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This article proposes an extended symmetric diffusion network that is
applied to the design of synergetic computers. The state of a synergetic
computer is translated to that of order parameters whose dynamics is
described by a stochastic differential equation. The order parameter con-
verges to the Boltzmann distribution, under some condition on the drift
term, derived by the Fokker-Planck equation. The network can learn the
dynamics of the order parameters from a nonlinear potential. This prop-
erty is necessary to design the coefficient values of the synergetic com-
puter. We propose a searching function for the image processing executed
by the synergetic computer. It is shown that the image processing with
the searching function is superior to the usual image-associative func-
tion of synergetic computation. The proposed network can be related, as
a special case, to the discrete-state Boltzmann machine by some trans-
formation. Finally, the extended symmetric diffusion network is applied
to the estimation problem of an entire density function, as well as the
proposed searching function for the image processing.

1 Introduction

Haken, Haas, and Banzhaf (1989) proposed a synergetic computer to achieve
the image-associative function. The synergetic computer is one of complex
systems consisting of many subsystems whose states change according to
external information. The dynamics of each subsystem is described by a set
of equations whose coefficients are assumed to be known a priori. However,
when the coefficient values are not known explicitly before the system starts,
itis natural to consider a model in which the coefficient values are acquired
by learning. Little attention has been paid to the relationship between the
image-associative function and the coefficient values.

Each subsystem is modeled by a single-state variable, and the state of
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the synergetic computer is given as a multidimensional vector consisting
of them. The dimension of the state vector is usually very large, but Haken
(1989) showed that it is transposed to a lower-dimensional vector, the com-
ponent being called an order parameter (Haken 1989, 1990). The order param-
eter is defined by an inner product of the corresponding adjoint vector of
the embedded pattern and the state vector of the synergetic computer. The
dynamics of the whole system is thus determined by observing behaviors
of the order parameters, whose number is substantially smaller than the
number of subsystems. Moreover, it is known (see, e.g., Fuchs & Haken,
1988) that the image-associative function of synergetic computers is supe-
rior to the usual associative function. Thus, it is natural to formulate the
image-associative function of synergetic computers in terms of the order
parameters. In this article, we follow this line and propose a learning al-
gorithm for the coefficient values of order parameter equations in order to
analyze the image-associative function of synergetic computers.

The order parameters of a synergetic computer depend crucially on the
coefficient values of governing equations and converge to a stationary so-
lution of the equations as time goes by. Therefore, designing the coefficient
values so as to let the order parameters converge to a desired stationary
solution is important. The design method we propose is a version of su-
pervised learning. Supervised learning is widely studied in the literature
that includes the Boltzmann machine in neural networks. The Boltzmann
machine has been applied to many problems (Gutzmann, 1987; Kohonen,
Barna, & Chrisley, 1988; Lippmann, 1989) and is known to be suitable espe-
cially for complex systems. Moreover, for the case of continuous outputs,
symmetric diffusion networks (Movellan & McClelland, 1993, 1994) are de-
veloped that extend the discrete-state Boltzmann machine. The symmetric
diffusion networks are constructed specifically to learn an entire probability
density function by using covariance statistics.

Our model can be regarded as an extended model of symmetric diffu-
sion networks. The learning algorithm in our model can also be stated, as
expected, in terms of covariance statistics. The main difference between our
model and the ordinary symmetric diffusion networks is due to the def-
inition of the drift term. The ordinary symmetric diffusion networks use
Hopfield’s drift (Movellan & McClelland, 1993), while in our model, the
drift term is derived from a nonlinear potential. The transitions in the pro-
posed model are governed by a stochastic differential equation (SDE), and
the order parameter converges to a Boltzmann distribution, under some
condition on the drift term, derived by a Fokker-Planck equation (Feidlin
& Wentzell, 1984). We call the proposed model an extended symmetric diffu-
sion network (ESDN). The ESDN can be translated, as a special case, to the
discrete-state Boltzmann machine with ease.

We apply the ESDN to the estimation problem of an entire probability
density function and a searching function for the image processing exe-
cuted by a synergetic computer. For this purpose, it is essential to clarify
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the relationship between the weights of the ESDN and the coefficient val-
ues of governing equations of the synergetic computer. The coefficients for
the desired function can then be designed by learning in the ESDN. The
learning algorithm of the ESDN can be regarded as a version of the learning
algorithm of synergetic computers.

In section 2, we describe the outline of the image-associative function
of synergetic computers in order to introduce the notation and definitions
necessary for what follows. Section 3 proposes a learning mechanism in the
ESDN to design the coefficient values of synergetic computers. Extensive
simulation experiments have been performed to show the usefulness of
our model, and some results are reported in section 4, together with some
considerations about them, where the ESDN is applied to the estimation
problem of a probability density function and the proposed searching func-
tion. Section 5 concludes this article.

2 The Image-Associative Function of Synergetic Computers

In this section we introduce the dynamics of the image-associative func-
tion using synergetic computation together with the notation necessary for
what follows. Suppose that the architecture of the system consists of N fully
connected components. The number N is assumed to be very large. Let X;
denote the output of the ith component. The state vector of the system is de-
noted by x = [X1, X2, ..., Xn]" in AN where T denotes the transpose and SN
the N-dimensional Euclidean space. The mth embedded pattern is encoded
in the system by vector vy = [v1, vz, ..., vn]} in RN, It is assumed that the
number of embedded patterns is M, which is sufficiently smaller than N.

2.1 Dynamics. Whenan input pattern vector x(0) is offered to the system
as the initial state vector, the dynamics of the system is described by an
equation of the form

‘;—f =Y am(VipOVim — B Y (VROZ (VO — v XX, (2.2)
m m m'#m

where the coefficients oy (m = 1,2,..., M), B, and y are constants, and

the vector v is the adjoint vector of the mth embedded pattern vy, and

Ix|?> = x"x (Haken et al., 1989). The adjoint vector v is the mth row vector

of the generalized inverse matrix u satisfying

uv = Iy, vu = Iy, (2.2)

where I, denotes the identity matrix of order n and v = [v1, va, ..., Vvm].
More specifically, denoting the Kronecker delta by §nn, that is, Sqmm = 1 if
m = m’ and §mm = 0 otherwise, the adjoint vectors have the property

V$Vm’ = Smm/ (2.3)
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2.2 Order Parameters. It is known that synergetic computers can re-
move noise that lies inside the space spanned by the embedded patterns
Vm. Let z = [z1,22,...,2zn]" in MN be the noise vector orthogonal to the
space spanned by the adjoint vectors v;;. This means that

vtz =0, m=12...,M. (2.4)
For some y the state vector x can be written as
X=Vy+2Z (2.5)

Itfollows fromequations 2.2, 2.4, and 2.5 that the mth element of y is obtained
as

Ym = VX, m=12,...,M. (2.6)

The element yy, is called the mth order parameter and y = [y1, Yo, ..., ym]"
in |\M, the order vector. Hence, the state vector x is translated to the order
vector y having a less dimension via equation 2.6.

From equations 2.3, 2.5, and 2.6, we can rewrite equation 2.1 in the form
of temporal change using the order parameter y,, and the noise vector z:

dym
% = {Olm =B Yo —v (Zy?n + |Z|2)]Ym @2.7)

m'#m

dz
&= (Z 2 + |z|2> z. (2.8)
m

From equation 2.8, the noise vector z converges to the zero vector as time
goes to infinity. This implies that the system can remove the noise vector z
orthogonal to the space spanned by the adjoint vectors v;; from the input
pattern x(0). Also, if the coefficient y is large enough, then |z|2 in equation 2.7
can be dropped to yield

W

e {am —B+Y) ) Yo — yy%} Ym- (2.9)

m'#m

It is clear from equation 2.9 that a suitable choice of coefficients «m, 8, and
y makes only one order parameter yyn, (Mg € {1,2,..., M}) converge to
unity while the other y, (m £ mg) converges to zero as time goes to infinity.
This means that the system can also remove the noise that lies inside the
space spanned by the embedded patterns v,. Recall that this noise cannot
be removed by the usual autoassociative function.

€202 Joquiaoa( 1.z U0 Jasn AINN NSLIYNIY VINVAOL Ad Jpd'2z€91.000£6699.26680/.8 1 718/G LY L/9/1 L/Ppd-8[0lIE/008U/NPa HW0811p//:d)Y WOl papeojumoq



Learning to Design Synergistic Computers 1479

I
——————— N |
¥ 2
BRE ERE

J 0 =L
200 40 600 STEP I 200 400 600 STEP
(a) (b)

Figure 1: The transitions of order parameters yp, in the usual image-associative
function with g = 3. (a) The initial state y(0) = [0.1, 0.2, 0.3]" is used. (b) y(0) =
[0.4,0.6,0.8]" is used.

2.3 Functions. A system using synergetic computation can associate the
initial state x(0) with the embedded pattern vy, (Mg € {1, 2, ..., M}) having
the largest correlation to the initial state. This function is called the image-
associative function. In order to execute this function, we set the coefficients am
(m=1,2,...,M)and y inequation 2.1to be o, = 1and y = 1, respectively.
Howvever, the coefficient 8 can be arbitrary as far as it is positive (Fuchs &
Haken, 1988). The dynamics of the order parameter yy, is then given by

dy
o =LA D Vi = D Y ym (2.10)
m’'#m m

Figure 1 depicts the transitions of the order vector y in equation 2.10. It
is observed that only one order parameter, ym, (Mo € {1, 2, ..., M}), con-
verges to unity, and the other order parameters y,, (m # mgp) converge to
zero. The survival order parameter yn, is related to embedded pattern vp,,
which has the largest initial value ym,(0). The results in Figure 1 suggest
that such systems execute the image-associative function depending not on
the coefficients am, 8, and y, but on the initial order vector y(0).

Another function proposed in this article is a searching function for the
image processing of complex systems. The searching function is executed
by assuming the coefficients oy, and g in equation 2.1 to satisfy

ar>a2>--->apm, B=1l—y, y=>0.

From equation 2.11, the dynamics of the order parameters yy, is then given
by

dy
= 1em > Y- yyﬁq} Ym (2.11)
m'£m
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Figure 2: The transitions of order parameters y, in the proposed searching
function with y = 3. (a) The parameters oy, are set to be [0.3, 0.1, 0.5] and the
initial state is y(0) = [0.1, 0.2, 0.3]". (b) ay, are [0.5, 0.3, 0.1] and the initial state
isy(0) =[0.4,0.6,0.8]".

Figure 2 shows the transitions of the order vector y in equation 2.12.
Observe that the order parameter ym, survived there is related to the largest
coefficientam,, not to the largest initial value ym, (0) asin Figure 1. The results
reveal that the proposed searching function executes the image-associative
function depending not only on the initial order vector y(0) but also on the
coefficients oy, and y. The problem of how to determine these coefficients
to execute the desired function then needs to be solved. In the next section,
we propose a learning mechanism to solve this problem.

3 The Learning Mechanism

3.1 Foundations of the Proposed Network. Suppose that a system con-
sists of M components. Later we consider the order parameters as the sys-
tem. The transition of the state of the system is governed by a stochastic
mechanism. Let X(t) = [Xy(t), Xa(t), ..., Xm®]" in 98M be the state vector
of the system at time t, where X;(t) denotes a random variable representing
the state of the ith component at time t. We assume that the dynamics of the
system is given by the following stochastic differential equation (SDE),

dX(t) = DO (X(t)dt + o (X(t)dW(t), (3.1)

where D (x) = [D{” (x), DY (x), ..., D (0T in ”M is the drift vector with
polynomials Dﬁ?(x) of order r, o (x) is a diffusion coefficient matrix, and
W(t) is an M-dimensional standard Winner process. It is assumed that a
unique strong solution to the SDE exists. The existence of such a solution
is guaranteed under some condition on the drift vector and the diffusion
matrix (Karatzas & Shreve, 1988).

€202 Joquiaoa( 1.z U0 Jasn AINN NSLIYNIY VINVAOL Ad Jpd'2z€91.000£6699.26680/.8 1 718/G LY L/9/1 L/Ppd-8[0lIE/008U/NPa HW0811p//:d)Y WOl papeojumoq



Learning to Design Synergistic Computers 1481

Let p(x, t | Xp, to) be the temporal change of the conditional probability
density. We will denote

pt(X) = p(X, t | Xo, to).

Then the probability density function p(x) satisfies the Fokker-Planck equa-
tion,

M M 32
20 {Kij00pe ()}, (3.2)

8pt(x> XD (o

= X

l\)ll—‘

where

Kij(0) = Y _ oi(X)0j (X).
k

Here ojj(x) denotes the ijth component of the diffusion coefficient matrix
o (X).
As a special case, suppose that the Kjj(x) have the form

Kij(x) = KX)éj, i,j=12,....M

for some function K(x). Then equation 3.2 can be rewritten as

)

8pt(X) _ Z 9Gi(X)
o AX;

where G;(x) is defined by

Gi(x) = D" (X)pt(x) — 58—{K<x>pt<x>}

and is called a probability current variable.
Let pst(X) denote the stationary probability density,

Pst(X) = tIingo Pt(X),

if it exists. Since the solution to the SDE 3.1 is Markovian, the stationary
solution is unique if it exists (Movellan & McClelland, 1993). Suppose that
the stationary probability density exists. Then it must be true that all the
probability current variables Gj(x) vanish, that is, the equations,

10 .
DI (0pst() — 5= AKOOPst(0} =0, T1=1.2..... M, (33)
1
must hold. We expect that the stationary density pst(x) is of the form

C
Pst(X) = m exp{—V(x)}, (3.4)
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where C is an additive constant and is determined from the normalization
condition of the stationary probability density pst(x):

//-~-/pst(x)dx1dxz~--dx,v| =1.

The density function given by equation 3.4 is called the Boltzmann distri-
bution and V(x) the potential. Substituting equation 3.4 into 3.3 shows that

the drift coefficients Di(r) (X) must satisfy

K(X) 0V (X)
2 X

Di(r)(X) — i=12,....,M (3.5)

The existence condition of such a potential V(x) is given by

D" (x (r)
A B I iD' (X)}, i=12.. .. M (3.6)

ax | Koo [ ax | Koo

If condition 3.6 is met for all i, then, from equation 3.5, the potential V(x)
can be obtained as

1 v ) v/ /
V(x) = — fa Ko0) i;Di o<dx, (3.7)

where a is a constant vector (Stratonovich, 1963).

3.2 An Extended Symmetric Diffusion Network. Consider a neural
network consisting of M neurons whose dynamics is given by equation 3.1.
We assume that the interactions among neurons inside the neural network
are described by

;
Q) — w® () .y .
D" (x) = wP+) " ZZ"'_ZWijljz ..... e Xir Xz Xy (o (38)

r=2 i i Jo-1

()
kika, ...,

For example, the drift D{"” (x) with r = 4 is given by

4 1 2) 3)
DY) = wit + 3 wilxj, + ) ) Wik xi X,
it it

+ Z Z Z Wi(ﬁ)jz ja X1 Xj2 Xjs- (3.9)

o2 s

where the weightsw

, areperm utationally symmetricaboutky, ko, . .., k.
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As for the external noise, we assume the independent gaussian noise, that
is,

0jj(X) = \/63“',
where Q is constant. It follows that the probability current variable is given
by
Q3a
2 0Xi

We call this neural network an extended symmetric diffusion network (ESDN).
The main difference between the ESDN and the ordinary symmetric diffu-
sion networks is the definition of the drift Di(r) x).

The nonlinear drift D{” (x) of the ESDN satisfies the existence condi-
tion 3.6 of potential V(x) under the condition of permutational symmetry.
It follows from equations 3.7 and 3.8 that the potential V(x) can be written
as

Gi(x) = D (x)pr(x) — P, i=1,2...,M.

r
V(X) = —é Z% ZZZWR ..... XX s g s (3.10)
r=1

e i

provided that the stationary probability density exists. Hence if the state vec-
tor X(t) evolved by equation 3.1 converges in distribution for given weights

WI((?kz _____ K and a given constant Q, then the stationary probability density

pst(X) is given by
Pst(X) = Zo ™' exp{—V ()}, (3.12)

where Zq is the total partition function.
In order for X(t) to converge as t — oo, we need to assume a particular

form of the drift function D{” (x). Namely, we require D{" (x) to satisfy some
condition so that the state vector X(t) will not explode. This requirement
holds, for example, if we assume that all the coefficients are zero other than

w? and w¥ and wi(i‘}.j) are negative in equation 3.9. In this case, we have

iijj

4
D00 = | WP +3> " wiix? + wiihx? | xi, (3.12)
i#

so that there exists some B; > 0 such that D{* (x) < 0 for all x; > By while
D (x) > 0 for all x; < —By. In the next section, we define

B+y . .
wP = q;, Wi<i‘J‘_J,):_T G#£0), wil=—y (3.13)
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in order to relate the ESDN to the synergetic computer. Note that this def-
inition of the coefficients makes the dynamics of the ESDN have the drift
3.12 being equal to equation 2.9.

When performing simulation experiments, we need to discretize the SDE
3.1 as follows:

AXi(t) = DIV (X(1) At + /Q AW;(), (3.14)

where At denotes the length of the time step. This discretization is valid
if the SDE has the unigue strong solution. Note that in order to guarantee
this mathematically, it is enough to assume that the drift vector is uniformly

bounded. This is done if we modify the drift term D{* (x) as
D™ (x) = max [D§4> (X), Ki}

for x outside the region B, for some K; < 0, where
Bz = {X = [X1, X2, ..., xm]": [Xi| < B2}

forsomeB; > B; > 0.ButifB; issufficiently large, this modification does not
contribute to the dynamics of the state vector X(t). Hence, for example, if the
weights are defined as in equation 3.14, then the state vector X(t) satisfies all
the properties we need. Now let &j(t) denote independent standard gaussian
random variables. By assumption,

AW (D) = &V AL
It then follows that

Xi(t+ At) = Xi(t) + D{” (X(t) At + QAL &(t). (3.15)

In actual computation, we use equation 3.15 for the ESDN.

Before closing this section, we show the relationship between the ESDN
with r = 2 and the discrete-state Boltzmann machine. Suppose that the
Boltzmann machine consists of M neurons. We denote the state vector of
the discrete-state Boltzmann machine by u = [uy, U, ..., um]" where the
outputs u; take on values 0 or 1. The weight from the jth neuron to the ith
neuron is denoted by wijj; however, wj; = 0 is assumed. The ith threshold is
denoted by 6;. The stationary probability mass function of the discrete-state
Boltzmann machine with a positive temperature T is given by

E

where Zt denotes the total partition function, and its energy function E(u)
is

E(u) = —% ZI: ZWijUin + Zeiui.
J
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Letr =2and wi(l) =0(=1,2,...,M)inequation 3.10. For a vector y =
[, 2, - ... um]" in M, we substitute x— 4 in the place of x in equation 3.11.
Then, defining the matrix C~1 = (Cal) where

it follows that
Pst(0) = Zg texp{—(x — 1) TCT (x — )}

The matrix C = (Cj) is the covariance matrix if the inverse of C1 exists.
Thus

pr(u) = Z' "Fulps (X + )},

where Z' denotes the total partition function and Fy{-} is an operator to
calculate the Fourier transformation,

. 1
Fufpst(X+ )} = /exp{—Jx - U} pst(X 4+ p)dx = exp {—EUTCU} .

This means that the weight wj; and the threshold 6; of the Boltzmann machine
are proportional to the weight Wi(jz) of the ESDN, that is,
wjj = Cijj, 0i = 2Cj;.

Hence, we have shown that the ESDN with r = 2 is reduced to the discrete-
state Boltzmann machine.

4 Simulation Results

In this section, we demonstrate two applications of the ESDN: one for the
estimation problem of an entire probability density function and the other
for the searching function described in section 2.3 of the image processing
executed by a synergetic computer.

4.1 ldentification. We show that the ESDN has the ability to reconstruct
the unknown potential. This ability is essential to design the coefficient
values of the governing equations of a synergetic computer. We will use the
ESDN with r = 4 for this purpose; we shall employ the definition 3.12. Then
the potential (see equation 3.10) is given by

2 & 1 1¢
Vo = =g D (Wit + 5w+ 7 ) Wi xex ]
Q= =t

and the data are generated on the basis of equation 3.11. In actual compu-
tation, we take the time step At equal to 0.05 in equation 3.15. The iteration
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Figure 3: The probability density function as the learning data.

of learning is terminated if AX;(t) < 0.01 for all i. Figure 3 shows the prob-
ability density function to be learned. The density function possesses two
clusters that are plotted on the two-dimensional plane 932. The ESDN con-
sisting of two neurons is used to reconstruct the unknown potential. An
output of neuron is denoted by x = [x1, x»]". Figure 4a shows the outputs
of the ESDN before learning. It is observed that the ESDN generates dif-
ferent outputs from the training data. In contrast, as shown in Figure 4b,
the outputs of the ESDN after learning are quite similar to the presented
data. The fitness to the unknown potential is confirmed by calculating the
moments of the probability density function. Tables 1 and 2 list the mean
vector, covariance matrix, and some higher moments of both the outputs of
the ESDN and the presented data, where u in $3? is the mean vector and

mj(lrj)z,....,j, is the rth moment. It is verified that the two distributions possess
at least similar moments. The result reveals that the ESDN can acquire the
external probability density function by learning. If the polynomial degree
r becomes larger, some system combined with an ESDN may be able to pro-
duce a better approximation to the external density function. Such a prob-
lem is of interest and in progress. At this point, we note that the probability
neural network (Streit & Luginbuhl, 1994) using a backpropagation-type
learning algorithm, can also approximate the external probability density
function. The learning algorithm used in such neural networks is similar to
an expectation-maximizing algorithm (Dempster, Laird, & Rubin, 1977). It
is known that the probability neural network has the capability of recon-
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Figure 4: (a) Outputs of the ESDN before learning. (b) Outputs of the ESDN

after learning.

Table 1: The Mean Vector and Covariance Matrix.

1487
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structing the unknown potential; however, it is difficult to determine the
number of necessary components. The ESDN can avoid this problem be-
cause the minimum number of necessary components is determined by the

number of probability variables as a prior knowledge.

Table 2. Higher Moments.

3) 3) 3) 3) 4

4)

4)

4 4

Myp My My My My Myggy Mize Mgy Myn

Trainingdata  0.10 003 015 031 932 350 3.68 3.99 11.11

Outputs 55 041 —042 —026 266 150 179 145 2.56
before learning

Outputs 007 002 016 035 939 357 363 389 1041

after learning
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Table 3: Values of the Degree of Impression Ap,.

Parameters A1 A2 A3 Aa As A6 A7

Values 1.0 0.9 0.8 0.7 0.6 0.5 0.4

4.2 Searching Functions. In this subsection, we consider the image pro-
cessing that associates the initial image to different embedded patterns by
adjusting the coefficients of equation 2.1. For this purpose, we employ the
ESDN consisting of three neurons with r = 4 and the coefficients defined
in equation 3.13. Then the synergetic computer satisfies the proposed equa-
tion 2.11 for the searching function, and the coefficients o, and y are de-
signed by learning of the ESDN. However, the condition for the coefficient

B to achieve the searching function implies that the weight Wi(i‘}-j) withi # jis
1/3. Three fingerprints are used as the embedded patterns (v1, V2, v3). To as-
sociate the embedded pattern v, for example, we give the vector [1, 0, 0]"
as the training signal. The ESDN learns the parameters oy, (m = 1,2, 3)
and y of equation 2.1 for each pattern. Figure 5 shows that the three differ-
ent embedded patterns are associated with the same random initial image.
Such image processing cannot be executed by the usual associative function,
which depends only on the initial state. The embedded patterns consist of
256 x 256 pixels, each pixel being painted by classifying 256 levels from 0
(white) to 1 (black). The noise vector z, which lies orthogonal to the space
spanned by the embedded patterns, changes according to time. Figure 6
shows the behavior of the noise vector z when the embedded pattern v, is
associated by the synergetic computer.

Finally, we provide another searching function. Figure 7 shows the em-
bedded pattern that combines seven embedded patternsvp, (m=1,2,...,7)
linearly. Each embedded pattern is represented by one person. The embed-
ded patterns consist of 256 x 256 pixels, and each pixel takes on values
between 0 and 256. The values 0 and 256 describe white and black, respec-
tively. Let A, denote the degree of impression for person m. The impression
values are listed in Table 3. The degree of impression to the person corre-
sponding to the embedded pattern vy is weaker than one-half of that to the
person corresponding to the embedded pattern v;. The difference in the
degrees of impression (A1 > A2 > --- > A7) means the difference in the
information of the hierarchy among the embedded patterns. The coefficient
B can be set to be 1 — y. In order to execute the searching function, the
coefficient y is given by 1.6. Figure 8a shows the associative pattern of the
synergetic computer for y = 1.6, and Figure 8b shows that for y = 0.5. The
input pattern is offered by a noisy pattern in both cases. In this demonstra-
tion, it is shown that the searching function of the synergetic computer can
associate the initial pattern with the embedded patterns, depending on the
degree of impression.
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initial 100 200 stationary
state steps steps state

Figure 5: Associative processes of the embedded patterns. The initial state is
the same random pattern.

5 Conclusion

In this article, we proposed a searching function of the image processing for
complex systems using synergetic computation. For the implementation of
the searching function, the coefficient values of governing equations of the
system need to be determined. We propose for this purpose an extended
symmetric diffusion network that can learn the dynamics of the system
derived from the nonlinear potential. As a special case, the continuous-state
ESDN can be translated to the discrete-state Boltzmann machine.

The purpose of this article is to show the application of the ESDN to a
synergetic computer with the searching function in addition to the usual
image-associative function. The weights of the ESDN and the coefficients of
the synergetic computer are connected to achieve the desired property. In
simulation results, the basic property of the ESDN is shown through the esti-
mation problem of an entire probability density function. The result reveals
that the ESDN can acquire the external probability density function success-
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(d) stationary
state

Figure 6: Transition of the noise in the associative processes. The noise is re-
moved at the stationary state.

Figure 7: Embedded patterns and the hierarchy among them for the searching
function.

fully. Finally, we demonstrated an application of the searching function to
complex systems by using the proposed learning mechanism of the ESDN.
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Figure 8: (a) Associative pattern (y = 1.6). (b) Associative pattern (y = 0.5).
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