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Abstract

A novel optimization method and a
demonstration on 2 one-dimensional problem are
presented in this paper. A random perturbation having
a Gaussian distribution is used to achieve the global

minimum. The experiment reveals that the variance of '

the perturbation is vital for global optimum
achievement. However, to reach the global optimum,
the large value of the variance is a trade of the weight
adjustment aceuracy. The result also shows that the
system can arbitrarily close the global minimum by
selecting the standard deviation parameter controlling
the Gaussian distribution shape of the perturbation.

1. Introduction

In the optimization on multi ~ local optimum
surface, the well known problem is that the system
cannot reach the true optimum. It is a long term
standing problem in the all kinds of adaptive systems.
None of the gradient base algorithms [1, 2] can trace
the mulfi local optimum surface. For non-gradient
base aigorithms, many of them can reach the true
optimum of adaptive systems. One of those is the well
known genetic algorithm (GA) [3]. In the genetic
algorithm and its variants, a large size of data storage

‘

to keep the genetic candidate populations (candidate
patterns) are required which are unpractical in many
real time systems. It also needs expensive operations
e.g. cross over and permutation on a large size of
population. In practical, the ‘adaptation algorithm
should be simply enough for less memory usage while
it is able to achieve the true optimum point of iis
problem space. In [4], the compact genetic algorithm
(cGA) was proposed by G. R. Harik er al. The ¢GA
uses less amount of memory than simple GA (sGA)
does. The ¢cGA is equivalent to sGA only in a certain
condition of problem, referred in [4] as the order - one
behavior of sGA with uniform crossover. The atfempt
in [4] is trying to minimize the memory usage while
the global optimization is expected as the GA can do
in general.

In this paper, a novel adaptation aigorithm that
nses a less memory usage than the GA does is
proposed in the nexi section. The approach is not
based on the genetic algorithm. It is more likely close
to the gradient base methods [1, 2] but it does not be
stuck in a Jocal optimum as the gradient base methods
do.
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Figure 1: An Example of Calculations
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2. Algorithm -
The expression of this proposed algorithm for the
case of minimization is

Ae =e(WW, + vAP)—e(W, —vAF) (1)
o =W —u-He AP (2)
where

W,,; is the adapted weight or coefficient vector of
system,

w, is the old weight or old coefficient vector of
- sysiem,

AP  is a pertarbation vector having a normal Gaussian
probability distribution, i.e. its standard deviation
is 1.0,

v is a distribution factor to assign the distribution
shape of the Gaussian perturbation vAP. Tt is
always positive i.e., the v is the standard deviation
of the vAP,

e(W, + vAP)
is the evaluated performance at a point with a
positive perturbation (W,+vAF),

e(W, - vAP)
is the evaluated performance at a point with a
negative perturbation (W, -vAP),

Ae s the difference of evaluated performances
between the points of positive perturbation and
negative perturbation,

] is a learning rate of adaptation.

The principle behind the equation (2) is the correlation
between Ae and vAP, shown in Figure 1. The weight |
should be adapted in a direction that the performance
error is minimized as the gradient base algorithms do by
inverting the gradient sign in its weight adaptation
calculation. However to save computation power and
memory use, an alterpative way to calculate the direction
for weight adaptation to achieve the least error can be
done by looking at the instantancous correlation AevAP.
That is the correlation between the e(W, +vAF) — (W, —
vAP) and the vAP. Once W, is verturbed by a positive
JAP and the error difference result is positive, the
instantaneous correlation Ae-vAP is then a positive value.
For the case of minimizztion to reduce the error, the W,
must be adapted in opposite direction comparing to the
sign of the correlation AevAP. Therefore, there is @
minus sign in front of the pAevAP as show in the
equation (2). In Figure 1, the current value of W, 15 12.5
and the size of the perturbation vAP is 2.5. After the
calculation to adapt the current weight ¥, is done, the
valie of the adapted weight (W,.;) is 8.75. From the

performance curve of Figure 1, the error value e(8.75) of
the adapted weight is less than the error value ef12.5).
Therefore, minimizing error is as the result.

To do maximization, the equation {2) can be
modified using the positive sign instead of the negative
sign as expressed in the following eguation (3).

W,

ndl

=TV, 40 AP ©)

3. Least Correlation Principle

Once, this algorithm had been demonstrated to my
colleagues, there were many responses. Some said that
the algorithm is similar to the gradient base algorithms.
However, we found that we are not able to use the Taylor
series [5] to have a linearization at the point ), as weé all
are doing in the analysis of the gradient base methods. To
understand how the equation (1) and the equation (2)
work, we first look at an example, the minimization
performance function in the equation {4}.

e(w)=m-(w+ 2)? +a-sin(6.2832-w)
+b-sin(5.0265- (w—10))

(4)

The performance curve e(w), the parameters m, a, and b
are equal to 50, 700, and 1000 respectively, is shown in
Figure 2. Note that the function has many Tocal minimum
points. The simulated expected values of the correlation
EfAe-vAP], when v is 0.70, is also shown along with the
performance curve. To see how the weight W, in the
equation (2) converges to 2 solution, take the expected
value of the equation (2). The expectation 6} of the
equation (2) is the equation (5)

AW, J=EW,]~u ElAe -vAF] (5)

Clearly the optimal weight 7, is reached when the term
E[Ae-vAP] is equal to zero. In Figure 2, the EfAevAP] is
zero when W is equal to ~2.00. With the equations (1)
and (2) and demonstration in Figure 2, the coefficient W,
will converge to the optimum -2 .00 which is the point
that the correlation of AewvAP is the least or equal to
zero.

4. Infinite Range of Gaussian Distribution

In Figure 2, the true global minimum point is &t -
0.28. Because the performance characteristic in Figure 2
is not a symmetrical function, the point that the expected
value is equal to zero is not on the true global optimum
{7]. This is a reason that the random perturbation with
Gaussian distribution is used in this algorithm for
reaching to the true global optimum. The random number
with Gaussian distribution [6] can be from infinite minus
to infinite positive, Once the coefficient W, converges to
the optimum of the least correlation, seeking the frue
minimum near the least correlation optimum can be done
by looking at the minimum value of sampling
e(W,+vAP), e(W, — vAP). The value W giving the
minimum of the performance function efw) will be
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Figure 2: The curves of the performance function e(w) and the expected value EfAevAFP],
m =50, a= 700, b= 1000 and v =0.70

updated and closer to the true minimum value every time

of adaptation cycles. The expression for updating the

value of W is

-

e(W, +vAP) <e(W ;. )
W, +vAP (W, +vAP) <e(W, —vAP)
e(W, +vAP)y <e(W,)
. e(W, —vAP) < e ypoia)
W, —vAPe(W, ~vAP) <e(W, + vAP}
e(W, ~vAP) <e(W,)
e(W,) <eW pinora)

+(6)

W, e(W,)) <e(W, +vAP)
e(W,) <e(W, —vAF)
P nin_ota lotherwise )

In practical, the shapes of the performance surface
" are unknown. If it is a symmetrical shape, the converged
weight W, is at the same place of the true optimum.
Occasionally when it is not, the weight W, converges far
from the true optimum. Using the Gaussian perturbation
allows the weight adjustment is able to cross the hills of
performance surface. The weight W, is adjusted by the
equations (1) and (2) and moved to its optimum
depending on its performance surface shape: At the same
time, with its infinite random range propetty, the true
giobal minimum can iteratively be detected.

5. Experiments
To demonstrate the ability of the algorithm in
general, the equation (4) is nged as the performance

function. We aim to find what the value of W at the
minimum of the function e(#). The parameters for the
equation (4) are the same as shown at the caption of
Figure 2. The learning rate u and the distribution factor v
are 0.00005 and 0.70 respectively. Figure 3 shows the
adaptation curves of minimization. The top graph is the
adaptation curve of performance e(W,). The solid Hne is
the error e(W,) and the dash line is the minimum value
&(W) from the equation (6). With the initial conditions
W, = 10 at the iteration 0 and #, = —10 at the iteration
1000, both of the e(W,} and e(W,y) lines are generally
decreasing along the iteration number.

At the tails of adaptations with both initial
conditions, the e(W,) converge to  the least correlation
optimum at the point that EfAevAP] is equal to zero as
demonstrated in Figure 2. The e(W,,) of the both cases
of initial conditions converges to the true minimum about
~1526 while the e(W,) converges to the Jeast correlation
optimum about 300.

The bottom graph of Figure 3 is the adaptation
curve of weight #. The solid line for W, converges to the
Jeast correlation optimum -2.00. The dash line for Wam
converges to the value —0.28 which is the desired value
corresponding to the global minimum point in Figure 2.

The learning curve which is the solid line in the top
graph of Figure 3 is not a typical one as we see in general
adaptation processes. There appear some oscillations
which is the result of climbing out the local minima of
the performance surface. The solid line is always on the
top of dash line. At the point that the solid line e(W,) is
touching the dash line e(W,.,), the adaptation is going
around a local minimum. Moving out from local minima,
the e(T,) must be increased and be decreased to local
minimum repeatedly while the #, is moving closer to the
optimum .
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Figure 3: Adaptation Curves
= The top graph is the adaptation curve of performance e{#¥). The solid line is the adaptation
performance e(W,). The dash line is the detected minimum value of (W) from the equation (6)

using Gaussian random property.

»  The bottom graph is the adaptation of weight . The solid line is the adapted weight #,. The dash
line is the detected weight W, giving mintmum value of e(Wyinl.

6. Conclusions

This paper demonstrated the ability of a novel
adaptation method which has a high potential for nsing
in smart systems such as astificial neural network
systems [2, 8}, adaptive filters [1]. The case of
unsymmetrical error surface is given as an example,
The author intends to demonstrate for discussions and
to point out the real practical problems. Usually we
cannot know what the shape of performance function.

To make the adaptation can climb over the hills;
the distribution factor v must be large enough and
wide cover the largest distant of two adjacent local
minima, If the performance shape is symmetry, the
point of the least correlation optimum and the global
optimum are at the same place. Minimum detection
using the equation (6) may not be needed.

However, if the performance shape is an
unsymmetrical shape, the global minimum still be
detected by the equation (6). We are taking a benefit
from the infinite random range property of Gaussian
perturbation. The global optimum will be discovered
eventually because of the infinite random range of
Gaussian perturbation. '

7 Future Works

More researches are required for understanding
the parameters # and v to the adaptation process. Proof
of its convergence and its implemented application are
not provided here. These are opened research areas to
many researchers. For the interested researchers in the

proof of convergence, R.C. Turnblade in [7] has laid a
good foundation that everyone may follow his work.
The other well know minimization methods, the
gradient descent techmique, the leas mean square
algorithm, and back propagation algorithm in {1, 2]
never use the infinite size perturbation technique. Only
Madalipell network in [2] uses a small magnitude of
. perturbation with the minimal disturbance principle to
train to multilayer networks. In [2] said that the
training rule for Madalinell network is equivalent to
the back propagation algorithm when the perturbation
size is small. The proposed algorithm here does not
agree to the minimal disturbance principle which is the
basic principle of the other weight minimization
methods,  Therefore to meke fair performance
comparisons of the proposed algorithm to the other
gradient based methods, carefully sefting up
experiments is necessary to have several view poiats
for consideration.
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