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{Abstract)

In this paper, it is shown that after a period of training, the output of the digital learning

net with decision feedback loops enters a stable state within three cycles of state space activity

telated to an unknown 1nput pattern,

Thus the single-layer nets can make a strong decision from the preprocessed stablc output.

Each response of the nets, toth the digital learning net and the single-layer nets, 1s estimated

in terms of Hamming distance behaviour, and this provides an important analytical tool for an

.unknown system.
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1. Introduction

It is known that a reandom feedback in the
digital learning network for the artificially
intelligent pattern recognition inherently pro-
duces few and short cycles 1n 1ts state space,
and as a result the net enters stable states
and performs a clustering operation as one of
1ts natural properties.!

Thus the digital learning network(DLN) of
random access memories (RAMS) with random

feedback connections could be trained to enter
feedback

loops as a response to unknown patterns. ?

stable cycles of patterns on their

It 1s also known that the behaviour of the
single-layernets 1s heavily dependent on the
Hamming distance of an unknown 1input pat-
tern to the patterns in the training set.3

In this paper. a prototype pattern reco-
gnition system shown in Fig.21n the preceding
paper of the same author?! is proposed and

analysed 1n terms of Hamming distance beh-
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aviur to investigate whether 1t can make
strong decisions after a few cycles of state
space activity.

In the example the prototype system is
restricted to four-category system, however
this system can be easily extended to any
multi-category System by merely 1increasing
the number of descriminators in the single-
layer nets.

Let us say that the input, output and train-
ing patterns shown in Fig.2 n the preceding
raper of the same author! are described as
follows.

Input pattern (4,); ans={4,CA}, A being
the universal set of patterns, and &, teing the
k-th elerent of an orcered set A.

Cutput pattern (Ao), @oec={4Ae=T}, oz being
the £-th clement of an ordered set Ao.

Prototype pattern (A4,): exS{4,=4,CT},
a,¢ being the k-th element of an ordered set
A, and A, Lemng a member of the prototype
patterns sct Ap.

Trammng pattern (T/); tie{T,<T'CT},
#,¢ bemng the k-th element of an ordered set
T,, T, tang a member of ¢-th category
training set T/, and T being the tramning set,
where | A, |=14p|=14,|=|T;1=256, and a
aue. @ and 1 are all one bit binary number.

Before any traming has taken place. all
immt:al states nter the all Os state directly.
During training. for each {7, ST} on I matrix
and each {4,=A4,} on Z matrix. A, 1s impr-
essed on the Z matrix by means of data-in
terminals and Jecision feedback address ter-
minals, which are imposed by A, and binary
{z] respectively.

For each A,/ on Z matrix, an output all lIs
is tmpressed on the corresponding descrimin-
ator by means _of data-in terminals which are

set to all Is.
In the system, the training procedure creates

four stable-states re-entrant for all members of

four cetegorics.
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When the *tvstem is faced with an unknown
pattern on i.>» I matrix and Z matrnix res-
pectively, tre response of the nets (both the
digital learr.: g net and the single-layer nets)
can be estin ated. The most 1mportant estim-
ation factor 1s the nets’ property to respond
i a simlar way to patterns that are close 1n
Hamming distance to those seen during training

step.

1. Training as a Function of
Hamming Distance

Each trziiing pattern T, in the training set
1s an ordered set where |[T,/|=256 and j, ¢ are
distinguishirg lakels for each of the T patterns
and N categories respectively, thus 1<{j<T
and 1<7<<N. If we perform an exclusive OR
operation of an unknown pattern 4, with T/.
element for element. we obtain a new ordered
set, say Dr,, and the number of Is 1n Dr, 1s

the Hamming distance Hir,.
256
HIT,':E;(aik@t/k,)'

When the effects of pattern feedback addr-
esses and decision feedback addresses are
ignored 1n the digital learning net. that 1s,
only the effect of input addresses 1s considered,
the probability of k-th RADM giving an output
a,', considering A, and T, 1s the probability
of 3-tuple sampling of Os in Dr,.. Thus

P(T)= \]}3';;1>// <IR11T,'>-

where R=|T, |=14,]=256 and the sampling
size n=—3.

One can now calculate the probability of @,
being generated at the output of %-th RAM
after the occurrence of all T training patterns
belonging to one category. After two training
patterns. the probability 1s

P(T.,)=P(T¢)+P(T+)—PTu, '),
where P(T . ') 1s the probability of sampling
Os mn Dr..,,(Dr., =Dr¢s+Drs), correspon-

ding to the commonality between Dr, and Dr,,

— 30 —
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which can be readily calculated by using OR
operation. Thus for T training patterus. the
probability of %k-th RAM responding to A4,
with a,' 18

P(T)=P(T1,2 T

r )
=3 P(T/)+(+1) 32 P(T,»n")
=1 t,7=1t0 T
T

@)
+(-1) 3 P(T w1 0"
5,;,k=10T

T

)
+(—1)T“<£J P(T 55009

£, 7, =1tT
where P(T*c.,, ») 1s the probability of sampling
‘Os 1n Drte, b,
Dric, ;0 =Drid+Dri+ Dri,
andP(T*q,, ») is the probability of sampling
‘Os 1n Dyt
Dri=Dri+Drji++Dry :/9507'(DT'D.

Now when the effects of the imput address
and the decision feedback address are ignored,
that 1s only the effect of the pattern feedback
address 1s considered in the digital learning
net, the Hamming distance between A, on the
I matrix and a prototype pattern A’, 1s given
by

258
H{A:':%:' (a,keﬂ’le,
=1

and the probability of k-th RAM giving an

output @, 18

reap=(51/(E,.)

where R=1]A,]=]A,|=256 and the sampling
size #-=3.

In the digital learning net of the system, a
set of training patterns belonging to any one
category and their corresponding prototype
pattern are trained simultancously with a
proper decision address. Thus these two sets
of patterns are mutually mclusive 1n terms of
address during training.

Therefore, after all the T training patterns
belonging to a set of {raining patterns, say
T*, and their corresponding prototype pattern,

say A,, arc occurred on the [ and Z matrices

respectively, that 1s, when onec

the protability of k-th

category

traming 1s finished,

RAM within the digital learning nct respon-

ding with an output @'y on the Z matrix 1s
P=P(T)XP(A}).

After all the TXN tramning patterns and N
prototype patterns are occurred on the { and
Z matrices respectively, the probability of
k-th RAM giving an output !gla',,k, ignoring
the effect of the decision feedback address, is

given by

P:l—ﬁl(l—P’).

i. Estimation of an Unknown Pattern
with Hamming Distance

After training, assume that the system 1s
faced with an unknown pattern 4, on the 71
matrix and Z matrix at the same time. At
the first recognition step, the digital learning
net will respond its output to the Z matrix
hefore the decision made at the output of the
single-laver nets reaches its input. Thus uhe
output pattern generated on the Z matrix, say
A%, entirely depends on the input and output
addresses of the digital learning net, and is
obtained from the information ahout T XN
training patterns and N prototype patterns.

Therefore,
N
A= U Ay
et

There 1s no variaton of an unlnown pattern
from the prototype patterns in A%, thus the
single-layer nets can be enforced to make a
strong decision during the second reccognition
step.

At the first recognition step, siagle-layer
nets faced with an unknown pattern on the Z
mairix recerve therr 4-tuple input addresses
from the Z matrix, then respond the contents
of the addressed store locations oa the corres-

ponding data-out terminals. The matched data

—~ 31 —
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(1s) of each descriminator are then summated
respectively and transferred to the maximum
response detector to be classified.

When the descriminator having the maximum
response has been classified. the encoder gen-
erates the binary number corresgonding to
the classiiication on the decision birs. Thus
dectsien s fed tack to the decision feedback
address terminals of the digital learning net.
This brings the second recognition step.

Atter the [1ns* recognition step, the Z matrix
chianges ts pattern from Ay (=A4) to Ay,
while the 7 matr.x 13 holding A, and the
first decssion appears on the decision feediack
address terminals of each RAM of the digital
learring net.

At the second recognition step, the digrtal
learning pet, faced with 4,, A¢ and the first
decision at the corresponding address termin-
als, gerciates the cutput pattern which consi-
sts of the eclements belonging to any one
prototyne pattern selected by the dec:sion
feedback.

Thus after the second recognition step, the
probability of -th RAM within the digital
learnit. 1 net, considering 4., Ay and the first
decision bits, giving an output @,s on the Z
matrix, that 1s. the protability ot generating
any orc prototype pattern Ay, say Ay”, on
the Z ratrix 1s

P =P(THXP(A4,"),

w here

P(A4y)= <}R};:'>/<I§ow,>'

256

the Hamming distance Horor, = 32 (@os @ @' ),
k=

N
Aok & {A’oS UA’A and the sampling size n=3.
1=1

The Hamming distance Hy'-, can be calcul-
ated, 1n terms of the number of bits by which
A’ and A', differ each other, as follows.
After the first recognition step, the probability
of gercrating A% on the Z matrix 1s given by
P, and the probability of A’ including only

the clements in 4, is

1=1to N 7=l ™
WD =0
(’\'—1)
H(-D ST PrPr
s A=1to N
{7 k)
(N»l ~
A1 I
(=133 PrPPL
sk, =10V

where P'=P(T')XP(A',) and the category
size N =4.

Therefore after the first recognition step,
the probabihity ot gererating m elements in 4,
on the Z matrix 1s

P”:(\ﬁ\),Pm,(l_P)R—m’

where the most lLikelihood response of the
digital learning net
m=R-P.

After the first recognition step. the prob-
ability of generating m’ elements only 1n A,
on the Z matrix 1s

Pror=(8)- Py (1= Py,
where the most likelihood response,m’=R-P,.

Thus the Hamming distance Ho 4, 1s given

by
Ho Ay =R-(1 =P+ Plow — (1 =P )1 — Ptom))
=R (Ppt+Plow —2P e Plow ).

At the sccond recognition step. the single-
layer nets faced with Ay, classify Ay by
assigming the classification to the descrimin-
ator which has the strongest response, and
make the second decision on the decision bits.
This decision 1s very strong one because Ao
consists of the prototype patterns.

When the two decisions, which were made
during two previous recognition steps, are same
the system makes a strong final decision from
the output pattern A¢”, hence the output
pattern enters the stable-state from the third
recognition step. But when the two decisions
are different the rejection occurs. This hap-
pens when an unknown pattern A, is far more
similar to another category training patterns

than to its own training patterns, although it
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is more similar to its own prototype pattern.
Thus dues to the fact that the output pattern
generated after the third recognition step, say
Ap”, consisis of the elements belonging to both
Ao, and Ay”, about which the different deci-
sions were made. However, this is the worst
case and can be removed by choosing proper
training patterns and prototype patterns.

When the system 1s faced with an unknown
pattern on the I matrix we can now calculate
the most likclihood response of the descrimin-
ator from which the final decision is made.

After two recognition cycles, the probability
of a RAM in the 1-th descriminator responding
with a s given by

P =(F2) ().

where the Hamming distance Hy”., is

R
Ho"A,Z :ki (do”?ﬂ'd/z)
=

=R.(1-P"),
for any ¢/ (1<7:ZN), a"k=A0"=4", and the
sampling size #"=4.
The probahlity of generating m Is at the
output ol the i-th descriminator is given by

Prin=( F, J(Prin)"(1= Prin)on,

where k= R/n’=64.
The most likelihood response of the 1-th
descriminator regarding to A4, 1s
ke Pgi.

IF. Conclusions

From the analysis the followings can be

estimated.

(1) After two cycles a decision can be made,
and this decision 1s relatively very strong one
because the final decision is made from the
pattern which is a subset of any one prototype
pattern.

(2) An 1nput pattern can be preprocessed to
a prototype-like pattern during recognition
cycles.

(3) The most likelihood response of the
system can be estimated in terms of Hamming

distance,
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