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Abstract : Defect recognition on masks and integ circuits is a ti
application of the self-organizing feature map. In the first part of this paper we present a
distributed imple ion of the self- izing map with a modified learning rate and

Update strategy for time-consuming apptications. After that, an automatic interpretation
algorithm which generates a field of membership values for each processing element of
the feature map will be described. Applying the concept of linguistic variables, this field of
membership values which represents the degree of betonging of a processing element to
a diister, can be interpreted as a fuzzy rule and will be combined with a fuzzy rule based
system. We use Anderson's IRIS data to itlustrate our method and compare the resuits
with other approaches.

Keywords : self-organizing feature map, distributed Simulation, fuzzy diister analysis,
fuzzy Controller, fuzzy rule generation

Résumé : La reconnaissance de défauts de masques et de circuits integres est une
application colteuse en temps d'exécution de la carte topologique auto-organisatrice.
Dans une premiére partie, cette communication présente une implémentation de la carte
auto-organisatrice, avec un taux d’apprentissage modifié et une Strategie de mise & jour
adaptée aux applications qui nécessitent un temps d'execution important. Un algorithme
d'interprétation automatique est ensuite décrit ; celui-ci engendre un champ de valeurs
d'appartenance pour chague processeur elementaire de la carte topologique. En utilisant
le concept des variables linguistiques, ce champ de valeurs d'appartenance (qui
représente I'appartenance d'un processeur élémentaire & un cluster) peut étre interprété
comme une regle floue et combiné & un Systeme basé sur des regles floues. Cette
méthode est illustrée par les données IRIS de Anderson et est comparee avec les
résultats obtenus avec d'autres approches.

Mots des : carte topologique auto-organisatrice, Simulation distribuée, analyse de
regroupement floue, contréleur flou. generation de regles fioues



1 Introduction

One application of Kohonen's [1, 2] self-organizing feature map (SOFM) is the defect
recognition on masks and integrated circuits [3]. The training phase of the SOFM requires a large
amount of memory and computation. A solution to this problem can be found by a parallel,
distributed implementation of the sheet-like artificial neural network on a local area network. In the
first part of this paper we describe an implementation and some modifications of Kohonen's
algorithm. Simulation results with ditferent norms (euclidean, correlation) as well as a modified
leamning rate and Update strategy will be shown.

The oulcome of the SOFM does not imply a straightforward classification result (such as a
membership to a given class) but instead reveals the structure detected in the data set by
structuring it on the map [4]. Classification decisions require further processing and was done in
the past by an expert after training. It was up to him to identifyand assign patternsto some error
classes (i.e., to draw decision boundaries) by visually recognising potential error classes in the
topographical organized map. For hard clustering a half automatic algorithm was presented in [5]
(potimeter method, hill climber method), but for defects membership values of given patterns to
classes are necessary. Another approach to interpret SOFMs is to define linguistic variables (i.e.
small, medium, high) for eacn component of the map and a mechanism of fuzzy decision theory
to reveal classes itatively [4]. This interpi ion is for low feature
vectors, but for high dimensional vectors the permutations of membership functions and
components achieves too much computation. So in the second part we show that a modified
fuzzy analysis (FANNY) [6] generates the membership values tor the high dimensional feature
vector (16x16 pixels = 256 elements per component). The enlarged weight vector of the SOFM is
a transformation from local pixel pictures to features and can be interpreted as a fuzzy rule for a
fuzzy controller [7, 8].

In the last section an illustration of this method with Anderson's IRIS data and a comparison to
other results are reported. Rnally, some remarks on future research are given to conclude this
paper.

2. Basic terms of SOFM s

First we summarize the basic terminology and leaming rule incorporated in SOFMs. The SOFM
is an unsupervised algorithm which find the "best” set of weights for ciusters in an iterative,
sequential manner. The map consists of (nj x np processor elements (PE's) fully connected to all
input nodes at which n-dimensional pattems x (€ %" are presented, so that each PE Stores a n-
dimensional weight vector. For a weight wi1 j{ .k the two first indices i1 and jy are mapped on one
PE and V indexes the vector element of the PE. As advocated by Kohonen [1,2] the learning
algorithm modifies the weights w in such a way as to reflect the structure and frequency
occeurring in the original input vectors. Given an input vector, the PEs compete among themselves
and the winner (whose weight has the minimum distance from the input) performs the updating
Operation of its weights and those of some set ot predefined neighbours. This Update process is
continued for a predefined number of leaming cycles. So, the closer two vectors xj and x; the
more evident their nei property is Vi I in the resulting map. In the distributed
implementation, a leamning rate hyand ion radius rywhich ith the
time t as well as the number of PEs (njxnj), the number of learning cycles img,and the norm  ||«]|
must be defined. The Update strategy is random but fair, that means all input vectors xj € X =
{x.---.Xm-1}are trained in a random sequence in one leaming cycle.A brief specificationof the
SOFM is:

L. Fixnj. nj, tmax, Ne [0.1], ro D, min(nj.njand [|«]|
2. Initialise wjj e KM, i=1 .nj,j=1 .nj
3. Fort=0..tmay-1: Foralixje X ;
a. Calculate djj = IIx; - Wij”. i=1.nj=1.
b. Compute the position i1 j of the winner : dj, j, = min{djj| i=1 .nj,j=1 .n}
c. Update the winner wj, j; = Wi, j, + hy* (x- Wis ji)
d. I wjj € {wyy | i1 < x <iq#t j1t < y < ji+ ¢ than update wjj
4. Compute the difference Q from weights Wyto Wi.1;
Q=2 |Wy- WH | for all PEs




For ||| the euclidean norm j = Z (- wijk)and correlation norm dij=arccos(| xjc | * | wi | ) can

be used.

Naotes on the SOFM

-Choosing the size of neighbourhood and the learning rate fixes the Update strategies for
the complete Simulation without consideration of the structure in the input data. This is
an artificial update strategy, in which PEs which are not close (regardingto the norm)to
the nearest PE but in the neighbourhood (regarding to the radius) of this PE will also be

changed.

-The SOFM does not use or generate a membershjp value to a partiton U of the data

during training.

3. Distributed implementation of SOFMs

There are a lot of different Computer networks available for use at universities and institutes,
so for faster simulations this resources can be used. We have chosen a thin ether-net with
different workstations (table 1) for a distributed implementation of Kohonen's algorithm Figure 1

shows the principle configuration.

Sun SPARGstation 2 28.5 MIPS 4.2 MFLOPS
SPARGstation IPX 28.5 MIPS 4.2 MFLOPS
SPARCstation ELC - 21 MIPS 3 MFLOPS]
SPARCstation IPC 15.8MIPS 1.7 MFLOPS
HP 8000/375 17 MIPS
DG AViiON series 200 17 MIPS

Figure 2 : Time reduction Of the map with 256
components

checks the execution time of the clients (compute and update the winner CTW, U

| Figure 1 :Hybrid computer network

As the speed and workload of the
workstations  are  different.  the
columns of the leature map Wj
(i=1..m;) are distribuled to the number
Nw of chosen workstations
depending on a short benchmark.
For a data formal undependend
communication the XDR Standard is
used.

Each workstation is a dient and the
operatons of the clents are
synchronised by one central server.
During the Simulation lhe server
and after a

predefined time the map is distributed over the network again, so that the execution time is
minimized. Figure 2 shows the time reduction of the implementation for different workstation con-
figurations In the beginning of the curve, the reduction is nearly linear, because of the low
communication (only the address of the winner has to be distributed), but there is no reduction for

more than six workstations.

workstations 1 2 3 4 5 6 7. @ 9
50x50 06 11 17 21 27 32 35 36 33
MCUPS  35x35 06 1 15 22 26 80 32 33 30
25x25 06 1.0 14 24 29 33 33 36 27

Table 2: Performanceof different feature maps in MCUPS (million connection Updates per second [9]).
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The reason lies in the balance of ion and

time. More means less
computation time. but more communication time per
workstation. In our Simulation experiments we found
that a connection Update time lower then
570ms/workstation doesn't reduce the execution time
(workstations with an average 22 MIPS), so the number
of workstations Ny < (nj*nj*k)/(570ms*typg). Table2
shows for differenl network sizes the performance of
the distributed Implementation (k=256). A second
reason is the Synchronisation time and speed of our
workstations in the hybrid Computer network. At the
beginning the faster workstations with nearly the same
computation time will be chosen. The optimisation for
the further slower workstations is more difficult and the
Synchronisation time increases.
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Figure 4 : The overallsum Q of hammg
distance.

The System security decreases with the number of components, so it is necessaryto implementa
fault tolerance mechanism . If one client is killed, the serverresets all clientsand confinues the
execution of the Simulation at time 1.1 without this client which implifies a defined fault tolerance.

Notes 0N the distributed implementation of the SOFM
- high execution speed
- simulation of memory intensive problems
- fault toterance
- dynamical workload distribution

3.1. Modifications

As Huntsberger [et al. 10] and Bezdek [et al. 11], we consider dynamically the structure of the
input data during leaming and change the learning rate depending on the dissimilarity of the
learning vector x| to the PE wij. Let i1,j{ be the winning PE then wij(t+1) and fjj (fuzzy adaptation)
attime step t are calculated by:



wijt+1) = wiil®) + i) - 5t - lIx- witll

fij(t) = (1 -uj) exp(-fot)+ ujj; Vi = b wiggell :

[ 1]

fo=-¢2

The factor i, (half life) is fixed ai the beginning. At t=0 (f;(0)=1) the Standard learning rate
used- After tmay/2 learning epochs f,%f the fuzzy factor is used, so duringhe learning proce
the structure of the i n pul data influences the feature map exponentially. Figure 4 shows 1l
forced termination on this scheme (ins data). In differences to other calculations only | x- w; i
has to be distributed; the term fjjcan be computed locallyand needs no further communicatior
(eompared with [11]). We also observed in differenl numerical simulations that the cells are bett

d and that the uracyis higher.

4. Fuzzy Interpretation of the SOFM

As Padrycz [et al 4] has already emphasmed the SOFM itself does not produce definil
results of 1 bui rather some links betwee
patterns by projecting them onto the two-dlmensnnal topographical map. He defines linguisti
labels A(w) and intersect these labels to compute the degrees to which they are fulfilled. Th
result can be regarded as a fuzzy rule but for an automatic interpretation there have to b
generated all permutations of membership functions and components (for x membershi
functions and n components x™), so thatonly low dimensionalfeature vectors can be interpretec
In this section we describe a fuzzy clustering technique (FANNY) [6] for partitioning the lealur
map. The degree of a PE belonging to a certain cluster is by means of
coefficients that range from 0 to 1. The fuzzy clustering technique aimsat the minimization of thi
objective function

n'n;
K )'_u2 w2, d(rs)
C =y et 1
Z b e e (1)
s=1

v=1 £9

in which the d(rs) represent the given general distances between PE r=(r/njr%n;) and
s={s/n;,s%n;j), whereas up, is the unknown membership of PE rto cluster v e (1 k7] (% ;= modulo
operator). The distance d(r,s) = a"d'{(r.s) + (1-a)"d'2(r.5) has twa terms. The first term d'y(r,;s)
represents the normalised dissimilarity (||¢]|) of the PE weights r and s and the second term the
normalised geometric difference of the two-dimensional topographical organized map, whereas
a£[0,1] weights this two terms. The factor 2 in the denominator compensates for this duplicity,
while assuring the with other The ip functions are subject to the
constraints

forall upy : un 20 and Yupy = 1; forr= 1,00

expressing that memberships cannot be negative and that each object has a constant total
membership, distributed over the different clusters. A characterisation and computation algorithm
of the local optima of (1) can be found from the Lagrange equation (see [6] pp.182ff). The
membership vector up, is an extension (label) of the weight vector wy ¢ and can be found by
computing the winner (CTW). In a pattern recognition process CTW is a function from pixels to
features. The cluster with the highest membership value is the sought-after cluster. For the

the SOFU a ical subdivide technique is used that means in the first Step the
PEs are dvided into two partitions. In the second Step each partition is subdivided in two more




partitions which can be done in parallel on two
computers The membership values are
interpreted in a three value logic, so that each PE
is first divided in partitions labelled with "1, "2" or
"?". Those PEs which have nearly the same mem-
bership value (abelled with "?") are shared by
both parlions. The process terminates if the
number k' of chosen clusters or a partition
coefficient will be reached.

In comparison with the fuzzy k-means | |
approach, FANNY hasn't the implicit restriction LAl 02 04' 06 08
that the different objects are given by means of n
coordinates in a k-dimensional space. because
onty the distances or dissimilariies between
objects are required [6] which is the reason why
we choose FANNY.

5. Membership functions
and fuzzy rules

For using the membership values upy in a fuzzy
Controller (for a brief description of a fuzzy Control-
ler see [7.8,12]), which is excellent for developing
human-made rue based systems, there have to be
defined or computed membership functions for the
so called linguistic variables [13]. Often
membership functions are defined very simple,
just like in Figure 5a. More complex membershlp ¥ T
functions can be computed by using i b) complex ip functions
(Figure 5b) or neural self-organizing techniques Figure 5 : Simple and complex membership)
[14] to determine centers (or means) and the functions for the ins data (small,
widths (or variances) of gaussian functions. Each medium, high) 1
membership value up, (belongingness of the PE =
r=(r/n;,r%n;) to duster v) is now interpreted as a
linguistic variable with a predefined number of membership functions (e.g. small. medium. high).
The fuzzy rule for the winning PE with the membership value uy, looks like:

IF (uy is high) THEN TYPE, is YES
IF (uy is not(high)) THEN TYPE, is NO
IF (uy medium) or ... or (uk” is medium) THEN UNCERTAIN is YES forv=1.k"

The last fuzzy rule has the linguistic output variable UNCERTAIN which indicates that the PE
belongs to more than one cluster. This PE could build the border between two clusters. A higher
degree of this output variable indicates more uncertainly of the classification result. These fuzzy
ruies can be combined with user defined fuzzy ruies, e.g let TYPE,, be the membership function
for the class v = pinhole ([3]) and FMAX,/ CMAX,the fuzzy/ crisp maximum aboutthe radius r =
1..8 of a 16x16 pixel ofa local picture then a user defined fuzzy rule is:

IF (CMAX, is FMAX.1pnd (CMAX,.js FMAX.5THEN TYPEis YES

which is combined with the automatic generated fuzzy ruies during the fuzzy inference process.
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