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A NON—PARAMETRIC ALGORIThM FOR PATTERN CLASSIFICATION by Witold Maim s

The classification algorithm described can be used in the case of /483

incomp lete initial information. A preprocessing layer, a trans-

formation layer and a decision layer are distinguished in the

classifier from the functional point of view . During study a rule

was applied according to which individual classifier layers were

later adjus ted.

The essence of the algorithm concerns the division of pattern space

into cells. Then a histogram is devised for each class, an estimate

of the unknown distribution of the prob abili ty of a patturn arising

from particular cells . The construction of cells and histograms takes

the form of initial information into consideration. The details of

the algorithm are explained by examp le .

Part Two gives an idea of the practical imp lementation of the basic

unit of the classifier in the form of two layers of adaptive logic

networks . Each layer of the logical network can be composed of

ASL— 3 modules . The ASL— 3 module (Figure 9) is the basic structural

unit of the classifier. It is an adaptive logic ne twork with three

inputs and one output . When a classifier is buil t , there is a possi-

bility of connecting it in a simple way for work with a computer.

I. Description of the Algorithm

1. General Considerations and Assumption s

The basic part  of the classifier consis ts of two adaptive logic

network layers . In connection with this, all input , interlayer and output

signals can have the form of binary pulses , in order to enable classification

of patterns even when input signals y 1, y2 ,  
~~

• •  y~ are not binary or when their

1
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Figure 1. Structure of logic classifier. Key : 1, basic part (logic),

2—pattern, 3—initial processing layer, 4—first logic layer, 5—second logic

layer. 
~~~~~~~~ ~ e c ~c •~

number exceeds the input number of the basic part of the classifier, a layer

for p~ processing, composed of linear elements EL and analog—

digital A/C [AD ] converters , was introduced. On the structural side the

number of dimensions of the orig inal pattern space is limi ted by the number N

of the coeffic  ents ~ie~cj~it~ of linear elements . From the funct ional  poin t of

view we can distinguish the following elements in the structure of the logic

part of the classifier (network) :

a) Vertically , two layers wh ich fu l f i l l  the functions of t ran sfor—

mation and decision register respectively , and

b) Horizontally, L, identical layers corresponding to discriminators

in other classification system~ 
A general block diagram of the logic layer

classifier for L class is shown in ~lgure 1. /484
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The assumptions,on which the working algorithm of the system discussed

is based , are divided into two groups .

A. Assump tions About Patterns

1) There exists an absolute N—dimensional space of features Yl

describing the properties of classified patterns. The numerical values of their

parame ters can be discrete (binary in particulat) or variab le in a steady manner

in dete rmined sections.

2) As a result of pattern description by the absolute number of parameters

and of their quantification, the correspondence between patte rn and numerical

values describing parameters is not ambiguous .

3) The statistical properties of patterns and of parameters describing

them are unknown ; observations may have a multimodal distribution.

4) An acquaintance with class x 1 is based on given sets of observation

Y(x  ) ,  1 1, 2, ... L.
B . Assumptions Referring to the Algorithm

1) Classifier  decisions must have the form of a binary route .
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Figure 3. Simplified b lock diagram of full study~classification algorithm
_

Key : 1—data set studying Y( x 1), 1 1, 2, . ..,  L, 2—reduction of dimensions

of original pattern space, 3—construction of auxiliary functions . ~reakdown

of pattern space into cells K , 4—creation of histogram ~ (z , x 1), an

evaluation of the distribution of probability P(y
~
K
~
,xi

) for a determined

division of space into cells , 5—reading of pat tern y ,  6—transformation of

pattern to reduced space, 7—definition of cell index Kz to which pattern v

investigated be longs , 8—known decision , 9 d e aision pr in tou t .
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Figure 4. Structure of bidimensional pattern classifier. Key : 1—pattern ,

2—first logic layer, 3—second logic layer, 4—decision.

2) It is assumed that the decisive rule has the form

x*& ) =x ,, i~ P(yeK~, xl) > P(ycK~,x~),j= L , 2 .. I .j~~ I. (1)

.,here K is the z cell (section ) occurring as a result of the division

of pattern space by hyperplanes.

3) The main probability of classification error

P = ~~P(z)[1—maxP~xilz)1 - Y [~~~P( : . x,) _ maxP( : , x, 1 .
(2)

is adopted as a criterion for the quality of the decisive rule,

Where: p(z) is the probability of an observation of y occurring in

the z cell:

p(x
1
/z) Is the aposkr or probability that 1n observation belonging

to the cell K is an element of class x ;

p(z ,x 1) is the total probability that y belongs to a cell of index

z and is an element of class x 1.

In genera l the probabilities occurring above are not . known . We shall

estimate them in a study cycle on the basis of a study set.
5
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Figure 5. Illustration of method of dividing pattern space into elementary

cells with the aid of auxiliary functions.

In addition the algorithm should consider aspects of structural

realization with attention to the possibilities of:

a) construction an independent system,

b) cooperation .~ith any electronic computer.

2. Study and Classification Algorithm

The classit’ier study cycle is based on the given sets Y(x1), 1 = 1;

2,...,L, and is composed of two stages:

-Adjustment of the preprocessing layer,

-choice of the structure of two logic network layers . H

In the study cycle we made use of a concept of successive adaptation

of individual classifier layers. A detailed description of the adaptation

of each layer Aill be given below .
•j ,  / / r ~1-~ i C  ~ ~ ~~~~~~~ rl r r ’

~
.
~

. (  ~~‘r

A need for the existence of a p~r~processing layer occurs ~,hen

the number of vector components of the pattern exceeds the input numbe
r6
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Table 1. Comparison of z routes and elementary cells corresponding to them.

z —_____ I
0 0000 1, 5, 9, 37, 41,45, 73, 77, 81
1 0001 6, 42, 78 I

2 0010 10, 14, 18, 44
3 0011 15
4 0100 I 2,4. 8, 38, 40, 74, 76
5 0101 3, 7, 39, 43, 75, 79
6 0110 11,13
7 0111 12,16
8 1000 28, 32. 36, 50, 54, 64,68, 72
9 1001 33,51,69

10 1010 19, 23, 27, 52, 55, 59, 63
11 1011 24,60
12 1100 29, 31, 35, 47, 49, 53. 65, 67, 71
13 1101 22,30,34,48,66,70
14 1110 20, 26, 56, 58, 62 I
15 1111 21,25,57,61

Key : 1-elementary etils e~~~er.ncJ composition K
~
.

of the logic part of the classifier or when the signals describing

the pattern are not binary. In other cases we can omit the initial layer,

and introduce the pattern signals directly into the logic part of the

classifier.

That apace obtained as a result of the transformation made by the initial layer

we shall call reduced space . The coordinates of this space are identified

successively on the basis of research on the mutual overlap of study

sets Y(x
1), l~~i , 2 . . . L.

The overlapping of the sets is described by the matrix~~~j, of

which the elements ~~ are a numerical estimate of the magnitude of
covering of sets y(xi) and Y(x~) . A decision in regard to~successive,

additional k coordinate of reduced space is made on the basis of examination

of the breakdown of the elements of the sets studied along the coord inates

mentioned earlier.
7
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Figure 6. *.~ -w-—6. Histograms of frequency of observations occurring from

• classes x 1 and x2 . Paramete r~S. 0 .7 .

• As a result of this examination the elements 4 ij’ for which the relationk

~~~~~~~ i~~j ,  (3)

where~~0
is the given threshold value, is fulfilled, are replaced~zeroes

in the matrix [LAJ. The algorithm completes the search for ne~ directions,

-• if all the elements of the matrix [~~Jwere made equal to zero(then k=k0
;

k0 < I) or k~I.
Finally the transformation made by the initial value of N-dimensional

space in the reduced k0-dimensional space can be written in a matrix form

I •~~~ 1 = 
1011 :: ~~ [Yi

• I. ~ l0k01 0k0N [YN

(1~)

where: aki is an element of the matrix transformation sought, while (aki
,

8k2’ .,a~~) are a set of coefficients of’ the linear k element;

Y ’k is the k component of the vector of pattern y after transformation;

k=l,2, .. .,k
0
,k0 ~~. I.

8



:: 
_ _ _ _

Figure 7. Diagram of the frequency of error as a function of parameter €

Key: 1-frequency of error .

On the basis of the above equations we can state that the

processing layer plays a role in the system adjusting the pattern space

to the number given ahead of time for the I inputs of the basic unit of

• the classifier. The proper choice and orientation of the new system

of coordinates has essential influence on both classification mistakes

and on the degree of the complexity of the classifier. However, premises

do not always exist which permit optimal choice of’ the number k0 of linear

elements into their p~rametera .

2.2 Study of Logic Layers

~sThe logic (basic) unit of the classifie~~form~two layers of an

adaptive logic network . The first layer of the logic unit transforms

k
0
-dimensional space into binary space(the k0L-dimension as high as possible)

formed by the apex of the ~up~rblctck unit. The second layer, called the H

decision layer, prearranges a decision in conformity with the rule adopted

for each apex .

In describing the transformation mechanism performed by the first

logic layer, it. is convenient to make use of’ the set of full auxi]/ary
9 
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Figure 8. Diagram of’ cooperation in the cycle studying the classifier with a

computer. Key: 1-pattern, 2-reduction in dimensions, 3-decision , 1k-for each z

e = 1, 5-computer.

functions Dlk (y’~~ ). These functions are constructed in consideration

of’ the set studied on the basis of the br~incJ, functions defined below

gkj(Y , e) =

( 5)

where: y(jJ is the j observation from the set studied ,

is the unit vector along the k coordinate of reduced space,

~ is the extrapolation p~ rameter~~E (0,1,7.

G(t)~~ ,where t ~.0,

L?,where t (0.

k=l,2,...,k0.

With the aid of function (5) the process of ~ tra pQiC4 t.fl~ the property
of the set studied is fulfilled . It is based on prearrangement of each

observation of the environment, the magnitude o~’ which depends on the

perameter ~ 
. This approach is a result of’ the assumption that

[Continued on page 12].
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network , r1r2—signals imp lementing extrapolation process ;

c) diagrams illustrating dependence of extrapolation on
parameter e(Adr signal switching on LP~4 derives from
observations In study cycle).
Key : (1) universal logic network ; (2) deletion ; (3) network
addressed , (14 ) condition LP1; ( 5 )  matrix M .
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Table 2. Simplified table of truth of matrix M,

(1)~
WeJScla 

-
~~~~~~~~~ (2 )W y ~~ a~~~~~~~

e a1 Adr 
_____ _•

LP
I 0, 1 ~

•_
~~~~ : 0,1 0,1,2 0 0 :

• 1 1 1 o 
- — 

1 0
1 0 1 0 0 0
1 1 0 I 0 0 0

- t 0 0 0 - 0 0

2 1 1 0 1 1 
—

2 0 - 1 0 0 0
2 1 0 J 1 0
2 0 O~~~~~~~~~~~~~1~~~~~~ 0 0

3 1 I 0 
—

~ 1~~~~ 2
3 0 I 0 0 0
3 1 0 

• 
2 1 1

• 3 0 0 0 0 0
- 3 

- 
I 

—- 

0 1 1 
•

-

• 

— 
0

Key: 1) input ; 2) output .

if obs~~ batIon Y[j] belongs to Y(x1
) ,  it is very probable that an

observation which occurs in the working cycle in the environment
• y[J] will also belong to this same class.

We obtain the auxiliary function as the logical sum of

the proper extrapolation functions

D,~(y’. e) = sgiI [
~~

‘ ‘2’,~ *j b” , t)1 (6 )
Y(X)

where Y(x) Y(x1)v Y(x2)v ... Y(x1),

d — J~ where y[j ] € Y(x,),

‘ t O  in the opposi te  case ,
l = 1 ,2...L.

• Functions ( 6 )  can be considered as a certain form of the binary

description of the proper of class x1 
along the k coordinate.

•

~
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Figure 10. Logic network composed of ASL~-3 modules ,
Key1 (1) ~atrix S~ (2) pattern s (3) decision . - •

An important moment in the adjustment of the first logic layer

Is the proper choice of values of parameter e. The value of this

parameter depends on the properties of the set studied.

j



- ‘  
~~

— — — - - -

~~~~~~~~~~~~
-..

~~~~
-—

~ ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~

)
Figure 2 shows examples of the r~ .ife of auxiliary functions

constructed on the basis of two observations for different values of

parameter

In particular for c~ =l, it can be seen (fig. 2a) that the auxiliary
C

function assuxae4 a value equal to unity only at definite points corresponding
z

to the values of the k feature of observation7from the study cycle . For ~

~~ trie auxiliary function assume s a value equa l to unity not only at

the definite point , but also in a definite environment of these points

(fig. 2b). With further decrease in the values of perameter e , the

• environments around the observation will increase and a situation may

occur as seen in figure 2c. If ~ g, this magnitude of environemnt leads
to infinity .

Since the auxiliary functions can assume values 
~ 

or 1, in regards
/ “ Ii

to ~~ the transformation layer of the logic classifier (fig. 1) transforms

the k-dimensional vector y into k0L-dimensiona~~ binary vector z. The

dependence between these vectors can be written in the form

=

(7)

where the transformation

7’( v ’) = {D 1 (y’, e), ... D1~(y
’, e), ... D~,(y

’, e)}

depends one , while ~~~
(y’

~~
) means the k auxiliary fu~1ction of the 1-class.

It is convienent to explain the activity of the transformation layer

by calling on a geometric interpretation . For this purpose let us assume

that hyperplanes perpendicular to the proper axes of the set of coordinates

are drawn through the places of hrt4n~heS of all auxiliary functions . Then 

-
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the pattern space will be divided into certain sections , e lementar y cells .

These cells have the property that all vectors y ,  which belon g to a selected

elementary cell , will be converted into the same vector z (ap ices of

k0L—di mensional superb locks) . In general the number of e lementa ry cells is

greater than the number of sector s z .  In this case several elementary ce l ls /4 R R

can be associate d with the same apex.

Let us designate by K~ a cell composed of elementary cells to which the

same superbiock apex number corresponds . Then by the index of ce]l K~ we can

understan d the apex number written in the form of a bina ry number forme d from

components of vector z. The value of index z in the tenth system will be

• designated by z’. It can be computed from the formula

L k0
= 

,~~~
‘ D,~(y

’. 8)2(z i)k o +k _ 1  (9)
l~~1 h~~1

• The study algorithm of the second logic layer makes use of the knowledge

of the route of implementation of a variable random Z , together with data

about the pertinence of observations to corresponding classes. The histogram

• 
1 

P
t

(z , x1) ,  1 1, 2 , ... L, being an approximation of the distribution probabi—

lity P(y€ K~ , 
x1) is deliméted on the basis of such routes. The task which

occupies us he re is based on empirical evaluation (for all z and classes x ) of
1

the following prob abili ties

• 
• 5 p(y, x,)dy = P (y ~ K~, x,) = P(:, x4), (10)

• where P ( y ,  xl) is the function of prob ability density of the pair (Y , X ) ,

Y is a variable random constant,

X is a variable random discrete number.

15
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We may accept as an estimate P(z,x1 )~ the feequencies computed on the basis
of sets studied according to the equation

= --

~~

P (y cK, lx,) =
rn,

whe re : m TK Z~~
’ is the number of elements of set Y(x1) contained cell K ,

ml is the tota~~
’eL’er~ nts in Y(x1),

l=l,2,...,L.

The estimate of the distribution P(z,xi
),l=1,2,...,L, represents a

histogr~ n which can be taken as a discriminatory function of the classifier,

tha t is 
~~i

(z)=I
~
(z,xi). 

With the aid of this histogram it is posclbie to

define the logic structure of the decision layer and through it to implement. a decision

rule

x (,y) = x,, if ~,(z) > q~, (z) , j  = 1 ,2, ..., L,j� 1,

(11)

where the vector z is joined to the vector y by the transformation

described earlier.

Rule (11) is a rule approximating the rule of greatest probability,

and its quality is characterized by means of frequency of error, which Is

an estimate of mean prob~lity of error (2).

The activity •f the decision layer can also be described by means

of auxiliary functions (6). For this purpose the v~riab1e y should be

16



replaced by z and it should be assumed that t~ =1. Treating the v~riab1e

• vector z as a number, we brin~4concepts to unidimensional space . In this

• case we designate the auxflisry functions for the decision layer by D1(z,l),

l=l,2 , .. ., L. In conformity with rule (ii), the set of signals represented

by the values of the auxiliary functionS at the output of the decision

layer of the classifier (fig. 1) has the following form

if z corresponds to an observation of the l class,

In the opposite case,

l=1,2, . . . ,L. (12 )

Figure 3 presents a general diagram of the study algorithm along with the

classification algorithm .

An important step in finishing the study cycle is an investigation

of the quality of classification in two caaes:,

a) for observations from the study cycle, 7ILL

• b) for observations from the set doing the examining (known, 4new

which did not appear in the study cycle).

If, after the study has been made, the classifier gives a bi-passing /I’f~

decision (neutral), then it is most probable that the cells into which the

new observation ”falls ” Is empty. The following may be ca uses of this:

-the study set does not fulfill the conditions of good representation,

~• -the choice~~
’ is unsuitable(for extrapolation of the properties of the

set studied).

We can improve the quality of classification if’ we repeat the study

for a new •~ or continue it for observations mentioned in point b). The

process of continuing study occur~~~ after the proper conclusion of the

study cycle and is based on correction~~the frequency histograml (without
•?f(

changing 
~ 
). In accord with the new histograms changes in the structure

iT
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of the decision layer ai~’e mat~e. In the case of a change of perameter c’~

the study embraces two final layers of classifier.

3. Eb ample of Multimodal Classification

The algorithm described will be illustrated by the example of a

bidimensional pattern classifier. The study sets for the current example

were chosen in such a way that no need to use the preprocessing layer develop~

In connection with this we can omit this layer from our conside ration and adopt the

following assumpt ions:

1) the classifier is composed of two layers.

2) L=2, that is, two classes of patterns exist, x and x
2
.

3)  the patternS subject to classification are described by a set of’

• values of two features y1,y2
, which are realizations of a v~.riable random

number within an unknown probability distribution .

14) the observations of each of the classes are extended in such

a way that they can be divided into two different sub~,sets of set~Y(x1
)

and y(x2). Sets Y(x
1
) and Y(x

2
) have t’ifty elements each and are both

included in figure 5. The s~mbol~1 
“ symbolizes observations •~t’o,~class x1,

while the sum symbol~~+”observation’ çrot~i class x2
.

5) th~ decision rule has the form

x1 forP(:, x1) > P(:, x2).

x*(y) x2forP ( : , x , l < P(:,x2). (13)

OforP(z ,x1) = P(:, x~).

(13 )

6) the criterion for the quality of the decision rule is the mean

frequency of error.

18
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We beg4n a study of the logic layers of the classifier, the structure

of which is shown in fIg. 14, by delimiting the set of auxiliary function~for

each class . These func tions, the values of’ which are arguments for the

decision layer, will be delimited according to equation (6).

Figure 5 gives an example of the division of the pattern space into

elementary cells on the basis of auxiliary functions . The diagrams of the
d

appropriate auxiliary functions are set for the p~.rameter .0.7 and ~re

ploflëd in the figure of both coordinates y,y
2
.

The binary values, which the auxiliary functions assume, are arranged

by the individual elementary cells, in the form of ro~.4te. z .  In the

example under consideration the following rule was adopted for delimiting ~~~~~

the elements of to~~~~ z1z2z z , where: z
1
=D (y, ),z~~~21

(y, ),z=

~ ) ,z~=D11(y,l~ ). Elementary cells with identical rciAf~ S z form

• the cell K .  An orderly comparison of all the elementary cells from fig.5

(the numbering adopted in the figure is completely arbitrary) is given in table

1.

The study cycle r ou ’te5 of the classifier ends ‘with the construction

of a histogram P(z,x )  1=1,2, defined by the cell K on the basis of the study

• set. Fig . 6 shows the histograms formed for tnis example . On the basis

of the histogran~ it is possible to select a decision layer structure so

that the output signal of the classifier ha’~ the form:

D1(z, I) = 1 , D2(z , 1) = 0 forP(z,x1) >

D1(z, I) = 0, D2(z, 1) 1 for i’(z, x,) < J’(z, x2),

D~(z , 1) = 0, D2(z, 1) = O fot P(z, x1) = P(z , x2),

(lu )
19
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~4here D1(z,l)l=l,2 designate~the auxiliary functions describing the decision

layer.

The diagram of frequency of decision error p(~ ), shown in figure

7 leads to some interesting conclusions. It Is obvious from this diagram

that the frequency of error d*minishes when c~tends toward 1. This is caused /~~-~
by the fact that, asE increases1 the auxiliary functions of the transformation

• -~ ~-
layer D

l 
(y,~ ),l,k=l,2 assume a ~~~~~~~~~~~~~~ form . The dimensions of the cells

diminish in connection with this. Consequently the possibility of occur€nce

of cells containing observations of both classes at the same time diminishes .

A point corresponds to the border~~ ~~ of each cell which contains at most

one observation. This example is useful for determin~~~ situationS when

pattern space e1ement~ form a final set of points. For statistical situntions~/*f-~

when observationss can form an infinite set of point, it is necessary to extropolate

the properties of the classes on the basis of’ study sets. For this purpose

it Is necessary to find an adequate~ K 1.

It is worthwhile attending to the fact that as it becomes more

distant from the pointS corresponding to the hypothetical modes of the

curve of conditional probability density, the approximation of the decision

ranges to the cells K is worse. At the same time this does not have a

• great deal of effect c~ increasing the value of mean probability of error,

because the probability of drawing the signal y
1,y 

from these areas and

qualifying it otherwise then would result from the decision rule adopted

is relatively slight.

The algorithm described has been used to recognize numbers written

by hand. Runs of binary nu.mberS~have been arranged for the recognized

number in such a way that they correspond to signals from photq~,elements

20 
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of the receptor field of. dimensions; 5x7 elements. &peri ’
~ ental research

wit h~~lgorithm has been carried out on the ODRA 12014 computer. Some results

of this research are discussed in

14. Final Conclusions

Some remarks must bt. made after this general presentation of the

algorithm and of tests using it for classification problems .

One fault in the algorithm lies in the transformation of’ vector y

. 1
’

into binary vector z. The mci~ r1Q? nuniber1 cornponents of vector z is the

product of tne number of dimensions N of pattern space and the number of

classes L. In this connection the dimensions of vector z will be j a r 9e.

for N and L. Among other things this can cause prolongation of study

time, time for reaching a decision, and difficulties in implementing the

algorithm . In regard to the above,~reduction of dimensions of’ the original

pattern space, to which the number of components of vector z is irnmedI~ tely

related, has great importance. Part II in work [5,u7is devoted to metnod s

of reducing the dimensions which are part of the problem of reducing cata .

The defects mentioned are also partially associated with the ~~~ •~t ~~~ t

implementation of the decision rule is based on histograms . As can be seer

from the example presented in sub section 3, it does not pay to  reserve Fr ~~ ’e

in the computer memory to record histogram coordinates for all ~~mbina iir s

• of index 7, since many of’ them may not be useful. In this sit~ati n it is

better to use a method based on alternatives to form histograms f•,r ~iiv j~~~ J

classes in the study cycle:

a) increase the actual set of numbers composed •f z pairs : tm - ’ inuex

and the frequency corresponding to it, if there occurs an observa I ;r be-

longing to a cell not yet delimited;

21
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b) correct the frequency, if the observation belongs to one of the cells

earlier delimited .

If the number of blocks in the first logic layer is greater than the

number L of’ classes (redu4ncy), a possibility exists in this situation

of assigning more than one block per class, observations of which are par-

ticularly unfavorably extended ~~ with several modes). In this case the

redundant blocks have the nature of universal reserve blocks and can be /*‘+

arbitrartly assigned to chosen classes. Among other things, this is an important

virtue in relation to se~ nental linear ciass1f’ier~ in which a pr~ ri deter-

mination of the number of modes alloted to individua l classes is required.

A full study cycle of the classifier must irclude an estimate of

two parameters:

a) ~~~ , on which the number of’ reduced space dimensionS depends, and

b) 8 on which the generalizing properties of the classifier depend ,

We make the Initial choice of j
~
krameter

~5
2 as a function of’ the prope rty

of’ observation taking part In the study cycle. If we do not assume the

exist~nce of probability distribution, we have at our disposition a series

of observations, particularly the study cycle, and it is possible to

-~hoose ~
‘ close to or equal to unity . In the case where information of a

k-~~ (
a’atis t~ical nature is associated4observations, an estimate of the classifier

p~,rameter must be carried out from the angle of’ extr~,polati.on of the properties 
I:

,he classes on the basis of known observations . This means that it is

r4I~~essary to choose s K 1 and to aim at an ~~~~~~~~~ of ~~ . - •

opt

Since the decision quality depends on the p~remate r~~and has an

ext rl’me /14,5], it is possible \ernplrica]. methods, such asA final inCrement

alg)ri thm ~~~~~~ to 
~

s+t i
~~
f0~~

. In the case of application of

22
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methods based on stochastic approximation algorithms, it seems that the

limitation of a sign correction, normally based on computation of a derivative,

can be replaced by an investigation of the error structure, the relationsnip

between netural and errer~ us decisions . In addition it is also possible to use

• one of the methods of rcuicto~’i search. to find the minimum ~ (~~‘). In this

way the problem of’ optimizing the decision rule ‘will be reduced to a problem

of minimizing the criterion function dependent on estimated perameter~.

The generalizing and selective properties of the classifier are

associated with the choice of p~rameter ~ and the number of connections

between logic layers. In the research we carried out we used all possible

connections between layers, even though this is not possible under real

conditions . Elaboration of a method of choosing suitable connectionS for the

purpose of reducing their number (or of increasing cell volume) dor~ 
‘ improve

—‘-

classifier properties as well simplify- structure.~ Lhus the proper method

of reducing the dimensions of original patte~ i space, and then the choice

of connectionS between logic layers, can thoroughly simplify the structure

of a classifier and preserve good decision quality .

From the above considerations and from the research carried out

it is obvious that great possibilities exist for improved pattern classification

both in a wide range of alteration in the properties of observation sets and

in the set number of inputs in the logic unit of the classifier. In addition

experiments carried out show that it is generally possible, without great

diff’iculty, to obtain correct classification of all observations known from

this study cycle. This property is of great importance for deterministic

s itua t ion~ where f inal  observation sets occur .

• Xi• POSSIBLITIES OF PRACTICAL IMPLEMENTATION OF THE ALGORITHM

1. Introduction 23
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• The construct~O~1 of a logic classifier, as a comple t~ly independent

• device, is complex and requires further solution of a system guided by the

study of individual layers . It seems most reasonable and simple to construct

a classifier in the form of hybrid apparatus (fig. 8) composed oç~pre
_

processing layer and adaptive networks (the classifier proper), with a

computer (as the guide system in the study cycle). Such factors as the ‘~~
-

following support this solution :

1) ease in constructing a classifier as equipment cooperating -with a

computer,

• 2) possibility of using iterative methods to adjust the pr~~processing

layer, and

3) the use of binary signals to choose to structure of the logic unit

• of a classifier.

After the study cycle, the classifier can independently implement the

work cycle .

We shall not concerns ourselves with the technical implementation

of a pre,,~,,processing layer. It is constructed of linear elements, and the

difficulties which can occur during implementation are generally known

j7 ,8J. An interesting example of the solution of’ t~ is element in

computer techno1og~.e~, making cooperation with a computer possible, has

been worked out and produced in the Bionic Laboratory of the Institute of

Applied Cybernetics of PAN [Polish Acamedy of Sciences J[6 .).

2. Implementation of the basic ~~it of a 4,pgic~ Classifier

2.1  Description of ASL-3 Module

The concept for a technological solution of the basi, unIt of a

classifier given below has been worked out on the basis of the universal ASL-~3

24 
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module. The ASL— 3 module (Fig. 9) is a modification of module W—3 [9] and repre-

sents the basic structural unit of a classifier. In contains an adaptive logic

network with 3 inputs and 1 output. The universal logic network is formed of /496

8 gates through which all combinations of signats from input b~_2, h~~ 1,, b~

(where n is an index of the last position in the hinar , expansion of the nuinh er ~

e . g . ,  y 1 = b1b2...b~_2 b 1 
bn
) and control signals from flip—flops 120, ~ LP1,

127 are fed. The outputs from the gates are connected thro ggh a log ic sum

wi th the output of the module . Just as for module W — 3 , a special input s serves /497

to exp and the area of length of binary numbers introduced into the nodule. The

method of using input s will be illustrated as an example.

LP flip—flops, guided by matrix M and an address network (used exclusively

in the study cy cle) take part in the control memory of the module. The diagram

of matrix M is shown in Fig. 9b in the shape of a black box , and its description

is included in Table 2. The class properties are extrapolated with the aid of

matrix M on the basis of each observation which occurred In the study cycle.

These extrapolation nodes (poin ts on the coordinate axis) are de limi ted by

observations through the medium of signal Adr fro m the address Tietwork in the

module . The signal e , a counterpart of param eters , defines the environment

in which property extrapolation takes place . In particular signal e = 1 means

• simp le memorization of observations wh ich occurred in the stud y cyc le. In case

e)  1, the observations are memorized alon g with the distinctive environme n t

(Fig. 9.). Assignment of observations to a class is determined by signal d 1.

To illustrate the properties discussed , let us look at an example where

e 3. Occurrence of observation s at the model input causes matrix 1’~, to

which the signals Adr = 1 (from observations) and d 1, 1 are addressed , gives

a signal

25
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)
12=1 and signal r2=2 going in two directions . Under the effect of signal

4
in a neighboring matrix (occurring as r

1
=2) with

• we get 12=1 and r =1. The signal r =1 in the next matrix causes LP=l,2 2
r2=O (see last line In table 2). The lack of a signal r means that the

process of extr~jolation from the observationSwas completed . In this way

the condition of the flip-flops created at the end of the study cycle

guarantees implementation of a definite auxiliary function by the logic

network . In the work cycle, the lack of’ signal e(e=O) protects flip-

“ flops LPI,i=O,l,...,7 from changes in condition (see first line in table

2).

2.2. Construction of L.ogic Wetwork

With suitable connection of modules we get a complex network in which

the number of binary input~’ for each componen t of the vector of observation

• can be greater than 3. Fig . 10 shows an example of a

logic network constructed of ASL-3 modules. This network can serve as a

— binary classifier for patterns y=(y
1
,y ,y ,y

4
). The values of signals

• corresponding to individual pattern components are binary numbers and

have the following shape
J~~~

Yi = b1b2 b3b4 b5,

Y2 = b1 b2b3b4,

= b1 b2b3b4b,,

y4 =b 1b2 b3,

(1)

where: b~=O or l,jl ,2,...,5. 26
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The S matrices in the network presented work as commutators . The

module, in which a logic unit is found cit an additional input, will be

chosen as a function of the condition of signals b
1
and b2 at their input

(we shall explain this for component y
1
). This unit opens a route for

further signals b
3
,b4,b5 

of component y
1
. In this way the breakdown of the

-

• permisasble set of values of component y into four subsets, with the aid of

matrix S, corresponds to the choice of module

00000 01 000 10000 Ii 000

00001 01 001 10001 11001

00111 0 1 111 10111 111 1 1

(2)

~~ch sub~,set (2) is a set of values of arguments for a suitable module.

• A second layer of the logic unit of a (decision ) classifier can be

composed of exactly the same ASL-3 as the first layer. The input signal

of the second layer is a binary vector z formed of output signals from

~~)

tne~~(see figure lO,z=(z1,z ,z ,z ). The basic difference between the
2 3 4

first and second layers is the following . For the first layer every

observation y can be treated as a point th~~~-dimensional space of features,

the coordinates of which assume discrete valu~ from a certain section . In

the case of the second layer the vector of signal z can be treated as a point

in K0L-dimensional binary 
space (apex of a unit S~ perbivc/s). In addition

the output signal of the second layer is simultaneously the output signal for

the entire network .

The structure of the second layer will be chosen at e=l, in

27
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• conformity with rule (l)(part I), and the quality of the decisions organized

• by the er1,I0i.~Jc apIces is determined with the aid of criterion (2) (part I).

3. Final Considerations

An important feature in the technological solution of the basic unit

of a classifier is the possibility of achieving it in the form of a logic

network with a modular structure . This means that both network layers can

be composed and expanded with the same ASL-3 modules.

The construction of the ASL-3 module as ~ computer system does not

present any serious difficulties . The two-phase work of computer system~is

associated with rather slighrrequirements in element tolerance and causes

them to be suitable for technological realization, particularly in the

form of self-contained circuits. In addition the possibility of using

self-contained circuits for this purpose brings about other advantages,

such as great reliability, small production costs, miniaturization, great

rapidity of computer system activity, etc .

One short~eom~ing in the solution presented for the basic unit of /3~~

• I a classifier is the expanded structure of the ASL-3 module (effect of’

universality). Redundant construction of the decision layer occurs in

-~~ connection with this, since in this case the modules are used only for

e=l. In addition the lower flexibility (than for a programmed version)

in choosing the extrapolation perameter e can cause greater classification

errors In certain situations.

In the general case the basic unit can work as an adaptive logic

network, and particularly as a pattern classifier. Working out the linear

(thre s~hold) element, In contr4distinction to logic systems, can present

some difficulties. These difficulties occur mainly from the need to use

28 
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C.’
non-typical solutions irM construction~

altered weights of linear elements

1T7,82. The use of computer technology for this purpose turns out to
be very advantageous from many points of view T6J. In general classification

systems in wnich the linear element is one of the main components ( ~ .,

segmental linear classifiers, threshold layer classifiers) are more expedient

in program implementation than in systems implementationL
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1 Detailed description of the present algorithm anu an example of’

measuring set cove ri~~ can be found in /5 J.
2 In general 5 can be a vector of’ component (

~~~~~‘ ~~~~~~ 
E ) .

3 An example of the method of cnoosing connections basea n the-

algorithm of pre~processing layer adaptat ion is als~~.ssed ir~ poir.t

2.1. given in /5J

4 Attention should be called to the fact that trie iutput signal r2

of one matrix is the input signal r1 
of a ne~g~:buring matrix .

A NON-PARAMETRIC ALGORiTHM FOR PATTERN CLASSIFICATION

S u m m a r y

The classification algorithm described in part I can be used in the case of incomplete initial informa-
t ion. From the functiona l point of view in the classifier there are distinguish ed : the preprocessing layer ,
the transformat ion layer and the decision layer. During learning a rule was applied aceording to which
particular classifier layers are subsequently adjusted.

The main feature of the algo rithm concerns the partitioning of pattern space into calls . Then for each
class a histogram is dev iced being an estimate of an unknown distribution of the probab il ity of appearing
of the pattern from particular cells. The way of building cells and histograms takes into aceount the form
of initial information. The details concerning the algorithm are explained on an example .

In the part It there was given a concept of practic&l implementation of the classifiers basic unit in the
• form of two layers of adaptive logical networks. Each layer of logical network can be assembled of modelas

ASL.3. The module ASL-3 (Fig. 9) is the basic construction unit of the classifier. It is an adaptive logical
• • networ k with three inputs and one output . In the case of building the classifier there exist a possi bility of
• connect ing it simply for working with a comp uter .
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