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Artificially Intelligent Dynamic Pattern Recognition

Soo-Dong Lee
Departmenl of Electrical Engnieering and Electronics
(Recerved December 30, 1981)

{Abstrract)

This paper presents new results estimated with a multicategory classification system which
consists of a randomly fed back digital learning net and single-layer nets, including decision
feedback loops between them.

The system behaves “intelligen ly” not only in the sense that 1t clusters incoming stimuli on
the tasis of 1ts internal states but also because it adjusts its decisions continuously until a stable
strong decision is obtained.
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ses of each descriminator, but when a distine-
1. Introduetion tion is required betwcen two scts of patterns
which differ only by a small amount, the
In the field of pattern recognition, much margin between these two decisions becoms very
effort has been devoted to the development of narrow. That i1s, context effects which make
digital learning nets which behave with “mte- recognition possible despite an ambiguous input
Ihgence”. However the arca in which a contr- have been excluded 1n the nets. In order to

ibution has been lacking 1s that of a multi- bring context effccts into the system, we must

category classificr which makes a strong dec- include a feedback mechanism that provides

ision at its output within a few cycles. information about previous recognitions to be

A multi-category classifier such as the single-
Jayer nets! makes a marginal decision by det-

ecting the strongest response amongst respon-

used when it comes to recognmising the present

stimulus.

An OR-ed feedback net, 2® where an external
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mput 18 imposed by OR-ing it with the feedback
wircs turrying the previous output states,
clusters sncoming information on the basis of
torming 1nternal models. But 1t suffers from
domivation of last seen patterns. The “aging”
proccss allows the net to become gradually less
sensIve to 1ts teach terminals by removing
teach clock signal irom an cver increasing
numicr of  elements, thus can reduce the
domrration of last-seen patterns. But the per-
fortaance of the net will ke affected by choosing
ditfcrent teach terminals during the process,
that 15, the feedfack connections can not be
determined telore training the net, and this
¢ocs Tevond the nature of training.

A deo con feedback net such as the action-
orrested learming net'® makes a strong decision
at 1ts output Ly amphfying the desired resp-
onsc~. The output of the net is fed back to
part cular RAMs

memdries ) within the net so that the net awares

inputs of (random-access
ot 15 own deaistor. But for some ambiguous
mnputs, st needs several cycles for the net to
enter the stakle states from which the final
decizion 1s made, and the net is restricted to
per{orm two-way classifications.

In this paper, a multi-category classification
sistem shown i Fig. 1 1s proposed and
investigated to sce whether 1t can be trained
to make a strong decision within a lLimited
¢yele, The system and the action-oriented
learming net are hike each other in using the

decision feedback, but differ widely in the

sense that the system enters into the stable

Out prt pattern feedhack

states by “cleaning up” the variations of an

external 1nput pattern from the prototype
pattern which is selected by previous decisions,
while the action-oriented learning net enters
into the stable states by amplifying the destted
responses.

For multi-category classifications 1n the
system, the problem arising is how the “clean-
up” processes and the decision processes can
operatc fast enough with confidence for an
unknown input pattern.

The training is the kev in solving this pro-
blem. The system consists of the digital lear-
ning net providing the preprocessing for an
external input pattern and the singlelayer
nets making a decision from the preprccessed
pattern, The address of each RAM in the
digital learning net 1s partitioned into three
groups. The digital lcarning net 1s trained to
produce a prototype jaattern on the output
matrix by applying a sct of traiming patterns
as well as their corresponding prototype pottern
and a category information on the input mat-
rix, output matrix and the decisipn address
terminals of each RAM respectively.

After traiming, a set of training patterns
and a prototype pattern are chosen by the
previous decision and are compared to an
external input pattern during the “clean-up”
process of the digital learning net. Then the
irregularities of the exteinal input pattern are
enforced to be cleaned up to bring 1t 1nto a
more prototype-like rpattern, that 1s, the

external input pattern is preprocessed by pre-
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comparison. Thus the single-layer nets which
are required to make decisions on the preproc-
essed output pattern of the digital learning
net can make a strong decision without any
confusion,

This process would greatly reduce the number
of traiming patterns at the single-layer nets,
therefore each descriminator of the nets 1s
trained by a prototype pattern corresponding
to the category. This 1s probably the case 1n
long term memory (LTM).

The decision tor the digital
learning nct 1s obtained through the teedback

information

loop between the overall ouatput of the single-
layer nets and the decision teedback address
The
existance of this long feedback loop plays an

terminals of the digital learning net.

important role in the development of 1ts “int-
elligence”, and through the action of this
feedback loop, the system can learn without

the sequencing effects of multicategory training
Jandom
mapping
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3

patterns and can recognise an external input
pattern within a limited cycle with an appro-
piate prototype pattern.

This is probably the case in the human brain,
according to the prototype-hypothesis of pattern
recognition, ¥ we remember any object by 1ts
prototype rather than by its whole template
and recognise the object by comparing 1t to
the prototypes stored in long term memory,
and then adjust the decision repeatedly until
we are satisfied that we have 1dentified the

object.
[. Net Structure-Hardware Design

The overall net structurc and the hardware
connections of the proposed system are shown
in Fig. 2, The design 1s centered around RAMs,
but this scheme 1s rather conceptual approach
because the embodiment of the resulting system

might turn out to be a specialised micropro-
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cessor system or straight forward read-only
memory (ROM) programmable logic array
hardware. The essential elements and the
descriptions of the system are defined as
follows.

Digital learning net (DLN): This net consists
of 256 RAMs, and each 256-bits RAM has eight
address terminals. These address terminals are
partitioned into three groups, that is, three
input address terminals, three output pattern
feedback address terminals and two decision
feedback address terminals. In addition to these
address terminals, each RAM has single data-in
terminal (teach terminal) and single data-out
terminal.

Input matrix (I): The input patterns appear
on thir 16 by 16 binary matrix. Each element
of the I matrix is connected to three randomly
chosen elements of the X matrix in such a
way that no x.,, thatis, j-th input of the k-th
RAM (<j<38, 1<k<256), 1s connected to
more than one element of 1.

Mapped 1nput matrix (X): This 3 by 256
binary matrix is connected to the input address
terminals of each RAM in such a way that no
two of the X elements connected to the same
element of I belong to the same RAM.

Output matrix (Z): Each output of the RAMs
generates this 16 by 16 binary matrix whose
ordering 1s regular. FEach element of the Z
matrix 1s connected to three, randomly chosen
elements of the O matrix 1n such a way that
no O, that 15, (3+7)th input of the k-th
RAM (I<j<(3, 1<Ck<(256), 1s connected to
more than one element of Z.

Mapped output matrix (0O): This 3 by 256
bimary matrix 1> connected to the pattern
fecdback address terminals of each RAM in
such a way that no two the O elements conn-
ected to the same element of Z belong to the
same RAM.

Traming matrix of DLN(T;): This is an

additional 16 by 16 matrix which consists of

the teach inputs of the RAMs. T, 1s obtainea
from Z by regular mapping.

Single-layer net (SLN): This net consists of
64 RAMs, and each 16-bits RAM has four
address terminals. The address of cach RAM
1s chosen from Z matrix by random onto
mapping. The teach inputs of this net are all
set to 1 during training on appearance of
training patterns at Z matrix.

Single-layer nets (SLNs): The nets consist
of four descriminators, a maximum response
detecter and an encoder. The response of
each descriminator 1s supplhied to the maxi-
mum response detecter which assigns the
classification to that descriminator which has
the strongest response. The output of the
maximum response detector is encoded into two
bits binary number, and this encoded decision
1s fed back to the decision feedback address

terminals of the digital learning net.
Il. Training

Before any training is carried out, all the
RAM bit stores are initialised, that 1s, all
patterns applied on the input matrix produce
an all Os state pattern for all initial states of
the RAMs array.

Training 1s entered by generating the input
addresses of the RAMs 1in the airay and
applying a training pattern to the correspond-
ing data-in tcrminals. These traming data are
then clocked mto the RAMs s0 that the next
state of the array forms the trainine pattern,
that 1s, the addressed store location of cach
RADM change 1ts value to that of 1he COrresp-
onding data-in terminal. Now 1f the tramning
pattern 1s cloched again, a transition fron the
state pattern back to itself is enforced (1.e.,
stable-state creation).

When variable training patterns are introd-
uced 1nto the input matr.x, the ressonse to the

unknown pattern 1s more like protory pe pattern
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1s more like prototype pattern which 1s consi-
dered to consist of the features common to all
instances of a pattern.

The concept of training the proposed system
1s based on the prototype-hypothesis of pattern
recognition. Human beings remember any
object by its prototype, what arc stored in
long-term memory (LTM) are prototypes—
central, :deal representatives of sets of stimuly,
and in theory any stimulus can te encoded as
a prototype plus a list of variations. The
incommg stimuli can then le compared to

prototypes rather than templates.

1. Training of Digital Learning Net

The training procedure of the digital learning
net 1s as fellows, At first, the tramning patt-
erns belonging to one category are supplied on
the I matrix, and the category information 1s
provided to cach decision feedtack address
terminals of the RAMs. The feedback from
the Z matrix 1s set so that all the data-out
terminals of the RAMs form the prototype
pattern telonging to that category. The net
1s then trammed to generate the prototype
pattern at the Z matrix by applying the pro-
totype pattern to 1ts 7 matrix. That 1s, the
training consists of setting those addressed
store locatiors to Is only in those RAMs that
have correspording 1s in the data-in terminals.

The ecftect of this type of tramning is to
create the same stable, re-entrant state for all
input patterns in the training set. There 1s no
scquencing effect during training, that 1s, the
training for one class does not alter the effect
of the previous training for another classes,
this dues to the fact that the derision feedback
address partitions the array of RAMs into
non-overlapping arcas.

After tramming, the digital learning net
“percepts” the prototype patterns, ihat is, the
cotents of the store locations addressed by both
training patterns and their corresponding pro-
totype patterns are set with the prototype

patterns during training. The “perception” is
defined as the entry into specific arcas being
determined by the classes of input patterns to
which the net is exposed during training.

2. Training of Singile-layer Nets

The single-layer nets in the proposed system
arc trained only on the prototype patterns,
that 1s, each descriminator in the nets is
trained 1ndividually on a prototype pattern
from which the category 1s detected. The
traiming proceeds as follows.

All the memorics 1n the single-layer nets
are mitially set to zero, and a traiming (pro-
totype) pattern 1s shown at the Z matrix
which provides the 4-tuple input addresses for
Then the

descriminator 1s trained with all Is at the data-

the corresponding descriminator.

in terminals to output all Is at the data-out
terminals of the RAMs., That is, all the
addressed store locations are set to ls.

During recognition, 1if a pattern on the Z
matrix belongs to one of the training (proto-
type) patterns, the corresponding descriminator
outputs 1ts maximum response (i.e., 64).
Generally a decision is made about which the
single-layer nets match best, and the pattern
is recognised as corresponding to the contents
that are stored in the single-layer nets.

The decision made at the output of the nets
is encoded 1nto two bits binary number and
fed back to each decision fecdback address
terminals of the digital learning net to adjust
the deciston 1t provides and to classify the
output pattern 1t descriminates for the recog-
nition that follows.

This ty pe of training provides the comparison
function for the system, and ecnforces the
system to make a strong decision within
limited cycles.

V. Software Design

The hardware design shown in Fig. 2 is
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focused on the behaviour of a RAM as an

T-1. The training procedure of the digital

element of adaptive logic circuits, but this learning net

design might easily turn out to be software for

W-2. The traiming procedure of the single-

conventional digital computers. In this section, layer nets

the software design scheme for the proposed

V-3. The recognition procedure of an unk-

system 1s discussed by showing overall flow nown pattern

charts as follows.

1. Training Procedure of The

{ Start )

Initialise
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Z matrix: :AP
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Digita] Learning Net

Set all the store bits of each RAN
with Os,

Select 2 Category (Ii<{N).

Put a Prototype Pattern into the
ouput matrix and the training
matrix.

Put a category Information into
the decision bits of SLNs,

Select a training pattern bhelonging
to a category (I<J<T)

Put the training pattern into,
the input matrx.

Generate DLN. address {rom X matrix,
O maftrix and decision bits.

Select 2 RAM in the DLN (I<k<256).

B is the decimal equival/ent of the
address of the k-th RAM.

The k-th RAM is trained by sett.ng”
the addressed store location w.th
ine contents of the k-th element

of T;.
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D

K=k +1 Select the next RAMN,

A training pattern 7' and a protos
type pattern A, are percepled.

Select the next tiaining pattern,

All the Traiming patterns in T

i and a prototype pattern A, are
percepted.

no

it =141 Select the next category.

All the TXN training patterns in T
and alIN prototype patterns in \p
are percepted.
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2, Training Procedure of Single-fayer Nets

Start

Initialise

Z matrix: =A,

class: =i

!

Generate SLN. address

l

ki =

bh:=SLN.address! k
RAM! k! b: =1

it =141

et all the store bits of cach RAM
in SLNs with Os.

Select a category (I<iI<N).

Put a prototype pattern into the
output matrix, and select a des~
criminator.

Generate the address of each RAM’
in a descriminator from the output

matrix.

Select a RAM in the descriminator
(A<k<64),

B is the decimal equivalent of the |
address of the k-th RAM in a des-
criminator. The k-th RAM is trainedl

by setting the addressed store
location (b-thbit) with L

Select the next RAM.

A descriminator is trained.

Select the pext category,

All the N descriminators are trained,.
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8. Recognition Procedure of an Unknown Pattern

1 matrix: =4,

Z matrix: =A;

}

Loop: =1

N

i

Generate addresses

of DLN and SLNs

Process DLN,

Z matnin: =DLN output

I

Process SLNs,
L: =Loop,
Decision! L: =SLNs output,

Decision bits: =Decision! L

!

Read Decision! L

l

Loop- =Loop+1

Toon {3

Put on unknewn input pattern into

the input matrixand output matrix.

The first recognition step.

The decision feedback address of
DLN 1s not determined at the

first recognition step,

The contents of the addressed

store locations are regularly

read into the output matrix.

The SLNs output is the classificatipn
of the descriminator which has
the strongest response.

Read the first (next) desisiops

The next recognition step.
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After two recognition cycles,

a final decision is made

. write
Decision

:=Decision!3

“Dezision class Not
Found-Reject™

End

V. Conclusions

The expected results which has been inves-
tigated after training are as follows,
stable-
states directly related to an unknown input

1) The training procedure creates

pattern.

i1) Each descrimmator 1s not required to
accept a set of training patterns but a prototype
pattern.

11) The ststem provides preprocessing for
an unknown input pattern during recognition
cyvcles, and the output pattern generated on
the output matrix 1s a prototype-like pattern
related to the input pattern.

1v) A strong decision can be made, and when
an unknown input pattern is too ambiguous to
make a decision, a clear rejection occurs.

v) The system can be extended to any multi-

category system by adding descriminators to

the single-layer nets, and increasing decision

feedback address terminals of each RAM in the

digital learning net on the expense of hardware.
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