0) = (x,(0),x,(0),...,x,(0))" in the
initial state of swarm,
X,(0) = (x,(0),x,,(0),..., x, (0)"
V,(0) = (0,0,...,0)". With the best initial position and 0
velocity, BParticle would move to the optimal point
more conveniently. And the max velocity of BParticle
ensures to make the solution more stable.

Another permit of BParticle is the less cost for
selecting the best particle. The solution vector is split
into SN parts, each optimized by g swarm with NP,
particles. This leaves possible HNR. vectors to
choose from. But it is reduced greatly with BParticle.
While selecting, the factors of other swarms could be
represented by their Bparticles, and all best particles
could be selected from ZNR vectors.

4. Settings and Results of
Experiment

there are

and

In this part, the performances of BP, PSO and FLsplit
will be analyzed through two experiments of function
approximation. The non-linear functions are
f(x)=cos(2mx) and f(x)=1/(x+0.01), 0<x<1,
and the sample space is defined as

{(0,/(0)),(0.1,/0.1)),....(1.0,/(1.0))}.
4.1. Constructing Neural Network

A three-layer neural network is established as figure 2.
There are 8 neurons in the hidden layer, and one
neuron in input layer and output layer respectively.
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The activaiiion function of hidden neuron is S function
f(x)= and that of outputting neuron is f{x)=x.

—x ?

l+e

il

Fig. 2 The architecture in experiment
For sample i, the output of network is 0;, and the value
of function is y;. Then the error is £, =—(o, —y,)’,
i=1,2,I ..411, and the evaluating function fo?' network is

E=—>E,

&
4.2. Settingsof BP

The weights of network are initialized within [-
0.2,0.2], in order to keep the inputs of hidden neurons
in active zone of S function. ¢=0.02. But there is
a'=0.01 for updating g;, because the output is more
sensitive to g;.

4.3. Settingsof PSO

The searching space is defined as S < R'®. There are
10 particles and one BParticle in the swarm. The
vectors of particles are X, =(x,,., X))
x, €[-0.2,02] and Vo= (Vs Vi) ,
v, €[-0.0375,0.0375] , i=12,.,10 , j=12,.16 .
The vectors of Bparticle are Xz=Xj, and V3=(0,0,.. .O)T,
where k is the particle makes the least E, /=1,2,...,10.
The max velocity of all particles is V,,,=(0.1,...,0.1).
¢,=0.25, c,=0.75.

4.4. Settingsof FLsplit

The weights are split into two parts and the searching
space of each swarm is S' < R®. The settings are
similar to those of PSO NN, except that the position
and velocity vectors are of 8-dimension, BParticle is
used when selecting the best particles so as to reduce
the computation cost, and the positions of Bparticles
are used to evaluate the networks’ error so as to
stabilize the learning result.

4.5. Performance Comparison

BP, PSO and FLsplit approximate the benchmark
functions respectively. The success rate and training
epoch of all methods are analyzed within 10000
epochs with £=0.01. And each method is performed
20 times.

(1) f(x)=cos(2mx), 0<x<1



Table 1. Performance comparison in f(x) = cos(27x)

Tyvoe Success Even Least Most
yp rate epochs epochs epochs
BP 80% 8066 7226 9984
PSO 100% 563 200 1900
FLsplit  100% 94 64 126
() f(x)=1/(x+0.01), 0<x<1
Table 2. Performance comparison in
f(x)=1/(x+0.01)
Tvpe Success Even Least Most
yP rate epochs epochs epochs
BP 100% 3776 3551 4062
PSO  90% 1089 533 2783
FLsplit 100% 603 461 741

5.

Compared with BP algorithm, FLsplit achieves the
predefined error in less training epochs with higher
success rate. The influence of sample order on
learning result is eliminated by training on the whole
sample space.

The advantage is also tenable when compared with
PSO. But the requirement for equipment will grow
with the increase of swarms. Compared with Esplit,
Lsplit and Nsplit, the FLsplit method is more suitable
for parallel computation.

It can be concluded from the above description that
the FLsplit and BParticle in this paper will reduce the
computation cost and stabilize the learning result. But
the stability is still not as good as BP. It is also related
with the learning time, which is not the better the
longer. To select the terminating criteria properly is
also important, which is one of the future works to be
continued.

Conclusions
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