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The training problem arises because training is difficult to accomplish.



30 whet her there has been a match. Were a match occurs for a conponent
then that indicates that the conponent has been recogni sed. Recognition of
each of tiweoopmpPements of an input |eads to recognition of pcgsgoopois2 WO
02/.1926 PCT/ SG00/ 00182 3 The presence of a nunber of took-up tables
results in a potentially large nenory size, The nenory size required is
proportional to the nunber of conponents ich the network may identify.
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recogni sed cwmrdrmnstlhecompated&ﬂallmememtatmslndex for recognition. The
i ndex preferably consists of colums with each colum . corresponding to
one or nore recogni sed conponents. Preferably the index is 25 divided into

a nurber28f  GRTUEIS o) fiBatich 8PstBImd Bs@'5 hefiod HRRcb@Sitiod WitdreBY an input to
the neural network is divided into a number of components (n-Tuples) with each
component compared to a series of component look-up tables. Normally there
is an individual look-up table for each component. The network then processes
each component in light of a large number of look-up tables to determine

30 whether there has been a match. Where a match occurs for a component then
that indicates that the component has been recognised. Recognition of each of
the components of an input leads to recognition of the input.



r ecogni sed conmponents. Mrre preferably, the index is divided into a nunber
of colums 'which is equal to the nunber of recogni sed conponents. i The
met hod nawo m/4492¢ i ncl ude the steps of each input conponemCTisgEongoi3d
conpared to the correspondi ng recogni sed conponent colum) and a score
being allocated to one or nore recogni sed gonponents. Preferably the score
for each recogni sed conponent of a pattern is added and the recogni sed
pattern wit hT?!BePFﬁS@Imgt ok comambier @énlppkilgu talles hresulis ot appotesthially large
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exanple, 16 mllion, connections can be inplenented wth a 64 MB RAM (b)
The requi redmﬁrﬂﬁﬂar@! ze is reduced by a factor of N, when conpared 30 with
previ ous n-Tuple systens such as the WISARD system) with N being the
nunber of input conponents (n-Tuples). This is because the n-Tuple
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Summary of the Invention

20 According to a first aspect of the invention, there is provided a neural network
system including:
(@) arandom access memory (RAM); and
(b) anindex-based weightless neural network with a columnar topography;
wherein patterns of binary connections and values of output nodes’ activities
25 are stored in the RAM.

Preferably, the neural network system comprises a computer hardware
component.

30 In a preferred form the neural network system has potential for scaling. Scaling
may be achieved in any suitable manner. It is preferred that systematic
expansion is achieved by increasing the size of the RAM.



6 (d) Training is reduced to witing of data into RAM (e) The perfornmance
can easily-be adjusted by changi ng the dynam c range of input conponents,
whi ch canweonereved by changi ng the deconposition style etrisgoubodata. 5
A device made according to the present invention is hereinafter referred to
as a Neural Cortex. Both traditional artifjcial neural networks and
traditional RAMoased artificial neural networks are networks of neuron-Ilike
conput i ng uniTihe. nélonad networkheayadpe triainey imnamys sui’tabllaenaunem Ibisaprefarred that

on i ch- e s Qi bl i, Tineg, Bt ot FoeR G B &5 Ttk "
col l ection OftoMﬂng@W\e ggqmilﬁ,g thBarhiAgt he si gnal s propagate in a

bottomto-top fashion n i ke fraditional RAM based neural networks, the
Neural Cortex operates not 15 by menori zing the names of classes in

dat o r oprisent BTgl et el Rer B R ge PR Tt Boadlelbi by dandr
cl asses (cl a%cbﬁfpﬁisﬂitﬁ?sl?lé*@ﬁfnﬁht aafh, iahdheribytHAmginpdPh &vlic ﬁ%ﬁ\da”'of lnput
retrieval, the Neural I'Tke the n- Tupl e C1a55|f|er suns up t

nanes act| vatcempgnamput conponents. The sunmi ng operation provides the
generalizing ability typical of neural networks. However, unlike the
n-Tuple Classifier, where a "wi nner-takes-all" strategy is enployed, the
Neural Cort et fyphafusredl fheit linguts comivenshis” tostheaheosal nBtwerk aiddpess areirighs
of preference but a 25 necessity brought about by using a single comon
storage. 19n &8P iIpgRX.n Tupl e C assifier, each input component (n-tuple)
addresses its own | ook-up table. In case of the Neural Cortex, all - input
conponents address a single comon index. This brings about a dramatic
decrease in pyrordingi toea s%enabmam offthe inverdion, thersus pm:dmedi a roethod be
n-Tuple Cassifier and the 30 Sparse Distribyted Menory tem; Ial

why previ ous PRAGRISIRG D ﬁE’G?HP"r‘Pé’tm?@ W&@Q'@FF‘PW‘&DQ Péleqrﬁ PSW y

reqw rerrentstg@g@ % ge size significantly limted the application range.
WO 02/i.1926 /"SG00/ 00182 Further, a single common index is an
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when the appldogdidrghtsi ze grows. For instance, if the inmage 5 size grows
from 128x128 pi xel s to 2048x2048 than a traditional artificial neural
net wor ks wi | I(Cheedracessing gachi erinpasent acoesdingtodbe pajteroHadex o ddertify a

o ca 1 yeraahikd ool ShréBondifg e é’f@@i’ﬁ gtem . ot el g o
e en ToTP e myséﬁ{m e e o nal o oot Lern’i oo o
ey commonbretsrabie dao ol aterans Giides BunmaoBiraiinar| eais

by SLOTi NG | Renfils Wl 8ah RSN ARpbAENISHRG BHorka inAREHEn héex

pattern st or I ndex n out a tern
deconposed i rfoo récognitien. Ehecmn!pmnmaferasly eansists. ot csmrms; twithh gacbacdlumn

conponent S; is inter ed as the address f a colu t.he .inde Each
col i st or eSofsPPBRicEla: an HryBfre)redaeB st dtnBRheRy PAERIN, 1h8 Thiex

val ue S;25n QIMded M & rimBercof cAIGRM@NIIEH i is ybhAl BProMBRsdPan thetnehbepion
more than one sanple of each reference nunbe Wien an input | is received

this is divi degognised companantssMererpesierably, |tme jndex is divided infarnyrapet of
columns which is equal to the number of recognised components.

The method may further include the steps of each input component being

30 compared to the corresponding recognised component column, and a score
being allocated to one or more recognised components. Preferably the score for
each recognised component of a pattern is added and the recognised pattern
with the highest score is identified as the output pattern.



conponent |1 to Ix is processed by the network by conparing the conponent
wth the pattern i ndex. Were a conponent of the input |; matches a
conponent WAB0md§49ehie output S; then each reference nunber | pstrsGoo/mishe
colum of S; has a score of one added to its total. This process is
repeated for each of the input conponents.gThe scores are then added to
determ ne the winner. The winner is the re?erence nunber with the greatest
score. The r &réiefddescriptibbrof therDeaingsi ng to a recogni sed out put pattern,
is recognised by the network. 30 An exanple of the pattern index is
illustrated in Figure 1. This figure illustrates where the index has been
Jrained or pro@ ipvEwtbr Wil 66W BRI desdribedan Yertitky deiait kg refsrence to/ 8id atthdiedand
"mouse". In this figure the words are assigned the reference nunbers 1, 2
and 3 respectdrawings whishoshomtexsmple faemaral thetinwentian. ot is {0 beoenderstomsl g
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‘Wen an i Rput 3o SpBelly E ik IRMd B ciRnTo o the SeBetdify p6R"
input is procf@@geﬁhgpmsb[zj‘saf@nce to this single pattern index. In this
exanple the input is in the formof °~ the word "nouse". This input is
subsequent |y broken dovvn into five letters. Each 5 Ietter is processed in
t he network i T e

undert aken i 1992 D aif indeTaplel sl PR3 UhfinBlut BoBGRA0 4 one,
undert aken V|emﬁty@d|men$|omhé mventish.y. The foI | ow ng processing i s undertaken
(a) the conponent of the input "mi' is processed and in this case one point
is 10 ad¥®d to the score attributable to variable 3; (b) the conponent

i nput "o" e (o] i d; d

component | PG 1% 4, shanfte bick St ihRrkBhy Poidtel i of ' ol heb('c
1 and 3; 15 (atpotdieg twapamibodiment of the' inveniismcessed and one point is
attributable to variable 3; (e) the conponent input "e is processed and one
point is attributable to variable 2 and 3. 20 The network then suns up the
points attri I e

score of 2, %@%blgetsg aaégﬁ%l?‘nghgaﬂbék de(\;/rtg?rlﬁ ?Még%ﬁ E{:doﬁésg@ %flar*w‘a&tﬁut
vari abl e1%i t laccheding i astersbodimend of theeinvienten.t o be t he wi nner and hence
identi fied. The variable 3 which has a score of 5, corresponding to the
word "mouse”, is therefore considered to be identified. 25 In case of
standard RAMDémﬂedlljéQfﬁlsﬁoﬁlddr ess words always point towards two
different nenory locations. This is no longer true in case of the Neural
Cortex. For exanple, if the input pattern has three conponents (a, b, c)

and the conp n t n t
(b,a c)) (b, ?}% ﬁwvgéﬁ%mc%nb!?@%?glegnégtgﬁ tﬁf&@? thtehﬁs ?])té agg%gréggcqu®U|lt \A{Itl}
3 becaus20t héhélaiseabf @tartdaxd |chg|taimpsan't'hwm\lermeapamn umndq;»ebaaeditwelgbtles'ﬁhe
i nvari ance i s _caused t t ha ents. ( ddr es
Simgl ¢ commomelre), Agonat: apaitas, hgalaay fapate nis RANRERS PafEmscihce
into a one- d'm'&%bcﬁ@ﬁ&ﬁnawvéfu%@tdf’ﬂlgebbﬁwﬁ@é BEbatp R HdesNTRE I 6rk
which is the price to be paid
offers:
(a) Scaling potential: Systematic expansion of the neural network can be
25 achieved not by adding extra modular building blocks as in previous artificial
neural networks, but by increasing the RAM size to include additional columns
or by increasing the height of the index. For example, 16 million connections
can be implemented with a 64 MB RAM.
(b)  The required memory size is reduced by a factor of N, when compared
30 with previous n-Tuple systems such as the WISARD system, with N being the
number of input components (n-Tuples). This is because the n-Tuple Classifier
requires N look-up tables, whereas the present invention requires only one
common storage.

(c)  The network topology emerges automatically during the training.



WO 02/.e926 9 PCT/ S0/ 00182 for dramatic reduction in nenory size as
conpared to traditional RAM based neural networks. This invariance is the
key to thavOleusfabe Cortex. At the sane tine, it is the beautpCwsGobloe1s2
approach because this invariance becones practically harnm ess when the
conponent dynami c range is increased. For ghe 5 above exanple, by using the
2 bytes dynami c range, where the pattern (a,b,c) is converted into the 2
conponent ~ pat{éer n Trainjngbis)reduned tomriingrof datarinio RAM. be obt ai ned: (a, b, c)
=>2, (a,c,b)

the pattern 839 ﬁe\/\ﬁ)?')for%amt(?eﬁ%ngagﬁyl98%(39?%%&5'1%“9'83%?éﬁ’h@%%trgﬁ?e

conver si on ofoftuﬁ@tncmﬁaﬁ@ﬁt@t whightcapebé eidhiévéd  bys éhanging - thé Nledofifositigie W
pattern ( c~, cM whose conponents have a greafter dynam c range

and M < |SS@H@D§W¢aéR)ne by the software driver of the Neural Cortex
card. 15 his conversion can be referred to as the C(haos)-transform if it
converts tThe sequence of all input patterns into a one-di nensional chaotic

i terated nmap.A dbdics yhade aea@rd@@cb tHeoprdsent iMenlibhas trrehaftéerdféired 3 a8
anbiguity is that t he sequence of all C-transfornmed in patterns is a

chaoti c it er NedahfgrtexnBoth draditienglcerifisial ineural Betwor Esaﬂﬂd b'a@ittl@nﬁl RAM-

component s il ches LTI B FUSBRRE GORINLRIK-EIRRHF RS

anbi gUI ty. I's condition 00 strong because | cl ent

that any two Hewéwesrnsheliddmputing mmscomﬂméIQNmaat bitahasdre Enm:-peam coftical
pur poses goo a&g xi mation of th C—transformcan be achi eved by
i ncr easi i1|§ (Wgﬁﬂ t &' 9eRpIakiview Higthe single,qommon lﬁ‘ﬂeéson eW'(‘,'CthH@np@seBt or

2
25 component T TEy (AR, LA Uebe Solerinediad B ARRN Il AR, ©
shown in Fi gwhergin theesidgphals ipsopagdtedn & hottdmtbstop fadlsions' , ~Score' are

RAM devices. Eis a summer. T-logic is a termnating |ogical device. 4 30
1. Each pattern conponent (A-Wrd) is passed to the address bus of the

L5373 ! SRR g SRS LT g
out put vabue ty ofernbrizingi ‘tlﬂ& narsd i glassesl inocompoaddt desk-bipstablest tait by
"Names' RAM 4. And, finall I he out al N, of .the Na

paesed to t heaaiiteaoddierppriehd® B e R\ HRed et EonseRRRtRR OF. Pay .
term nates t kenijorents. TRidEhdesecontams e AandIMafoblaebes f @1Hye aéfepsisieess
N that is determ ned by the output of the 'Nane' RAMIis mcremented by the

val ue of 1. Neypbershandis areated@MIEAIRIBG: i s fed back to the "Links' RAM
address bus. The process repeats itself from point 3.

20  On retrieval, the Neural Cortex, like the n-Tuple Classifier, sums up the names
activated by input components. The summing operation provides the
generalizing ability typical of neural networks. However, unlike the n-Tuple
Classifier, where a “winner-takes-all” strategy is employed, the Neural Cortex
employs a “winners-take-all” strategy. This is not a matter of preference but a

25 necessity brought about by using a single common storage. In case of the n-
Tuple Classifier, each input component (n-tuple) addresses its own look-up
table. In case of the Neural Cortex, all input components address a single
common index. This brings about a dramatic decrease in memory size. The"
absence of a single common index in both the n-Tuple Classifier and the

30 Sparse Distributed Memory systems explains why previous RAM-based neural
networks had difficulties in terms of memory requirements whose large size
significantly limited the application range.
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1. Each pwdergaomonponent A is passed to the address bus opctileoiétass s'

RAM 15 2. The output value R of the "Roots' RAMis passed to the
address-bus of the "Links' RAM 3. The output value L of the "Links' RAMis
passed to the address-bus of the "Nanes' RAM The output value of the
'Narmes' RAM Furtienhm singly aommen indexdarareeffigient: solutioaute tbe meurabnatwarke

values R, L, N and P ar assed,to the control ,unit ich, utilizes the
ol o g 1 ogkbAMlon SoBIER? 2 na% bagn: PRicalag : eve, SDhutbrhA Brtiita )
on updating n&aefl shetworkdikand arstitidware RANMYdseft Baiias enelral shet@dreadlaveo

‘the " Links' RAM addr ess bus. The process repeats itself frompoint 3. 5.
Deci si on Logfealingpdiffjculiiesywhep, thecppplination: $ige grewss §or iinstanee,of thedmagent

t he countger : ' - ' r | o]
ke v SRedialedton 125478 B " AR HeoR i £ kel ol Rebral”
0 & L=0, incnhemirksiwi rrspihbe256-fbideintretiselin manérytbécauskl theshumbbt af n-
address R, wite P to Nanes' RAM at address L) b) term nate the process.

WO 02/. 1. 19tuplas incneaseso/wo1®e dactosr Phndebof t2MX0A31128514& x Howevss
adj usted in | | i .

and reoal |t PR TEHCIG, Saf, SGaidE, st NoPrdl SBex S Bebdiairq 1.5,
continues. Agrbisendirlentibnaaay remaire asehamgedbeoatsebtill ehlyrare eomnvdreingekhat
are stored ip index colums and, therefore, 5 the amount of index cells

t hat havt’t o"H¢S&tcessed. As a renedy, one can increase the dynamic range D
of input pattern conponents. This increases the nunber of index colums
because the index address space is equal to D. As a result, the same anount
of ref er enceThergresentinvéentien spradesl auginglet pattemndndex ofiirgaut osfrpeimenisy Then,

decreases the average.ingex height H 10 The processing .ti on storage .and
focal T s pr BB PoREINS B4 adsemoonents eBLB” Rimrd th Pl i ol

proporti onal ini\y itBet gbgy t o} Rdihi D
I ncreases) tﬁgﬁ%ﬂrf’lo\'gggg}frﬁgmﬁ #@ea'g%@gches r%(éo rh&il’ﬁlﬁé ‘?éc}lfﬁrgv\g%&r‘tgmlt&ngﬁfgct
that H it5i npatiemn ipdeportional to D. 15 The nenory size is proportional to
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with the pattern index. Where a component of the input |; matches a component
25 of the output S; then each reference number listed in the column of S has a
score of one added to its total. This process is repeated for each of the input
components. The scores are then added to determine the winner. The winner is
the reference number with the greatest score. The reference number,
corresponding to a recognised output pattern, is recognised by the network.
30
An example of the pattern index is illustrated in Figure 1. This figure illustrates
where the index has been trained or programmed to recognise three words
“background”, “variable” and “mouse”. In this figure the words are assigned the
reference numbers 1, 2 and 3 respectively. The output patterns are letters from



of the present invention. A WD 02/.14926 12 The clains defining the

i nvention are as follows 1. A neural network systemincluding: (a) a
random acoee92mrery (RAM; and 5 (b) an i ndex-based wei ghtrcagsGonsorsal
network with a columar topography; wherein patterns of binary connections
and val ues of output nodes' activities areqstored in the RAM 2. A neural
network system according to claim1 wherein the system 10 conpri ses a
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1 or claim2 wherein s%)sgterrat I ¢ expansion i s achi eved by increasing the
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the pattern index to identify a recogni sed output pattern corresponding to
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15 (d) the component input “s” is processed and one point is attributable to
variable 3;
(e) the component input “e” is processed and one point is attributable to
variable 2 and 3. .

20 The network then sums up the points attributable to each variable. In this
instance variable 1 has a score of 2, variable 2 a score of 1 and variable 3 a
score of 5. The variable with the highest score is determined to be the winner
and hence identified. The variable 3 which has a score of 5, corresponding to
the word “mouse”, is therefore considered to be identified.

25
In case of standard RAM, two different address words always point towards two
different memory locations. This is no longer true in case of the Neural Cortex.
For example, if the input pattern has three components (a, b, ¢) and the
component dynamic range is 1 byte then the patterns (a,c,b), (b,a,c), (b,c,a),

30 (c,ab), (¢,b,a) will produce the same score equal to 3 because the Neural
Cortex is invariant with respect to permutations. The invariance is caused by the
fact that all components (n-tuples) address a single common storage. The
common storage collapses the N-dimensional space into a one-dimensional
space thus creating the permutational invariance, which is the price to be paid



11. "A nethod according to claim9 wherein the index is divided into a
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conponent is conpared to the correspondi ng recogni sed conponent colum and
a score is allocated to one or nore recogngsed conponents. 13. A nethod
according to claim 12 wherein the score for each recogni sed 20 conponent of
a pattern is faddeamatid reduectiat dymemndnpsize eas complareddo HraglitiorialsRAMebased
identified as the output pattern. .V A
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20 no room for identification ambiguity. In fact, this condition is too strong because

it is sufficient that any two patterns differ in one component, at least. For

practical purposes a good approximation of the C-transform can be achieved by

increasing components’ dynamic range to 2 bytes, 3 bytes, etc. when 2, 3 or

more components are joined together, e.g., (a,b,c) is converted into the 2
25 component pattern (ab, bc).

A Neural Cortex read-cycle block-diagram is shown in Figure 2. The blocks
‘Roots’, ‘Links’, ‘Names’, ‘Score’ are RAM-devices. X is a summer. T-logic Is a
terminating logical device.

30 1. Each pattern component (A-Word) is passed to the address bus of the
‘Roots’ RAM.
2. The output value R of the 'Roots’ RAM is passed to the address bus of
the ‘Links’ RAM.
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| is incremented by the value of 1. Next, the ‘Links’ RAM output is fed back to the
‘Links’ RAM address bus. The process repeats itself from point 3.

10
A Neural Cortex write-cycle block-diagram is shown in Figure 3. The blocks
‘Roots’, “Links’, ‘Names’, are RAM-devices. CU is the controf unit.

1. Each pattern component A is passed to the address bus of the ‘Roots’
RAM.

15 2. The output value R of the ‘Roots’ RAM is passed to the address-bus of
the ‘Links’ RAM.

3. The output value L of the ‘Links’ RAM is passed to the address-bus of
the ‘Names’ RAM. The output value of the ‘Names’ RAM is denoted by N, and
the current pattern name by P.

20 4. The values R, L, N and P are passed to the control unit, which utilizes
the following logic. If L is O then the control unit makes a decision (point 5) on
updating ‘Roots’, ’Links’ and ‘Names’ RAM. Otherwise, L is fed back to the
‘Links’ RAM address bus. The process repeats itself from point 3.

5. Decision Logic:
25 a) if N = P, terminate the process;
if R = 0, increment the counter value C by 1,

write C to ‘Roots’ RAM at address A,
write C to ‘Links’ RAM at address R,
write P to ‘Names’ RAM at address L,

30 if R > 0 & L=0, increment the counter value C by 1,
write C to ‘Links’ RAM at address R,
write P to ‘Names’ RAM at address L,

b) terminate the process.
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10
The processing time on storage and recall is proportional to the number of
accessed memory cells, which is proportional to HN. Here, N is the number of
the pattern components. As D increases, the processing time approaches O(N).
This follows from the fact that H is inverse proportional to D.

15

The memory size is proportional to HD. However, H grows/decreases faster
than D. Hence, adjusting -the dynamic range D can efficiently control the
memory size. In the worst case, the Neural Cortex size does not exceed CD,
where C is the number of pattern classes, which is because the Neural Cortex

20 has only one “look-up-table”. On the other hand, the memory size of a
traditional RAM-based artificial neural network is CDN because for this type of
artificial neural network the number of input look-up-tables is equal to the
number N of input pattern components.

25 It is to be understood that various modifications, alterations and/or additions
may be made to the parts previously described without departing from the ambit
of the present invention.
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wherein patterns of binary connections and values of output nodes’ activities
are stored in the RAM.

2. A neural network system according to claim 1 wherein the system
10 comprises a computer hardware component.

3. A neural network system according to claim 1 or claim 2 wherein
systematic expansion is achieved by increasing the size of the RAM.

15 4. A neural network system according to any one of claims 1 to 3 wherein
the neural network is trained by writing of data into the RAM, and network
topology emerges during the training.

5. A neural network system according to any one of claims 1 to 4 wherein
20 performance is adjustable by changing decomposition style of input data, and
thereby changing dynamic range of input components.

6. A neural network system according to any one of claims 1 to 5 wherein
input components address a single common index.
25
7. A method of processing information by pattern recognition using a neural
network including the steps of —
(a) storing a plurality of output patterns to be recognised in a pattern index;
(b)  accepting an input pattern and dividing the input pattern into a plurality of
30 components;
(c) processing each component according to the pattern index to identify a
recognised output pattern corresponding to the input pattern.
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11. A method according to claim 9 wherein the index is divided into a number
of columns which is equal to the number of recognised components.

15 12. A method according to any one of claims 8 to 10 wherein each input
component is compared to the corresponding recognised component column

and a score is allocated to one or more recognised components.

-

13. A method according to claim 12 wherein the score for each recognised
20 component of a pattern is added and the recognised pattern with the highest
score is identified as the output pattern.



