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Abstract —This paper proposes a neuro-fuzzy architecture of number of particular pattern in the set of fundatakn

evolving autoassociative memory network. Learning of given
construction is based on fuzzy basis functions. Thalgorithm of
membership functions centres determination is desised and
processes of fundamental memory patterns accumulath and
their retrieval are considered. This hybrid neuro-fuzzy system
combines advantages of artificial neural networks, fuzzy
inference systems and evolving systems and its ugirallows
researchers to increase autoassociative memory cajitg without
considerable complication of its construction.
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I. INTRODUCTION

One of the important properties of the biologicalib is the
ability to remember the information and later g it using
the system of associations. This means that orer [gattern

can be identified even after a long time, in spit¢he changes

that might have taken place. Sufficiently wide slasf
artificial neural networks, called associative meynaeural
networks, simulates this function of brain [1-7].

An artificial memory usually represents either fieeaiard
neural network (static associative memory), or neau

(dynamic associative memory) neural network. Such lin
memory stores the patterns, which were presentedt to

(recording phase), and in retrieval phase rechémtfrom the
memory, associating newly presented data with evageen.
At the same time, all presented and recorded patferm the
set of fundamental memory.

In contrast to usual computer memory blocks in akeur

network memory information is allocated to the wehskt of
neurons, which form the network that raise theakglity of

storing. Information search is executed not by aslslrbut by
content. The possibility of distorted or incompletéormation

processing is ensured that allows one to recogroseectly
the whole pattern by its "noisy" fragment.

The main difference between neural network memoy a

approximating neural networks is that the lattedire unique
nonlinear mapping

y(K = F((K), (Re R, X ke R,

whereas associative memory maps k) all possible
input vectorsx that belong to some neighbourhood xgk) ,
such that|x- x(K)| < &. Here y(K), x(k) - (mx1), (nx1) are
fundamental memory vectors recordekl, 2,...,| — the

memory, & — positive parameter.

Autoassociative memories that realize the mapping
X(K) = F(XK) for all x that belong to the neighbourhood
defined by parametes are widely spread among variety of
neural networks memories structures. The main foncof
these neural networks is retrieval of incompletedstorted
information, e.g., pattern recognition by photo agcror
diagnostics using the data with gaps and mistakes.

Correlation  matrix-memory, eigenvector automata,
Hopfield neural network, autoassociative multilayer
perceptron, bidirectional associative memory, "B&tate-in-
a-Box" neural network model, are the most populaorg
neural networks memories [6]. The common disadgniat
given memories is their small capacity, which idirted by
the ratio of recording patterns numbeo their dimensionality
n. The valuel/n for these memories usually doesn't exceed
unity.

Lattice-Based Associative Memory Networks (LAMN)
[8,9] have a considerably larger capacity in corigoer with
the above-listed constructions. LAMN are very samilto
widespread Radial Basis Functions Networks (RBFN) b
architecture. Output signal of these networks rsnfed using
ear combinations of mutually overlapping radialsis bell-
shaped functions that are evenly distributedh-timensional
input space.

The main difference between LAMN and RBFN is that
multi-dimensional radial-basis functions are fornfesim the
univariate fuzzy basis functions [10]. The centodsthese
functions are disposed equidistantly from each rotba
univariate axis that correspondsitth (i=1,2,...,/ component
of multidimensional input signal. The curse of dive®nality
that leads to exponential growth of hidden layeuroas with
growth of input space dimensionality is the priradip
disadvantage of these neural networks.

Hybrid neuro-fuzzy systems [11,12] that combine the
advantages of artificial neural networks and fubzfierence
system, provide the associative memories capanityease
without essential complication of construction.

Il. AUTOASSOCIATIVE MEMORY LEARNING BASED ON FUZZY
BASIS FUNCTIONS

The neuro-fuzzy architecture shown in Fig.1, is exdnfor
storing the fundamental memory patterns s€t(k) |,
k=12,..), X (k) e R', which form (nx|) —matrix X". The
given architecture contains four layers of inforimat
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processing and is sufficiently close to L.Wang-Joktiel fuzzy where x™ and Xx™ maximum and minimum elements of
network [10,13], although solves other problems. the i-th raw of matrix X" correspondingly. Inverse to (1)
The first layer is formed bgl nodes, each of which realizestransformation looks like
the membership functiomi o that corresponds to thieth _
coordinate ok-th stored pattern. These functions are defined X =X"X - X" (%-1),
on the interval [0,1] that requires prior initiahtd encoding
using the relationship in this case, ifX™ < X < X™*  then0< X <1.
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Fig. 1. Recording subsystem of associative memetyark using fuzzy basis functions
In the simplest case membership functions caniaedle, as
shown in Fig.2, and their analytical expression is o %-Ga o
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networks [15] learning and is realized by the piphe “neurons

at data points” [16], so that centres of the mersiiprfunctions

of the first layer coincide with the coordinatesstdred patterns
projections.

This process is illustrated with an example in Fign the
upper part of Fig.3 three two-dimensional patterns
X (1),X (2),x (3) of the fundamental memory to be stored are
shown. Their projections onto the axgsand x, are disposed
5o thatx; (1) < X (3)< X (2) and x,(3) < X(2)< %,(1). These

wherec;; — parameter of membership function centre, which batterns denoted asx (1) , X (2) , X (3) after the

defined in learning process.

A ~

14 ———4 2t ————l1
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\
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Fig. 2. Membership functions of recording subsystem

transformation (1) are shown in the lower part of & They are
placed either in the vertices or on the sides ef uhit square
(hypercube in the multi-dimensional case). In thijgecific
situation, the architecture shown in Fig.1 has tmputs and six
membersh!p functl'onsptm), Rewr Mo Mo Bie Pog
Membership functions centres relate’ to the prapestiof the
patterns X (k) onto the axesX (k) so thatc,=%(1)=0,
Cy = )~(1(3) » Gy = 7(;(2):1 and ¢, = ~*2(3)= 0, Cp= 7(2(2) )
C,=%(1)=1. Each of the centres connects with its own
membership function;, j=1,2,3; i=1,2, also illustrated in
Fig.3 and described by the relations (2)-(4). Thuembership
functions centres are defined during the learnirae@ss in the
first layer and unique correspondence betwégfk) and C;
and betweenu . o and p; is determined.

Thereby, the membership functions number is changin
during the learning process, which allows one téerreahe
proposed network to the evolving connectionistesyst [17].

X2A

Such a way to specify membership functions provides

Ruspini unity partition automatically, i.e., thenzhition X .
%) |———oXx (1)

l % |
g BI=L ©) Xp(4)m === === === - *x4)
¢ %)== F-—m————- 4|-———-0X(2)

The first layer membership functions are united liocks of
n functions, and each of the blocks correspondsioparticular

|

holds, although it is possible to use other furio %(3) "“i ———— X (3) i
I I
| |
| |
1 1

pattern of fundamental memoty (k) . The second hidden layer | X
is formed byl multiplication blocks. This layer implements % (1) X(3) x4 %2
activation values aggregation of each stored patser that in a)
multiplication blocks valuei_[_inzlux,(k (%) are computeq. After Soa
that these values are added in the Isummatlon bittitrd hidden . x (1)
layer, which computes the valu}®, | i":lu%,(k (%) . Output 1) = ;
layer realizes the normalization of the output aigm that when ~ G2 | M3z
the arbitraryn-dimensional patterrX feeds to the system input, Hu lay
| signals !
%, (A) —- Y 2T N %(4)
3 - [ N
“X(k)(x)z |7n yk:1121 yl - 2 : |
(% . | A= [
2 o ®) %@=) X \l1 %
“D)=_%(3)= %(4) %(2)=
appear in the output. 2 1): i =G =1
Learning process of the given architecture is simib the b)

probabilistic neural networks [14] and general esgion neural F'9- 3- Leaming of the membership functions centre
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As a result of learning process, the architectufethe When the arbitrary patterfi( p) is fed to the input of the
associative memory recording subsystem is formd]. [t is system, shown in Fig.4, its membership levels toheaf the
defined by the fundamental memory patterns numidso patterns from the fundamental memory are calculaged
membership functions, which are defined by the mlutu

disposition of the patterns, are calculated. n o
P P [To; 0% (PY
Ill. PATTERN RETRIEVAL FROM THE AUTOASSOCIATIVE MEMORY Ky (k)( (p) = [ n  k=12,..1,
BASED ON FUZZY BASIS FUNCTIONS ZI_IMx b & ()
k=1 i=1

After thel patterns of the fundamental memcﬁ);l), X (2), ) _ ) )
after what, maximum detector defines maximum mestipr

X (I ; L
, X () are stored in the autoassociative memory, theesyst yalue % (X(P) . The output signals of the autoassociative
is ready to operate in the retrieval phase. Rengrdubsystem, memory are this maX|mum value and pattern of tmel&mental

shown in Fig.1, must be supplemented byt input memory X (k) = argu’’,, (X(p)) corresponding to it.

multiplier units, adder witH! inputs and maximum detector. Once more operatlng phase is provided in this syste is
B assumed that the processed patt&fp) can be associated not
Patternsx( P , p=I1+11+2,..

, which are fed to the system, with unique pattern of the fundamental memdaiyk) , but can
also must be encoded according to the relationHa@jvever the e represented as a combination of the patternspgraith

situations wher® (P) takes either negative or greater than unit/hich X(p) connects with nonzero membership. At that, in the
value are possible. As a result, an additionalsfiemmation of output of the system the “hybrid” pattern of thexdamental

the input signals must be included memory appears
i 4 % ~ l ~ ~*
0.1 % (p)<0, X (X(P) = D1y o (D) X(B. (6)
x(P=1%(P, if 0<%x(pP=<1, kL
Lt x(p)>1 Estimate (6) doesn’t need additional normalizabecause of

: . L . , condition (5).
i.e., practically the projection on the unit segt@nl] is made.

* )‘z max
- By (X(P) T (5(p)
_o— B o fX(P) :
%, (P) Recording —> Maximum % (k) = argu 0 x(p))
. | subsystem of| My [(X(P) { detector |————
* | the associative "
%.(P) memory | |
network using X (1)><R B |
fuzzy basis X(X(P)=X B g (X M) (B
functions ksl

Fig. 4. Patterns retrieval in neural network assige memory based on fuzzy basis functions

Retrieval process can also be illustrated using Figvhere However, when the fundamental memory capakity large,
the pattern, fed to the system after its learnmglénoted as attraction regions of each pattefi(k) can be very small,
x(4) in Fig. 3a and ax(4) in Fig. 3b. It is easy to see thatwhich leads to the appearance of “gaps” in patsmaceR".
X(4) is connected withX (2) by maximum membership level, Returning to the architecture, shown in Fig.1, thisans that in
and X (2) will be chosen by the maximum detector. the output of the second hidden layer zeros assa sesult of

Fundamental memory patteriis(1), X (2), X (3) attraction membership functions aggregation, which means teatral
regions (hatched) are shown in Fig. 5. It is cléeat pattern network memory cannot retrieve pattern presentéd to
%(4) belongs only to the attraction region of tkg2), which In this case the computation of distances betwggs) and
leads to the fact that signal (x(4)) will equal to X' (2). At the all patterns of the fundamental memaxy(k)
same time patter(5), also depicted on the fig.5, belongs to
the attraction regions of th& (2) and X (3) simultaneously, d(x(p), ~>Z(I<)):|| X H- "X( k" k=12,..),

i.e., a “hybrid” pattern will appear in the outmftthe system

. ., o is made.
X (X(5)) = bty ) (XENX (2)+ 11, o (KENK (3)

12



SCIENTIFIC JOURNAL OF R
Computer Science

IGA TECHNICAL UNIVERSITY

Information Technology and Management S@enc
2010

*

A X
-
@1
ILI ~ l
%2 (1) (1)
2
O %(4)
y7 (9
% (2) %(2)
"
AL
AT AT A It
,LIX* 3 . T STttt
2(3) % (3)
% 3* Z :
1 % (1) %(3) X (3
T
I
I
o *
Ro  Hxe)

v

1%

Fig. 5. Attraction regions of the autoassociativenmry based on fuzzy basis functions

The least two distanceh, o, (X P, X (K) . dy, (%P, % (K)

are chosen, after what membership levels are cadpu
according to the expressions [19]

max max/ o _ dr;iznmin()?( p)! ~X*( k))
W) = o . X ()= G (X BB

N 422, ((p), % (¥)
B ) = = 0 X (0)+ X DR

Then in the output of autoassociative memory thgbtid”
signal appears as a result of retrieval

X (X(P) = ™™ (D) Kiomin ( B+ 1% D) 7 K,

*

(k), x (k) are fundamental memory patterns
the nearest to th&(p) .

Where Xmin min min

IV. EXPERIMENTAL RESULTS

For autoassociative memory based on fuzzy basidions
simulation the sample Pima Indians Diabets [20] wsed. It
presents pima tribe indians diabet index and cost&i68
patterns and 8 features. For comparison of operafiiciency
of autoassociative memory based on fuzzy basigifursthe
correlation matrix memory was used [21]. The experit was
carried out under different initial conditions 1@ines, the
results were averaged.

Correlation matrix memory is characterized by thiity to
memorize patterns exclusively less than the nundfetata
features, in our case not more than 7. The refriageuracy
by such memory volume is 33%. If the fundamentaimoey

13

of correlation matrix-memory capacity is increaseten
tWeight coefficients matrix tends to identity matrtkerefore
presented patterns couldn’t be correctly retrieved.

In Tablel the results of patterns retrieval
autoassociative memory based on fuzzy basis fumtiaith
different fundamental memory volumes are summarised

From Tablel one can draw the conclusion
autoassociative memory based on fuzzy basis fumtias
opposed to correlation matrix memory is able to mere
arbitrary number of patterns and retrieval accuriacyeases
when the fundamental memory capacity is extended.

TABLE |

THE RESULTS OF AUTOASSOCIATIVE MEMORY BASED ON FUZZY BRIS
FUNCTIONS OPERATION

Memory volume Memory volume
5 43 %
10 51 %
50 62 %
100 71 %
200 76 %
300 85 %
400 91 %
500 94 %
600 97 %

V. CONCLUSIONS

The architecture and learning algorithms of autoeissive
neural network memory based on fuzzy basis funstiare
proposed. This memory has increased capacity and
characterized by simplicity of the realization. Thmmposed
neuro-fuzzy associative memory has expanded fumeitio

using

that

is
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Jevgayijs Bodjanskis, Natilija Teslenko. Uz izplidu§am bazes funkcijam balstita autoasocialvas atminas evoluciogjoSa sisema

Rakst piedivata evoluciogjoSas autoasociabs atmpas neironu-izgiduma arhitekira. Dofis konstrukcijas apacibas algoritms balgs uz izptiduSu lazes
funkciju izmantoSanu. Piauats kazes funkciju jeb pied@vas funkciju centru noteikSanas algoritm®alt izskatti fundamenilas atmpas €lu uzkiasanas un to
turpmikas atjaunoSanas procesi. Ap#gatarhitekiiras apracibas process tiek readis Ec principa ,neironi datu punktosida veida, lai piedetbas funkciju
centri sakristu ar iegaud@amo €lu projekciju koordiatam. Piedivata hibrida evoluciorgjosa neironu-izptiduma sistma ietver niksligo neironuiklu, izpludu&
izveduma sigimu un evoluciogjoSo sistmu priekSrotbas, un s izmantoSangauj paaugstiit autoasociavas atmpas lielumu, nesargfot tas konstrukciju.
leviestajai evoluciogjoSas neironu-izpiduma asoci&as atmpas sistmai piemt plaSas funkcioflas iesgjas, un i lauj realizt atjaunoSanu $vta
fundamenilas atmpas €lu kombiraciju forma.

EBrennii Boasguckuii, Haranus TecjieHKo. DBOJIIOIMOHUPYIOLIASI CHCTEMA ABTOACCONMATHBHON NAMATH HA OCHOBE HEYETKMX 0a3UCHBIX (pyHKuMit

B crathe npenioxkeHa Helpo-(has33u apXUTEKTypa SBOIOLMOHUPYIOIIEH aBTOACCONMATUBHON MaMATH. AJITOPUTM OOy4EHHUsI JaHHOH KOHCTPYKIMM OCHOBAH Ha
UCHOJIb30BAaHUH HEYETKUX OasucHbIX (yHkiwmit. [IpencTaBieH alroput™ onpesieeHus UEHTPOB 0a3UCHBIX (DYHKIUH WM (GYHKIHH NPUHAIICKHOCTH, a TAKKe
PacCMOTPEHBI IPOLECcCH HAKOILUICHHS 00pa3oB (yHIAMEHTAIBHON IaMATH U UX IOCIEAYIOMIEro BoccTaHOBIeHus. IIpomecc oOydeHHs TaHHOH apXHUTEKTYPHI
peanu3yeTcs 10 IPUHIUITY <HEHPOHBI B TOYKAX JAHHBIX» TaK, YTO LEHTPbl GYHKIUH NPUHAUICKHOCTH COBNANAIOT C KOOPANHATAMH NPOCKIHIT 3alIOMHHAEMBIX
ob6pasos. [IpennoxeHHas rHOpUIHAs BOTIOLUOHUPYIOMIAs Helpo-(ha33u cucTeMa coyeTaeT B cebe NMPenMyIlecTBa HCKYCCTBEHHBIX HEHPOHHBIX CeTei, chcTeM
HEYETKOr0 BEIBOJA, W DBOJIONHOHUPYIONIMX CHUCTEM, a e¢ HCIOIb30BaHHE IO3BOSIET MOBBICUTH €MKOCTh aBTOACCOIMATHBHOH IaMATH 0€3 CyIIECTBEHHOTO
YCIOXKHEHUsI KOHCTPYKIUH. BBeneHHas cucteMa dBOMIONUOHUpYIONIEH Heipo-(ha33u accOMaTUBHON MaMATH 00JIagaeT PAaCIIMPEHHBIMU (YHKITHOHATLHBIMU
BO3MOXKHOCTSIMU U IIO3BOJIICT IIPOU3BOAUTH BOCCTAHOBJICHHE B ()OPME B3BELICHHON KOMOMHALMN 00pa30B (hyHIaMEHTAIBHOIN NaMSTH.
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