15 MAR 2005 SPECI FI CATION 1. TITLE OF THE | NVENTI ON Lear ni ng nethqgi ' 2005
bi nary systens 2. BACKGROUND OF THE | NVENTI ON Thi s i nvention rel at M@@

| earnabl e binary systens. Up to the present, learning in traditional neura
networks is performed by nodi fying each wei ght of the process and

t hreshol d of each neuron. However, as _the operations of the

above- ment i oned wei ghts and threshé?ﬁgIFéﬁﬁf¥%Nconplicated and |arge-scale
har dwar e such as adders and multipliers, and take a long tine to operate,

it was difficult to realize H?rge}fcale hardware. The present invention is
developedlin above drawback, and the object of this
invention is tpepfAvhdemeteadsai iy bipidodsvisrdisnary systens, by nodifying
the connected states of the circuit in each of the basic binary circuits
in binary conbined | ogical and sequential circuits conposed with basic

bi nary ga?es BACKCRIUMNIF (FEE NOFENTANDE NOR and EXOR gates. 3. BRI EF
DESCRI PTI ON OF.,..THE | r At v L.ect, in the

| ear ni ng neth%%%giﬁg%gagééﬁgés %%§§£%%g¥%%h%bp§ ?ﬁﬁ%gﬁhggﬁgkgﬁ; t he

| earning is petpoteethendeesent cdrpcoiad snatesdirmonhichevhel fietyrks
binary gaje i copppeled Omb@%wgelab@:arﬁlegah@ hys %@J@CEE:BG:'E%@V ang of

the follown our. connect ed states: directly connected; % connect ed
t hrough arhFR§EPLEr ©13)eamnBREEA 0 HRYSEONdEJatEei MRAE 3% 190 Di Ahr FRE
4) connecigdvéombheisaeantedaints g tiddsHu By Yréguifoecginps iehevdngridhe
connectin conditiﬁgshhaﬁe hi gh-| ow_order,s__sho i tFi <1 Furtdh%r,k this
| ear ni ng T3 PETFORMEA"BY Wﬁﬁﬁfﬁﬁﬁg Pﬁeaggsﬁao?nﬁnggt%B?lSESrgFQS axe &
expressi njohhetdheveccapmEritag stawes. difficult to realize large-scale

hardware.

The present invention is developed in consideration of the
above drawback, and the object of this invention is to provide
learning methods in binary systems, by modifying the connected
states of the circuit in each of the basic binary circuits in
binary combined logical and sequential circuits composed with
basic binary gates such as AND, OR, NOT, NAND, NOR and EXOR

gates.

3. BRIEF DESCRIPTION OF THE INVENTION
In order to attain .the above object, 1in the learning

methods in binary systems according to this invention, the
learning is performed under the connected states, in which the
first binary gate is connected to the second binary gate by
selecting any one of the following four connected states:

1} directly connected;

2) connected through an inverter;

3) connected to the second gate input with binary 1;

4) connected to the second gate input with binary 0.
Energies showing the connecting conditions have high-low crders
shown in Fig. 1.

Further, this learning is performed by modifying the pseudo-
potential energies expressing the above connecting states.

Further, modification of the pseudo-potential energies showing
above connected conditions is performed as shown in Fig. 2.
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Further, nodification of the pseudo-potential energies show ng abog% MAR 2005
connected conditions is perforned as shown in Fig. 2. 1 15 NMAR 200 ;
Further, the above-nentioned binary conbined logical circuit 1is
constructed with the connections between the basic binary "gates such as
AND, OR, NOT, NAND, NOR and EXCR gates as shown in Fig. 3. Further, the
above- nent i oneklisegenttitg adioveurimentdoaecohposed co hnedel @pidd hed hrioui t

and a menpr ycsﬁﬁe%tct%rad x&f@hCeﬂee@dn%of%ec%ry]@teﬁ%fcgsghascb@og@s %Qt Esi%ajfgfh

and the conbined circuit I1s constructe asic binary

as AND, RETNOPE UCINMAND,ANOR @Ahd NOIGR dilos NOFhasid E&QFnigeg aretalsodhoame in
further atacierized in that the above-nentioned connected states are
realized by using  neutrons, These |earning nethods are still further

characteri zed TH R4t e 2PEURAPREL LN SRAYRES 1By FBEFR{EREIRICGINDS SEM

the pseuga-neeorsmraned kRieshakdandFaridesv o ihese: |8/ Y J®ifaeds.of he

nodi fi cat.i on of i ghts of. the neuraqns and thresholds 0 are changed
Cowar o A SRRFBRE G UMM Rg LRI Fabti di
in Eq. (1l)coWduceed Eqithl)xhEhasssiea hagy nghbeds sace fay tAey, ORrR, NoOT,

character'zéﬁ:td [ at ve connected states are expressed by using a
pseudo-p&i qgﬂﬂigﬂgﬁéégﬁhgﬁﬁg ter called PPE). These | earning nethods are
further charad@les$zetiebnntingt metiwd®PERDé facrhhgat ehlrawmctdr ghed onnotdart
defined ifhdi 9apbye-HIEHE; bEBLNAMATINMSS B8 LUILIET 1EDALILL LIS 200 ol
that learning is Brerforrreld ﬁy nodi T yi ng th% égﬁ i n the CONNGCt edtly'gstqgtl%g.
neutrons.
These learning methods are still further characterized in
that the learning is performed by modifying weights of the
pseudo-neurons, and threshelds.

Further in these learning methods, the modification of

weights of the neurons W and thresholds 6 are changed towards

the gradient descending direction of an error function E as

shown in Eg.(1l).

AWa - _OE EQ. (1)
30

These learning methods are further characterized in that

the above connected states are expressed.by using a pseudo-potential
enerqgy (hereafter called PPE).

These learning methods are further characterized in that
the PPE of each gate has a high-low order defined in Fig. 1.

These learning methods are further characterized in that
learning is performed by modifying the PPE in the connected
states.

These learning methods are further characterized in that
the modification of the PPE in the connected states is performed
as shown in Fig. 2.

These learning methods are further characterized in that
the above binary ccombinational logic circuits are composed of
the basic gates AND, OR, NOT, NAND, NOR and EXCR, and ccnnections

between them as shown in Fig. 3.
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These | earning nethods are further characterized in that the nodi &ﬁ%l on
of the PPE in the connected states is perforned as shown in Fig.

| earni ng net hods are further characterized in that the above binary

conbi national logic circuits are conposed of the basic gates AND, OR, NOT,
NAND, NOR and EXOR, and connections between themas shown in Fig. 3. 2 15
~MAR 2005 Thesérliaesg nlﬁefﬁé@ﬁoé'@tdlfeisf EEhefurhheacroRiracdaniadthtint heat

above seqyential;d l%qn%iéew&fksa eprbishaticonabogbh G4kt on@Rd a2 FRIPr Y
circuit as shown in 4, and the conbi nati onal [ogic circuit iIs
conposed a\mdtrﬁtmfem%%l‘élﬁﬁtlé’é 4G§c KRy nAND, FaR- 4NORD QRID HRYT EXORL

and the gepiectd onsubet weedompesed Hﬁiiﬂﬂ%heﬁﬂ@s?@%’@t@é NaEyn cegbaRpt i gRAl
logic circuits _are characterl zed |E§gat the are congosed with an’inplt
a

| ayer, aNonhBeH mddRaddd EXPRanBdayap saan REERF aDREwaRnshB®R-in Fi g.

5. Further, trzeuaﬂw]e btmrab@wbbm&rpnabmﬂmﬁ@m&pméglerelr@bws are
character. zed i n that they 553 ﬁgmé),o sed with an | np ut Iayer 1lp‘lonnectl ng
Tt

layer, aféRIAEIIaRY ARD ?hng?onﬁ’osﬁdg 8Y8boveé

bi nary cenbneattiionallawegrc nr3lDt Sapee aadisa)nccbmrhajzeriaedshawhhah rhey
are corrp%sed with an input layer, a connecting layer, an internediate NAND
| ayer, and an outputting NAND | ayer as shown in Fig. 7. Further, the above
bi nary conbi ndum=Rr | oghe aheeribsnare cansnahienel ek¢ged ¢nr¢:1hatsmey

are conpesed, %BQ:%.%ﬂé}P}Eed' %Yxe“ahe@t CRRBGCLd Y J:aiﬂﬁbse%“ GPLRT %%d'fﬁﬁ.
| ayer and an outputtin ﬁ | ayer as shown in . Furthernore e

above bi ﬁéﬁfroor?olor%q ng &@Y@Ibrl EUiaFs Layea éPgOAEF?aFLQB?é'r RSe8DPHDL ARt
they arerpgenpesed with an input |ayer, a connecting layer, an internediate

EXQ R layer and an  outputtind EXOR layer as shown In Fig 9. cuics are

also characterlzed in that they are composed with an input
layer a connectlng layer, an intermediate NAND layer, and an
ocutputting NAND layer as shown in Fig. 7.

Further, the above binary combinational logic circuits are
also characterized in that they are composed with an input
laver, a connecting layer, an intermediate NOR layer and an
ocutputting NOR layer as shown in Fig. 8.

Furthermore, the above binary combinational logic circuits
are also characterized in that they are ccmposed with an input
layer, a connecting layer, an intermediate EXOR layer and an

cutputting EXOR layer as shown in Fig. 9.

4. BRIEF DESCRIPTICN OF THE DRAWINGS

In order to better understand the characteristics according
to this invention, by way of example only and without being
limitative in any way, the following preferred embodiment is
described with reference to the accompanying drawings, in which:

Fig. 1 shows the order of pseudc-potential energy of
connection states;

Fig. 2 shows the modification method of pseudo-potential
energy of connection states;

Fig. 3 shows a block diagram of a combinational network;

Fig. 4 shows a block diagram of a sequential network;

Fig. 5 shows a block diagram of an AND-OR network;
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4. BRI EF DESCRI PTION OF THE DRAWNGS I n order to better understand the
characteristics according to this invention, by way of exanple onlyMARQNN
wi thout being limtative in any way, the foll ow ng preferred enbodi nent is
described with reference to the acconpanying drawings, in which: Fig. 1

shows the order of pseudo-potential. ener f connection states; Fig. 2
shows t he nndiﬁ%%atqocf’r?or‘@t ﬁo%"iGkaéié&& -a%Pgn?PaPR‘%HQrﬁﬁtBPrb‘é)nnecti on

states; Fig. Fxhows shdisoek ndicagr dhaefraem egnhi nativopal bpetmepkgatEkg. 4
net work; | ock

shows a bl ock di agram. of a _sequenti.al Fi g. o] a

di agram of an Fg?rﬁb (ﬁsﬁlﬁ‘ﬁol’ak?ﬂgcfs dl%ﬁﬁrfﬁbgfFFg?eéggﬁgéyaﬂﬁBoﬁﬁtﬁFégr am of
an OR- AND net waidk.; Fishows shiwieck kliagkati agr ammetwarkRebywoEkORYygAMAD; gat es;
Fig. 8 shows a.blo [ a ne ~ wFlg. 9_shows a.

bl ock di agr ameiro‘lfg ‘aclﬁe? \l;\lgr% g]ygg(gﬁ %%%és!(fé)%iagm% fg%§§§\ﬁ7\'rsbéngﬁt ﬁuflﬁgignf or
an exanpler Biarylflunghpws, & Farrmashowsap Kirmaugh repafplean ekaaplyer
bi nary E%%%QE ;. Fig. 12 shows a logic circuit for an exanpler binary
function; Fig. 13 shows a diagramof threshold function and nodel of the

pseudo- neuronF¥9 g. 124 SkOWE theledpfessiphust tiRL céAnRXABARLSTateinRrH
pseudo- ng4hr@R:;i Jri;g. 15 shows one out put AND-OR network with pseudo-neuron;

Fig. 16 shows a contjnyous val ued functjion approxinmpted to OR gate; _Fig.
17 shows a coftiduoks VMM (AAETTh Spp A THIEY TC B, gare: Teigl 28
shows a’ thdt bstkealdbenelirbaarning signals; Fig. 19 shows a truth table of
| ear ni ng si gn%l.S' . . :
id. 14 shows the expression of the connection state with
pseudo-neuron;
Fig. 15 shows one cutput AND-OR network with pseudo-neuron;
Fig. 16 shows a continuous valued function approximated to
OR gate;
Fig. 17 shows a continuous valued function approximated to
AND gate;
Fig. 18 shows a truth table of learning signals;
Fig. 19 shows a truth table of learning signals;

Fig. 20 shows a Karnaugh map of the threshold update AB,;;

Fig. 21 shows state assignment of the connection states by
pseudo-neuron;

Fig. 22 shows a Karnaugh map of pseudo-neuron output (Y,.)
with input (X;) and state assignment (g,, g,, 4,);

Fig. 23 shows circuit implementation of learning algorithm;

Fig. 24(a) shows the state transition diagram of threshold

learning A8;

Fig. 24(b) shows a state transition diagram of weight

learning AW;
Fig. 25(a)} shows a state transition table of threshold
learning;
Fig. 25(b) shows a state transition table cf weight learning;
Fig. 26 shows a truth table for thresheld learning circuit;
Fig. 27 shows a truth table for weight learning circuit;
Fig. 28 shows & truth table of weight and threshold
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Fig. 20 shows a Karnaugh map of the threshold update A6,j; Fig. 23 %5siiRvels

state assignnent of the connection states by pseudo-neuron; Fig. 22 shows

a Karnaugh map of pseudo-neuron output (Y;;) wth input (Xi) and state

assignment (q;, 92, gl) ; Fig. 23 shows circuit inplenmentation of |earning

al gorithn&ﬁ?f .at2.4 ) £ he state transition diagramof threshold

| ear ni ng f ﬁ%. b)""shows 'a state transition di agram of wei ght

| earni ng AW Frig- 25% ahohews Bestaueh tmamsit ign; t abl e of threshol d

| earni ng; Fig. b [t abl e of wei ght |earning;
Tonove 559t 10 120 T o R CRaTe 10 ? S

Fig. 26 shows & or t ihg circuit; Fig. 27 shows
a truth table Fog-wel ghtovead iaigiauglkeundp ¢fFigy. ;28 shows a truth tabl e of

wei ght and threshol iA LHNMAR ZO%d@ﬂiéae%horbff&ﬁyttSiifg;ﬁamZ%ssm%B ad
Kar naugh map of Qg3'; Flgt. 30 shows a Karnaugh map of qz'; "Fig. 31 shows a
Kar naugh $RpPoragionalrnecirlhons a nodification circuit di agram using a
conbi nati onal pgd WosKishoh@. ado@eVGa 8l s difdceati @aghafUId 16l 3@RBLSIaNg
sequential network; Fig. 34 shows a truth table of pseudo-neuron
connect i MPEET Ui t; Fig. 35 shows a circuit of the pseudo-neuron
connection; Frgg.36ashiverar bl acktdi agilaie obft be cwhiol-evdeasmi agnnetkduigt ;
Fig. 37 shows truth table of connection function; Fig. 38 shows a
| ear ni ng %Jr@%]'}%hm circuit using pseudo- potential energy nethod;

Fig. 35 shows a circuit of the pseudo-neuron connection;

Fig. 36 shows a block diagram of the whole learning
circuit;

Fig. 37 shows a truth table of connection function;

Fig. 38 shows a learning algorithm circuit using pseudo-
potential energy method;

Fig. 39 shows a truth table of connection state learning
circuit;

Fig. 40 shows a learning modification circuit using sequential
network;

Fig. 41 shows the diagram of connection circuit}

Fig. 42 shows a block diagram of the whole learning circuit
using pseudo-potential energy method;

Fig. 43 shows learning in sequential network.

5. DETAILED DESCRIPTION OF THE INVENTION
A preferred embodiment of the learning methods in binary

systems according to this invention will be described in detail
as an example with respect to the logic circuits composed with
the AND layer and OR layer shown in Fig. 5.

1. Connected Conditions

At firs+t, the connected conditions in the embodiment according
to the invention are described. In composing binary systems,
any logic function is expressed with logical sum form (composed
with AND-OR circuit shown in Fig. 5). For example, a logic
function shown 1in Fig. 10 becomes expressed in Eg.(2) by

simplifying with a Karnaugh map shown in Fig. 11l.



Fig. 39 shows a truth table of connection state learning circuit % %ﬁﬁ
shows a |l earning nodification circuit using sequential network; Iﬁk$ 3&
shows the di agram of connection circuit; Fig. 42 shows a bl ock dlagran1of
the whole learning circuit using pseudo-potential energy nethod; Fig. 43
shows |l earning in sequential network. 5. DETAI LED DESCRI PTI ON OF THE

I NVENTI ON A preferred enbodi nent of the | earning nethods in binary systens

according to this invention will be described in detail as an exanple with
respect to the Iogi C ci rcuits conposed with the AND layer and OR | aver
shown in Fig. 5. Xd Lordi tKQng- Ag S st ,the @annegted conditions
in the enbodi nent accor “to thée 1Mventfidn are described. In conposi ng
bi nary systens, Ioglc functlon is expressed with |ogical sumform

(conposed Wit hTIKN TR FEFEIhowhovR Fi Fa56)2) Fb? expmpbeedaihogi block

function sdmg\:armsﬁkgmjl(}ltpg me3s pressed ngqm(ng,) RY ifying with
a Karnaugh map shown in Fi @Q 5%?5 %&ﬁ? ng = xlollgeﬁwggkil3 x 2 113

x4 Eq.(2) The IHfRUNctT %%H\%C‘th%q“(%e% sb%&w%%s@@ iRPatblerrr and
di agr am shawann Eegerl2rsy da@tpéymmgeanlANlang?d}@ WOt kthaerm%lﬁ@efour

t t d det d
1y onEBIHTET SFing Tt UL -SSR Bot B BF al QT rf BichH HncE AL he
| ogi ¢ function,(hanehyut (1) ismpuncktded incloged m'eﬁrmqmnte(rmﬂl\@ﬁalﬁlb@é

I
exanpl e, As %25213%1 5511415}193 12 18 iﬂsw&q p8§ﬂ 58 AN geg ANR. %218

directly connéct negation of | npu 260gie t@rm
AND, (fcnd%ﬁﬁﬁﬁ&YéCOPHSGFeﬂ)r|s connect ed to AND, through an inverter);

(2) The negation of input X, is included in logic term AND,
(for example, input X, is connected to AND, through an inverter);

{3) Input X; and negation of input X, are not included in
logical product term AND, (for example, there is no connection
between X, and AND,. Namely, the input from X, to AND, is
commonly connected to binary 1);

(4) Any input is commonly connected to AND gate with binary

Accordingly, any logical function having n variables can be
realized with an AND-OR network consisting of at most 2™ %+1 AND
gates. The connections between input layer and AND layer are
realized by applying any one of the above-mentioned connections.

2. Expression by Pseudo-Neuron

The above connected conditions can be expressed by applying
a pseudo-neuron (hereinafter "PN"). The connected conditions
between inputs and outputs in the pseudo-neuron are expressed
with a threshold function shown in Eq.(3) or Eq.(4).

1

1 + e’ ~ (WijXi— &1}

1 (WXiz 00)

0 (WX < 8y)




(3) I'nput X. and negation of input X are not included in |ogical 3%&%7%5
term ANDS (for exanple, there is no connection between X and ANDl

Nanely, the input fromX to ANDL is commonly connected to binary 1); (4)
Any input is commonly connected to AND gate with binary 0. Accordingly, any
| ogi cal function having n variables can be realized with an AND- OR network
consi sting of wiempst, 2| X111 -ANDingattes. The connections between i nput

|l ayer and AND | ayer are yrea b yih

above- nenti oned connectloﬁs Bh%ﬁgﬁnggggéd% %Eﬁg%eugo %guron The above
connect ed conditions.canWhe Eﬁ$9é§sé6059ra®ﬁlymm@t % psedd® rdurtdn
(hereinafter "PN'). The conngstgdoCRBEFéAONS between inputs and outputs in
t he pseudo-neuron are expressed wth a threshold function shown in Eq.(3)
or Eq.(4). 1 Yul! e -g(Wilke thEebhdld ¢ibha ef)t) dobddd-reBityn Eq. (3)
Eq. (4) 6 15 MAR 2005 wherein, Xi: i-th i nput Y;j: output of the ij-th
pseudo- neur on M§o %ﬁn%ﬂﬂsf%ﬁﬁQw Qﬁelﬁﬁﬁﬁdgtn%ququﬁﬁﬁ-QﬂiY'§§@ud@¥héuﬁ@ﬁ

ei,: the threshold of Ege i - E seudo- neuron. _Al so bﬁ this case, the
pseudo- nERDIPHER onl 3 ks i hptE aRdtBAE buPpurl afBdwg takes erenemondor

e inp ut Xi onl t akes either i nar

. yst ens,
only takes either 0 or 1 in

inary systems,

(L and S 4 akep N A0 1 sl ey O Sig1 $o%a $o§h§w2.'n Fig. 13(a)

As the input

i

the output from the pseudo-neuron takes either 1 or 0 in

accordance to weight factor W, and threshold 6 as shown in

Fig. 14.

Accordingly, it becomes possible to express the connected
condition between the input and the AND gate by applying one
pseudo-neuron.

Then the AND-CR construction shown in Fig. 5 can be
expressed as shown in Fig. 15 by applying a pseudo-neuron
between input layer and AND layer.

The network shown in Fig. 15 is stratum-like which is
composed of an input layer, a pseudo-neuron layver, an AND layer
and an OR layer, and each layer is composed cof adeguate numbers
of gates without any connection in each layer itself. Further,
the connection between each layer is limited only in one
direction (namely, a feed-forward type) from one input layer to
output layer. In gates of each layer excepting the connection
between any input layer and any pseudo-neuron layer, the connecticn
with the forwardly placed gate is specified as binary 1.

If the response function of the PN is approximated by a
Sigmoid function, and AND, OR gates are approximated by continuous
valued minimum, maximum functions, many algorithms, for example,
such as the error back propagation method, can be used. However,
modification or learning is perfcrmed only by applying weights
and thresholds of the PN.

3. Gradient Descent Learning Algerithm

A learning algorithm for connected conditions between input

layer and AND layer in the binary system is derived as follows.

7




the output fromthe pseudo-neuron takes either 1 or 0 in accordan E ﬁ
wei ght factor Wj and threshold e;j as shown in Fig. 14. Accordi ng ﬁA '2{][}5
beconmes possible to express the connected condition between the input and
the AND gate by applying one pseudo-neuron. Then the AND-OR construction
shown in Fig. 5 can be expressed as shown in Fig. 15 by applying a

pseudo- neur on %t%ﬂ‘?%@h@gléy%?twkmwmym Hhe- net wbekishdwnutpuEsg.
15 is Straizu%rhékﬁe%héb |SSS.1 Qs f t Layer, seugdo r

| aver, an AND | ayer and &Q{%yefé%é;n%%%%% ay %? ?é coi‘rgosgg“ o%ga’u Phle
adequat e rMiSE STORE ﬁa%zes M THO aﬁ?chhﬂeEPFBHt‘P‘noéa@Wq DEVIT s e3 fiown
Further, iherxpnnecirenshppoeed each | aye/-4g |1 Bnleedorddrdd Pifction &
dlrectlonl& adn? Cfé‘lfeedforvvardtég fom offé. i nput Iayer to output
layer. In &5 5% 2%n SPRY 8F 8IPEpEFngAEhERRBRNER t5Bn( S bet ween any i nput’

| ayer and any pseudo-neuron |ayer, the connection wth the forwardly

pl aced gate is specified as binary 1. |If the response function of the PN is
approximated by a Signoid function, jandn AND, OR gates are approxi mated by
continuous val ued m ni mum naxiEum 25 Offs — ITRNY al gegitbms, for
exanpl e, such as the error back profa ion method, can be used. However,
nodi fication or learning is perforned drTIly by applying weights and
threshol ds of the PN. 3. Gradient Descent Learning Al gorithm A | earning

al gorithm for qrnnestes mrpuf@me@eweeﬂatne% ek%%r wAand /ﬁ!ﬂ?d@aleéaéé'd
t he bi nar%) s}?em I s _deri, VE@H as, fol |l ows. 005 in considering a

network shawFitrER9 §eigddis oF RAPTERD SPnflﬁéltoé‘édhé?e%wg?Bn&I@ Fput
supposed, layeE &ndT2N- 1a¥er,f endt hbreghudds | Op LBISs Mal]XZ:zther,oonr%&i&}@s

output s o;the gelwor kushon Ln FLG. ool g suebgRed 9% ed 02 cor s, a0

an error tunction S sum of squar S'S
8 change towards gradient descent direction, the correction

values of AW and A0 are expressed by Eq.(6).

AW==¢ OF
Woo W
Eg.(6)
NG =—¢ OF
¢ 06
In Eg.(6), g, and g, are defined to take only positive
values. For simplification, one network reguiring only one

cutput shown in Fig. 15 is considered.

In letting 0;; denote the ij-th PN between input X, and j-th
AND gate AND, and further letting Y,;, 6,;, W, denote its output,
threshoid and weight, the correction values AW, and A8, are

i3
expressed as shown in the following formulas Eg. (7).

AW,=—e JE_=-¢ dE . 8Z . J0R .38 AND.. 6%,

W o5 W, Wa5Z A0R 8 AND, a8V, oW,

EqQ.(7)
Ag-—g OFE - g OE . 8Z _60R  5AND 6V,
e 509, ¢ 37 A#0R 6 AND, &Y, 58,

Herein, as error function E is express in Eg.(8),

g8




M,)z E=E(Z--TTi=1Eq. (5) Learning is perforned so that the ﬁ]Mm 005
w || be decreased by changi ng weights (connected conditions) bet g
input |ayer and PN | ayer, and thresholds of PNs (all other connections
are fixed). Hezein, in letting the weights Wand the thresholds 6 change
towar ds gradi ent descent direction, the correction values of AWand A6 are
expressed by Eq.(6). AW=sE QE Wa~A Ae=_~ CE 6 de Eq. (6) In Eg. (6), EW

and E6 are defined -t ake pos . 2 simpliddc jon, one
network requiring only o@e un% QEB . 150«{5 conS|dder§éI in
letting 6,, denote the ij-thIPN between |nput X, and j-th AND gate ANDS
and further letting Y,,, 6,j, WY denote its output, threshold and weight,

the correction val ues A are .expresse s shown |n t he
fol | owi ng for nEia8: Eﬁh?vgél%ﬁ”m%% %)Z‘6§O§°n§ R%B% aY" LW=-E waw; Wz
(9 ORa AND, a VY,; aW; Eqg.(7) 5E aE. 5Z . SAND, . aY e a0,; e az
SOR SAND, aY,, 08;; Herein, as error function E |s express |é1 %%(8), 8 15
MAR 2005 imE -- | (Z,-Ti)2= D@ N27 _ T q-(2)

0Z

Further, Eqg.{10) is deducted as Z=0OR.

87 _ 1 Eg.(10)
0 OR

Accordingly, each OR gate 1is approximated by following
continuous functions shown in Eg.(1l1).

(M (AND, < M)

OR =
.\AND,- (AND, =2 M) Eq. (11),

In Fig. 11, M is maximum c¢f the input excepting AND,.
Namely,
M = Max (AND,, i1=1,2,---,1®=])
This relation is expressed in Fig. 16.

Accordingly, this relations is expressed as shown in Eg.(12).

AR 1 (AND;zM) -0

In the same manner, it 1s possible to approximate as shown
in Eg.(13} in each AND gate facing each of input.

Yy Ys;=m

AND,; = .
m Y, >m Eg. (13}




2 i=r 2 then, the following Eq.(9) is concluded. aE =Z-T aZ Further,

Eq. (10) is deducted as Z=OR .aZ a OR 1 Eq. (8) Eg. (9) Eg. (10) 19 MAR 2005

Accordi ngly, each OR gate is approximated by follow ng continuous functions

shown in Eq.(11). if" M(AND, <M OR=AND, (AND, z M Eq.(11)_ In Fig.

11, Mis maxi mum of the input excepting ANDS. Nanely, M= Max (ANDi,
=1,2,---,i;tj) This relation is expressed in Fig. 16. Accordingly, this

relat|0n5|sex o] in_E - Sgn (A STID, - M - a
AND, 0 (A- rﬁéféiﬁl ?‘f/)ilp:‘q. 2) ™ Fﬂlgwgsaﬁeaﬂénnjelg?u%? iesx‘b%gg%ﬂe ¥o0-
appr oxi rratliaaf@l}srhom in EQ.(13) in each AND gate facing each of input. |
Y, Y" S MAND, _th(l_;m()Y Yagn192 e, k=)

This relation is expressed in Fig. 17.

Accordingly, this relation is expressed as shown in Eqg.(14).

< .
3 AND, ~Sen (m—Y,) = 1 Y; S m Eq.(l4)

oY, 0  Y,>m

Finally, as Y, is expressed as shown in Eq.(15),

1
Yo=1 (&) = Tie-x EqQ.(15)
XZWﬁXi_—eﬁ
then Eq.(lé) is deducted as follows.
oY, = Ff/ - X,
T £ (x) - X
0 =f () - (- 1) s
66, =

because f£'(x)z0, then in assuming'that I'(x)=1, AW.. and

1]

AB,; come to satisfy the following equations.

AW ;= -€,(2-T)Sgn(AND,-M)Sgn(m-¥)X;
and

A8 ;= -&(Z-T)Sgn(AND,-M)Sgn(m-¥,) (-1)
then assuming that €,=2, g, =1,

upper relations are reduced to follow.
AW ;= -2{2-T)Sgn(AND,~M)Sgn(m-¥Y )X,

A8,= (2-T)Sgn(AND,-M)Sgn(m-Y,,)

10




15 MAR 2005 Herein, mis the mninumof all inputs excepting Y. Nanely, m
= Mn (Yik- k=1,2,-.--, k-j ) This relation is expressed in Fig. 175 MAR 2005
Accordingly, this relation is expressed as shown in Eqg.(14). O AND, = Sgn
Cn-Y) ayYjj 1YuSMEq (14) O Yv>mFinally, as Yia is expressed as
shown in Eq.(15), 1 Y,=f (x) = 1+e-x x - WIXi - vili then Eq. (16) is
deducted as fol fowsheEgbovkb)eqidtishs (ubXeseatwng A =hid(Xe (- 1)g %ﬂl
Aeij Eq.(16) because f'(x)2!:0, then in assumng that f°(x)=1, AW]

come to sa‘%h%f?u‘%%"el‘%??oNﬁgeéaGaﬁﬁgﬁslnAW}l&rj systems, then quqntltles

=L U MR BN S HELTE AU
E;l lT;)stgn'(AANm %ﬁzﬁ%ﬂ(é@@guw §gn(€§ }340‘%?(]5” gtA%e Pabove RREREFORS the AND
r epr esent i9RFRN meHEPPt ¢ Hhp PN, ¥ and input X,.

Therefore, the learning rules can be realized with logic
circuits. The modification is limited to 1,-1 or 0 which
represent that current weights and thresholds are increased,
decreased or held as much as one unit, and the one unit is
defined as 1 for weights and 2 for thresholds.

Implementation of Hardware

(1) Hardware Implementation in Learning Algorithm

As mentioned above, the learning algorithm is composed only
with logical operations between inputs, output signals, teacher's
signals, outputs from AND layers and outputs from PNs, and gives
a learning signal against PNs whether to increase or to decrease
or to hold respective weights and thresholds.

Hereupon, as there are three conditions, namely increasing,
decreasing or holding, then if letting the holding signal be
g=HP (high impedance), increasing and decreasing signals are
expressed respectively as g=l1 and g=0. Thus, the learning
signals for weights and thresholds shown by Egs. (17} and (18)
may be represented as a truth table shown in Figs. 18 and 16.

AN Gy(1) = T AND,
AQU(O) = - T - ?

A Wij (1)
A W, (0)

Z T AND; - X, =AG; (1) - X
- T - ?Fu‘ >Q ==Z§ eij((}> ')Q

As these truth tables (Figs. 18 and 19) are capable of
being expressed in the Karnaugh map, then the Karnaugh map

including even the don't care terms is expressed by Fig. 20.
11




the quantities are expressed in binary systens, then quantities to be
corrected, AW, and Aeij have.respectively sinple logic relations WotMAR 2005
output Z, teacher's signal T, output of the AND gate AND,, output of the
PN, YIj and input Xi. Therefore, the learning rules can be realized with
logic circuits. The nodification is limted to 1,-1 or O which represent
that curr@he Wagit sfamnet threSHoltds ateaintr@asednaldecrseasess bblhelke dse

much as ogggiRibg apdmtihgco8e Hnit 4 %efi ned as 1 for weights and 2 for
t hreshol ds. | Ienentgt?%en of I—Iardvvaaf%:}el 1) Hardware |nplenentation in

Lear ni ng Al gor AERATAINERHE | BRRdiebbiic atinny edr hhagval gors tamd ithreshsdsisd
only w thrbogbeamepesablyons het weenoukpaYt 8, euttgutt $-9R8e% heachegys.
signals, outputs fromAND | ayers and outputs fromPNs, “and gives @ R

| ear ni ng EPYnEFRARRT N3 S YN Whet el o 3HECE448 90 Ne F e Eer® cCPdite.ars d
respect i vesweiogitix itk | hoesheledseN Henewpoin asid here abe dHy eeogandiiidn@ns,
namely i ngﬁe%si n decrezalsiig Qr q%l.di ng hgn I f letting the hol ding.
signal be®"§¥RP hi BRI mfedant e PRI st nél fd oer Sasi iy )ei gfad s1apdc
expr essedfnaspecni celnpoasdqof ahd qubputho$, thherkeainpngs shdneksikenes
wei ghts apgd t hreshgl s-hcg@p%’;b . 617) ) Y. epresented.as a
truth tabrg“sh W gthf’Ss. T %?1%9(?[9%1&?{% &&Zﬁnﬁﬁéslﬂg&gﬁ ?é) SJEEJZgI'Y %2'
(17) AW ; frytRgTARPLIPWERG 0BG ( ()5 Xi 1s @lyfadnes Zrom thax KAghagQh mak. Eq.
(18) As these truth tables (Figs. 18 and 19) are capable of being
expressed in the Karnaugh map, then the Karnaugh map including even the
don't care terns is expressed by Fig. 20. 11 15 MAR 2005 The |l ogic

function of the |earni si-gnal-s- i-=s—poss+bte to he— — Eg.(19)
Yy =J§E Q: + Q2 @ +~ Qs Q2 — A Qs Qs

-Using MOS transistor switches, the logic circuit for the
learning signals shown in Egs.(17) and (18) is expressed as
shown in Fig. 23, and the logic circuit shown in Fig. 23 gives 0
or 1 or EP according to the above-~described learning algorithm.

(2) Circuits modification weights and thresholds.

By applying the state variables connecting each PNs as
shown in Fig. 21, operations of the modifying circuits for
weights and thresholds by the learning algorithm can be represented
as a state diagram and a state transition table shown in Figs.
24 and 25, respectively. |

Rewriting Figs. 24 and 25 further into the truth tables
shown in Figs. 26 and 27, the state transition functions are
expressed as shown in Eqg.(20).

’

Qs —Uda
.’ =Q GHA Gy QtAN Gy G EQ.{20)
QI’ :QE23;4'£381J51+'£195 Q-

or expressed as fcllows:

1

AW

il

q3‘ ij
g, = g2

12




deducted fromthese truth tables. Accordingly, the nodifications of %Wﬁ@ 005
wei ghts and thresholds are determ ned by input X, output Z outpuﬂ f J
PN (Yij), ANDj and teacher's signal T. Then, allocating the connected
conditions (8 conditions) of the PN shown in Fig. 14 to the conditions
shown in Fig. 21 by applying 3 bits (g3, g2, gql), the logic function
conposed of the,doutpurl of the PN, |nputs and varlables (93, 92, ql1) is

expressed by Kar g_2 furt fol ] owi.n (19) is
obt ai ned fron1th % Iﬁgpbﬁpﬂ Welﬁht503 ﬁ@i?%q st ¥%F3§ﬁ ?%ﬁﬁh
| ogi c C|r@@bﬂeféhOWﬁelnIEainag signal s shomn in Eqs (17) and (18) is
expressed as e logic ci shomn i .
gives 0 or 1 g?l%\ll—lwg‘(%{%%? an‘g Oa[{gﬂr (gbove%es’cr%% kearit nangthsletcﬁn’rn
(2) G rcuFtgSmodifi Gt i30H wel ghtes peat inebshokog. t39 applyivnggt leeyusttatans

vari abl esggonpegt kpg 8BeAiffBB.as shown in Fig. 21, operations of the
nodi fying circuits for melghts and t hreshol ds by the | ear ni ng al gorithm

can be represented,. as a te diagramand a state transition-table shown
in Figs. 24 and 2%13 respecti‘vel y. F@mwiting Figs. 24 and 25 further into
the truth tables shomn |n6£ 6 e state transition functions
are expressed as qqiﬁb$§ Yor ql = &@- @Y q1+/ 9 g2

Eg_lgzggR %ggé+neug1+ .?u g2 exp eésed qizﬁfkﬂomshaqS' 1 =AW3 g2 1 =92
) Q: Qi T SERSS

Further, the circuit of them is expressed in Fig. 32.

Using D flip-flops as memory devices, the learning circuit
is expressed as shown in Fig. 33.

Herein, denoting ${1), S(x), S(l-x) and S(0) as l-connected,
direct-connected, inverter-connected and O-connected states of
the connected states of a PN, respectively, the truth table of
the connecting function is expressed as shown in Fig. 34. By
applying this truth table shown in Fig. 34, the following logic
functions shown in Eg.(22) are obtained.

S =g a+aaq
(X) =asq.
SU-X) =qqa
S (@ =g a+tagaq

Accordingly, the connecting circuit is expressed as shown
in Fig. 35, and the block diagram of the whole learning circuits
using PN is shown in Fig. 36.

3. Learning Algorithm and its Implementation Appliied with

Pseudo-Potential Energy Method.

Herein, learning algorithms applied with pseudo-potential
energy method (hereafter referred to as PPE method) is described
in order for composing internal model (connected state between
input layer and AND layer) in an AND-OR binary system shown in
Fig. 5.

13




ql’ 1 =gl combining both weights and thresholds, it yields a truth table
shown in Fig. 28. The Karnaugh map for g3 g2 and gql' is expressed iﬁMN?ﬂﬁé
29, 30 and 31, respectively, and the follow ng equations Eqg.(21) are
obtained. g3 |.~ VWu g2' =Leu Ql+ su g2+g2 q, Eqg.(21) q, ' =029l
+z6ugz+ABug2gl Further, the circuit of themis expressed in Fig. 32. Using

D flip-flops agsnpaptYofedi gesve} t@aé@rﬂen@oﬁkr@tahﬁeciéd%@é@és?%rﬁgos%tpm
in Fig. SSﬁEEbreln denot and S(0) as 1-connected,

S S( 1-Xx)
di rect - cof§ ST CARRST | Lc%ﬁ%@%?e&g§ﬁﬁcé Connetiadd- %t 2 ernefteghgnd O-
connect edcshaéeseqf a PN, respectlvely, the truth tabl e of the connecting

function is expressed as_shown g ing his truth table
shown in Fig. 3%PCFxe $BFF ﬁfﬁ@q Eﬁ% StﬁhguHﬁt g#%ﬂﬁ i RYERPRbY15fe the
obt ailnegI pSe@dy-pogdngiatr gReqggy.S FXrthdrozeld STddr >9r0f@3gtzghl tcS O:lt(cﬁa of
= + conn lng.circ I S expressed as
Shoun Ot e R Y ey D e s L b 1l v i e
usi ng PN { &) shewnnnrckieg., 36.) 3ﬂq§£meﬁ+gpnn%pmedhntanddtrectnpbameﬁ&@ﬁlon
Appl i ed W[tﬂ Pé%gﬂ%c@%tdenta'rﬁd @Ffﬂyﬂ%@hﬁ = nnlaé?@é{ﬂ:ép 23' Qi L ”’5

applied with pseu Potentlal ener gy ereafter toas
met hod) |%°%%%%F?ﬁed 3?rﬂ%ﬁ%ﬁﬁettﬁ°¥%ﬁﬁﬁﬁﬁrﬁfq rtdar Ralcorp@eteteconnect ed

st at E bet ween 1hnpghshageingndhANBukayepbten+aa1ANRE8ybHBZE Y ke Mrawn
in I g.

%gn%goned, it shall be noted that the higher the defined
pseudo-potential energy, the more easily the connected state
gives l-output. Inversely, the lower the energy, the more
easily the connected states give O~output. Therefcre, when
wishing for output of l-output, it is necessary to change the
current pseudo-potential energy to a higher state. Inversely,
when wishing for output of 0-output, it is necessary to change
the energy to a lower state. The learning is to allow the
output of the network to coincide with the teacher's signal, and
then learning is attained by modifying the gquasi-potential
energy of the connection. Herein, an AND-OR network shown in
Fig. 5 is considered.

| When the teacher's signal equals 1, output 2 eguals 0, and
the output of all AND, becomes 0. In order to let the output 2
be 1, it is necessary to shift state (2) or (3) for O-input, and
state (3} or (4) for l-input to state (2) or state (3) having
higher quasi-potential energies, only when inputting AND,, namely
Y., equals 0. In state (1) and state (2), as binary 1 is already
output, state (1) and state (2) are acceordingly maintained.

When the teacher’'s signal T is 0, and output T = 1, at
least one output of AND, keeps to output binary 1. To allow
the output to be in binary 0, if is required tec let all AND,
gates outputting binary 1 output binary zeros. As the AND;
outputs binary 1, it means that the c¢onnected state of the AND,
gate 1s in state (1) or (2) having higher potential energy.
Accordingly, letting the output be in binary 0, it is necessary
to shift states (1) or (2} having higher potential energies to
states (2) or (3) having lower potentizl energies.

14




1 5 MAR 2005 As nentioned above, there are four connected states coggﬁggﬁs
with 1-connected, direct--connected, inverter-connected and O- cohh ;
Hence, each connected state is defined by applying the pseudo-potential
energy. Further, the order fromhigh to | ow of the pseudo-potential energy
is assuned as follq¥5. For_  O-input, (1) 1-connected, (2)

i nverter-conne&®tFd (8} dif%ectPeBRnecttedbecpaysopasmbeiedtcandbtain the
1-i nput, &bﬂ1bmdm@n&©hgﬂin@2highé§§tshggﬂrgxmggL(j§$_i nverter-connected and
(4) O-connected. In considering the quasi-potential” energy defined as above
mentioned, it shall be noted that the higher the defined pseudo-potential
energy, the nore easily the fohnect¢d-sfat®& . giJes 1l-output. Inversely, the
| ower the energy, the nore asily the connected states_give 0-output.
Therefore, when wi st gg =For ogt putTot 2-.outRyb, =i 4 is ¥fécedthry to change
the current pseudo-potentia nergy to a higher state. Inversely, when

wi shing for output of O-outp it s, necessary to change the energy to a
| ower state. The learning is %gPallgahﬁﬁéV1%%tput of the network to
coincide with the teacher's signal, and then learning is attai ned by

modi 1y} N9 the geasinpolnling s eNEIs \of st 1o CARRCELd PBenBREC o AL AN R
net wor k sgomn Lo Flg].al 5 i s, consi dered. en the teacher’s S|gn£? equa 1,
out put Z BHOEFSIY -CENBEAHRE o UtAT (T IR e bectmesCOCONResresr sttatest
the outpubfZa pselidorheusongcesdasyld@asind tl st ate, (@), o ) Jh & Ny
and stat r.(4). for 1-ipput_to state .or state (3) having_  higher
quasi - pot g% ?él %gr?érr &Oen§ecgtn d; BT n%mt 13 S}ARI@, % %’é‘ﬁtﬂ yzqu, d:8qfaine Iy,

I n state ¢2YeandTheategizpl aglbﬁd@mybthEealHQ?d@hd(nﬁﬁmémts§aheeélhb@ﬂd
state (2);angragcofdi LAt ai,n 0t eacher's sigpal T,is 0, and
output T = g ? at Iegg%¥%ﬁ%égu? u?qgf@%ﬁﬁp %%ﬁ%ft%)%ﬁ&pﬁ? g%ﬂar§51.&ﬂ§
al l ow thERBEHRPUILRD W icdlbrRdryion thetenk dguprpdetsetichy dille AND)owjaiges
outputti nggbjpary 1 output binary zeros. As thé ANDS

Yy = Cll—z T G X Fa-(24)

3

Also, network of the learning algorithms is shown in Fig.
38.

With the state variables defined as above, the truth table
for the combinational network in the seguential network can be
expressed in Fig. 39. Thus, the state transition function can
be obtained from Eqg. (25}).

@' =00t X AG 6t X Gt Xa: 0t X A g g 2q.
Q=N gy Gt X A qy Eﬂl’:}aq‘? Q1+.X1Q2a-1

(25)

Next, by using D flip~flops as memory devices, the learning
modification cizrcuit can be realized with a circuit as shown in
Fig. 40. The connected circuit also can be realized with a
circuit as shown in Fig. 41. Finally, the block diagram of the
whole learning circuit using the pseudo-potential energy method
is shown in Fig. 42.

Similarly, it is possible to increase the internal states,
15




outputs binary 1, it neans that the connected state of the AND, qhaste i En
state (1) or (2) having higher potential energy. Accordingly, |et H&d ®
output be in binary 0, it is necessary to shift states (1) or (2) having
hi gher potential energies to states (2) or (3) having | ower potential
energies. 14 15 MAR 7005 Based on the above, it becones possible to obtain
- the fol loowy qmmimgam gtlaassishémmi n Egqr{R8y, It-iZ al¥YolpessiFle Zo-
ANDI = 1 r i etkion S (x), S(1-x) and S
(0) denotE&e]sl connect gfcfhﬁ %ﬁ(#téergggnlnzleec{ttgg gie%sg%%igr connect ed, and

O connected st ks LQﬁrfhlIbEé‘tﬁﬁl%wrrbﬁe%twalloﬁéfcwﬁqkll 10, 01, 00 to

each of the o] bits (.

bi nary code. q']?':'HélejrrId :%cal ?ggﬁﬁéﬁgnﬁ%ﬁﬁﬁf?ﬁgﬁ + rsrequ&er’sttl%\le?egy)ai
input X. is exH eraeledlcbyed hebpwret h at e sheystiem Mgr &7amphd, ﬁusybeEmt he
| ogical r r eof S o] | 4

ql ()J(i + q25‘)i(-%02&}|':rl 1 ;2:2? lé %ngftﬁ\ao?kg%ge{}%g Fggéln%é]% gorel%[ c;rrlé( |)C§m§ Stlng
Fig. 38. tahthﬁ@eé%td{T@ \?@h’ed-bl &3 @80 dayeds aboQB, levertruth table for

the conbi nati qnadng NEEMOEK & Nebhe; sgauentidal e pet WosK E@I‘E‘ﬂ@@t;ﬁ‘é%&ﬁé@
Fig. 39. Thus, the state transition._function can be obt ained rom

(25) @9 ZzE0n QUEPER,q IR TR X qé-sqleiikréﬁﬁealﬁq fehlgoseqg. (25) qij q2+

X Lg~-gq, +XiCl2g= +f>qlcq,2_)(gI_Next by using D flip-flops as nenory

ggv;ﬁgan fgelfﬁﬂniegrnT%afigagl %ﬁ%ﬁCUI%hgagg%%eé¥gﬁ§eguWEEQJ%(% EUIt
applying gradient descent method or pseudo-potential energy
method.

For example, a sequential network composed of a combinational

network with a connecting layer, an AND layer, an OR layer, and
a memory network with D flip-fliops is considered.
The sequential network can be represented as the following

equations.
Z(t) = F(C,(t), X(t), D(t-1))
D(t-1) = £(C,(t-~1), ®(t-1), D(t-2})
Thus,
Z2(t) = £(C,(t}, X(t), C,(t~-1), X(t-1), D(t-2))
wherein C,(t), C,{(t) are connection functions at the time

of step t, and

X{(t), 2{t) and D(t) are input, output and internal states
at the time of step t, respectively.

Therefcre, the learning can be performed by modifying
connection functions C,(t), C,(t-1) by gradient descent methed or
pseudo-potential energy method.

It is notable that the learning is not only dependent on
input X(t) and output Z(t) at time step t, but also input X(t-1})

at time step (t-1) and internal state D(t-2). Thus,
C,(t+l) = C,(t)+AC,
C,{t) = C,(t-1)+AC,

wherein AC, and AC, are the quantities to be modified.

The internal state D(t) at time step t can be calculated by

the following eguation.
16




Fig. 40. The connected circult also can be realized with a circuit as
shown in Fig. 41. Finally, the block diagramof the whole |earnind cMAR 2003
usi ng the pseudo-potential energy nethod is shown in Fig. 42. Simlarly,
it is possible to increase the internal states, 15 15 MAR 2005 or to cycle
state transitions. Further, it is also possible to use general CPU RAMtoO
realize the teaching(t({43 ﬁp@gmﬁquNthog(kn1$qquentiaI Net work Herein, the
| ear ni ng net hod fgr conposj ng sequential netwofk. ~As nentioned above, a
bi nary system #8r I8RaApPEd ARG ER e S5&E-in PR gths L& TG i nehheledn
}‘eed fobsmiﬂafigzt \s@tsitiqx?nsic_s&dm@inlgf t@ eﬂréirfciﬂvm@n{;msﬁ_r,, tatl:c‘é méay%&nda R
ayer. ing |etter or input,. letter or._connecting function_ an
f or outmﬁ?g%uFBgt%?qss %%P§s§é§%§¥f%ﬁ?%m@?eziéﬁaq%§ %5 PRE 1hr ARRESI s
t o changecdier conmecOR NANDNCKOBN KARY aappEyORgggtadi ent drscentswegled or
pseudo- pot gnt.i.al y. 0 e | e, . a_sequential network conposed
of a conbiiﬁaﬁjglr?gﬁ%&%t%\%pgﬁ%t eé;g%%nﬁgg% njgnl 832 Clhh ARBFaydElCnGn &
| ayer, an@bllowekdriouiecmarieatiac spafdeispcbmppsedswaohsi dered. The
sequential netwof kycan-bg, repreMed as the following equations. Z(t)
F(CL(t), X(t), E%t-l)) git-l) = f(C2(t-1), x(t-1), D(t-2)) Thus, Z(t)
f(cL(t), X(t),(EpEmectgd -HHhroygh an Ingke&iters C1(t), C2(t) are connection
functions at thg) thimarofl simuttednd Xhe) seébhi g@qe@(t) are input, output

and internal sfates. at the ti of st t, respectively. Therefore, the
| earni ng can b{egbg?lf%ar% W%r%ef%itr?g%%e second gate.

In this binary system, the learning is performed by selecting

any one ccnnected state among the above four states.

Further, in the learning method in binary systems according
to this invention, an input is connected to any one gate among
OR, AND, NOR, NAND and EXOR gate in any cone state among the
following four connected states composed with:

{1) directly connected;

{2) connected through an inverter;

(3) binary l-inputted to the gate;

(4) binary O-inputted to the gate.

In this binary system, the learning is performed by selecting
any one cennected state among the above four states.

Further, in the learning method in binary systems according
to this invention, current inputs and internal states expreséing
the past sequence of values of the inputs are connected to any
one gate among OR, AND, NOR, NAND and EXOR gates in any cne
state among the following four connected states composed with:

(1) directly connected;

{2) connected through an inverter;

{3) binary l-inputted to the gate;

(4) binary O0-inputted to the gate.

In this binary system, the learning is performed by selecting
any one connected state among the above four states.

Further, in the learning method in binary systems according
to this invention, connection between above first binary gate or
an input and the seccond binary gate 1is constructed so as to
select any one state among the above four connected states, at
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connection functions 01(t), C2(t-1) by gradi ent descent nethod or

pseudo- potential energy nmethod. it is notable that the | earning |s1ﬁbMMbﬂm@
dependent on input X(t) and output Z(t) at time step t, but also input
X(t-1) at tinme step (t-1) and internal state D(t-2). Thus Cl(t+1) =
Cl(t)+ACL CZ(t) = C2(t-1)+AC2 wherein ACl and AC2 are the quantities to be
modi fi ed. 1ot | AEEPRALNSt APetDEt FOAPULtEMe ISiSep tt beawslsa ddlec lnated shygnahe

fol | ow nga_rﬁ%‘ai?ﬁéﬂflﬂsﬁc l:ﬁle%Q@s alt );hé fcé%ﬁé}fs)g%%nap(for_l) e‘ﬁ%ung

descri bed above in detail, in | earnin nary sy
according to tWEﬂ‘ﬁ%nf-PoFPet%%a’W%%@ fﬂﬁ § inydtienaig W%@cmwdﬂa‘ﬂy

gate are weftped asvane: 0fngabes prefidinyg N9 SReuANDnNGRL NANRL and. EXQR

gat e, and t e flrshsgate [ co nected to.the second gate in any one state

anong t he' P ¥HP¥oni R§ G d Qe sPEPELC8EApdddF i Hragy) Jatpedery an

connect ed:.n];ﬁu?t) poaﬁ&ctad tl@ﬁ:@m@h baxman@ve_:rattﬁ,, f(h?é GoRAEYt LohNBELL et @ Hche
ate. in this binary

second g%%gf nb nar 2 utted to f qp
system t ?%aP&.&iXs perf red B 52! Bl n& rékﬁﬂ% cOAREedI3Eqt &5
anong t heleiovasd ftqurtl'@t asesdoFoethen, Qiand héd ealerrgones hathd redlmamion
systens cot di ng Sigphye Qn, MR nect.ed to any, one gate
anong %\ID’ NOR, CjﬁE{lé‘llD %YE?(%R gat e%ldn any l(5) eﬁlg)tﬁé“?glélrﬁ)n“ée%%%ts &nd
fol | owi ngFiRRrheHheE éﬂl%tpéteé’sdcb'dmib’-é%ﬁ% th: (1). directly connected; (2)
connect ed thrq¥%aean |ﬂ%erterud nary, 1-jnputted to the gate (4)
bi nary 0-i nput 1o t He® gt eI Lh‘T%nlﬁ a7 mest RELI(¥&r 8 g i s
performed by &ﬂ{@ﬁ‘éirﬁ]g
f: a threshold function, or a sygmoid function or a partial
linear function;
X: the input signal into the pseudo-neurcn Q from the first
binary gate;
W: the weight between the input and the pseudo-neuron Q;

8: the threshold of the pseudo-neuron Q.

Further, in the learning method in binary systems according
to this invention, the systems are comprised with an input léyer
letting a plural of binary input data input, an AND layer having
a plural of AND gates, an OR layer having a plural of OR gates
letting the outputs from the AND layer input; an output layer
inputting the outputs from the OR layer and a connecting layer
having pseudo-neurcns Q provided between the input layer and the
AND layer, and the connections between the input layer and the
AND layer are selected among the following connected states:

{1) the input layer is directly connected to the AND layer;

(2) the input layer is connected to the AND gate throucgh
inverters;

(3) as inputs to the AND layer, always binary 1 is input;

(4) as inputs to the AND layer, always binary 0 is input.

Herein, the pseudo-neuron Q is defined as Q=f(WX,8) and

u

f: is the threshold function, a sygmeoid function or
partial linear function;
X: is the input signal into the pseudc-neuron Q;
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any one connected state anong the above four states. Further, in the

| ear ni ng- method in binary systems according to this invention, cutb®Ag 2005
i nputs and internal states expressing the past sequence of values of the
i nputs are connected to any one gate anmong OR, AND, NOR, NAND and EXOR
gates in any one state anong the follow ng four connected states conposed

with: (1) digectky t¢eNReci@at Heweonness ednpht odgh aRel pei®RI-ned®n;
binary 1-inputted to the gate; (4) binary O-inputted to the gate. In this
bi nary s$#8fem the Iearnlng is perforned by selecting any one connected

state anong tRhe agov (?C?sof R d %re,udon dhE-dearning nethod in
bi nary syste T ateor |ng IS Tnven connecti'on between above first

bi nary gate ofuraReirNpuh &rm@ t].léarsﬁ(h@ﬂd\eh.lh@alr mg@tmalrgr @g'raﬁidnuc‘édifbmr@@ to
sel ect an¥ ane st.ate anong t above four connect % ghe at 17 15 MAR

2005 | ealP &ESr dPWG D Y he %nﬁﬁ%ﬁﬁweﬁil?0%8¥ﬁ%% AUt Y nai2YSht o
t he firsnebtmagyagguerandoﬁh®1Maaghempstsugmallh@mtleamnmmgld@aﬂthav;nql

e a8 B9pTElna% bR BaRgey BXehasP1a0ed deling 9 PRS0 v i gdbes

prOV|d|n
above- nehétumeq ﬁﬂnstowﬁpwwyfgemetb@r0§n1qﬂﬁﬁn9nPGMdthﬁée$éeo@@lﬂqnﬁqﬂ

gate, the, ggngﬁ#hemst snoﬁla%télf%mbw@rpmg@t@e&or AW orafid dihgy

second b|n e is | ned t he pseudo-neuron Q and_the sel ection of
t he connééypén aviing, P%QRQQTQR%HQEﬁ @ SPERAY+{RE BEEWBFndAR IR Wi GRS

gn? tgrggaoE@@(ﬁRti&y@@gudﬁdneuéO@danédﬁﬁﬁﬂs ﬁémw¢§@udben&m@m& Qder
efined as

h hol d f
functi on28f Eh%a?$ %FYEFI%E%IS?{ﬁﬁEg%E SR ﬁﬁxﬁ5€§1 oqqn(éﬂggc ed

pseudo- newaease) fromthe first binary gate
(1) the input layer is directly connected to the OR layer;
(2) the input layer 1is .connected to the OR laver through
inverters;
(3) as inputs to the OR layer, always binary 1 is input;

(4) as inputs to the OR laver, always binary ¢ is input.
Herein, the pseudo-neuron Q is defined as Q=£(WX,6) and

f: is the threshold function, a sygmeid function or a
partial linear function;

X:.-is the input signal into the pseudo-neuron Q;

W: is the weight between the input and the pseudo-neuron;

B8: is the threshold of the pseudo-neuron.

Further, in the learning method in binary system according
+o this invention, the system is comprised with an input layer
letting a plural of binary data input, &an intermediate NAND
layer having a plural of NAND gates, an output NAND layer having
a plural of NAND gates inputting the output from the intermediate
NAND layer, an output layer inputting the output from the output
NAND layer and a connecting layer having pseudo-neurons Q
provided between the input layer and the intermediate NAND
layer, and the connections between the input layer and the
intermediate NAND layer selected among the following connected

states:
(1} the input layer is directly connected to the NAND
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W the weight between the input and the pseudo-neuron Q 6: the threshold
of the pseudo-neuron Q Further, in the Iearning nethod in binary %; ARl
according to this invention, the systens are conprised with an input |ayer
letting a plural of binary input data input, an AND | ayer having a plural
of AND gates, an OR layer having a plural of OR gates letting the outputs
fromthe ANDSrdyer input, an output |ayer inputting the outputs fromthe

OR layer and a connggd ing,lay hayd £udos neur ons oyi ded bet ween
the input | ayer{%;}nd theﬂgpAND ‘fé%%r, a%ﬁ“‘e&%%%n%%t% sl%lglﬁ\/\%%ﬁefhEhFﬁBP
| ayer and ¥WETTANS/| ayer are sel ected anong the followi ng connected states:

(1) the input |@erad SndteCtly ta@NREgbed e t hslﬁg%l;e%(g%%{%w@p@gput

layer is connected to . the AND gate through” inver "t he
AND | ayer, al wey'd BiSndfPUutsi £ hhgt NANPAYageT| nplivaysobihar AND isyeuput .
al ways binary t he paeudo- neuron Qis defined as

n

s U e o
Q=f (WK, O and :elrises:‘!“tnfﬁgﬁ“tehPEEE@:OE"“P&EEH 1S gde{§Refdas ot (Bh, & and,

partial |inear fungsi eme X hisshbed Mulcsignal 5 pseudo- neuron Q
18 15 MAR_2005 X\t i.s the vveiﬁht between the | hput @aﬁ%&?%g %glenuc o“jf(i’%uf’c}rn;(g
and 0: i sPER&E RAr ELAGRE GRPERECPSeudo- neuron. Further, in the |earning

~nmethod in binaxy sgstam aapardsignal oidpbs tAVERE i Mbuddensystemi s
conprised with_an.in | ettin | ural of binary input data input,
an OR | ayer ha\ﬁnés g%lﬁ?ésﬁgf L‘é&""%ﬁ?e@?g&f“%ﬂb 3of erh RASHE e Rl ; of
AND gates | et bingst bige OULPULNST@TDE Ny CRIAES_ iRl Lherei n, an out put

| ayer inputting the outputs fromthe ayer, ‘and a ‘connecting |ayer
havi ng pseudo- Reardes ,Qipr aviedée aetinge metthed HpUbIRYE s @Ak e QR4 ayer
and the ceopnegtibons Jefwesn the input layer_ . and.the OR |ayer .are sel ected
anong the_foll ow ng four cdnnect e%p © comprlseg Wlt&l ok input layer
letting a"plural of binary data input, an intermediate NOR layer
having a plural of NOR gates, an output NOR layer having a
plural of NOR gates inputting the ocutput from the intermediate
NOR layer, an output layer inputting the cutput from the output
NOR layer and a connecting layer having pseudo-neurcons Q provided
between the input layer and the intermediate NOR layer selected
from among the following connected states:
(1) the input layer is directly connected to the intermediate
NCOR layer;
(2) the input layer is connected to the intermediate NOR
layer through inverters;
(3) as 1inputs to the intermediate NOR layer, always binary
1l is input;
(4) as inputs to the intermediate NOR layer, always binary
0 is input.

Herein, the pseudo-neuron Q is defined as Q=f(WX,8) and,

f: 1s the threshold function, a sygmoid function or a
partial linear function;

X: is the input signal input to the pseudo-neuron :

W: is the weight between the input and the pseudo-neurons;
and

8: is the threshold of the pseudo-neuron.
Further, in the learning method in binary system according
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states: (1) the input layer is directly connected to the OR layer; (2) the
i nput | ayer is-connected to the OR |ayer through inverters; (3) gsiVNpgm§
to the OR layer, always binary 1 is input; (4) as inputs to the ayer,
al ways binary O is input. Herein, the pseudo-neuron Qis defined as
Qf(WK,9) and f: is the threshold function, a sygrmid function or a

par Ui al | £8eqh LUBGLILAR: X 15hd N8, d tﬂhe"%é%% LOLG Lheypsgudoneuron Q

W is the_wei ght between e | nput” an Reur on
t hr eshol d*BFLERE FseRderaducdn. DT hedatin ineut earni rign et tedl i & Be bimarsy

system acteydinBavifgt i Sraryent teqi n . lnput
| ayer Iet?y VIy?al %f bi naryo%%?%rq%n?:s %;Hn C?Jnterrredﬁ?%{j % a’sf&
having a P %f% ajofoﬂ\lﬁﬁﬁpgataéfs ARPYHGEADE NARDPYEEer freem rige aumamd;mfte
NAND gat eBX(DRlleei}pdaflg dheowihpyitl dyom tdimduitey el 2l uNA'i“'?o'r@é%% o put

out put putting the output fromthe output D | ayer
conmﬂnlﬁ%fﬁ Vi s%u&é%ﬁﬁﬁ%ﬁggQ ﬁﬁ%ﬁwHéﬁqﬂ&wﬁéﬁuﬁﬁeﬁﬂuﬁmn$aybr

and the |mrevméddatrmtw¢@1 ltaneer inpnd tlheyaxonagat itiss batweeR 4:he d NRYL R

| ayer and it [ r NAN yer, sel ected anon e follown

connect egl ggfa‘t e%ﬁ&l § th Ei’ npu?% ayé)rnnles?t&d gé’t Wyc%ﬁﬁgﬁ’?eﬁ%SCFﬁg RERD 19
15 MAR 200% QQA%OWlWQquqﬁaQQﬂﬂﬂpﬂeﬂyématssconnected to the NAND | ayer

through invertefsshd 3hpds LAPEESid it S. hi_nar
i nput ; ((ﬁ?? as( | %put S tg t he ﬁlAN[il a;é%%t@?&?géﬁ%?%gﬁ?&%@%e lnte %e%ﬁé‘lt& n,
the pseudt@he@¥GFQ is defined as Q=f (WK 6) and, f: is the threshol d

function, a sygmpighéupgpienlayea l@aﬁbmﬁedtbﬁﬁ%knﬁHﬂ§ti£%6rmediate EXOR

layer through inverters;

(3) as inputs to the intermediate EXOR layer, always binary
1 is input;

(4) as inputs to the intermediate EXOR layer, always binary
0 is input.

Herein, the pseuvdo-neuron Q is defined as C=f(WX,08) and,

f: is the threshold function, & sygmoid function or a
partial linear function;

X: 1is the input signal input to the pseudo-neuron Q;

W: is the weight between the input and the pseudo-neurcn:

B: is the threshold of the pseudo-neuron.

Further, in these learning methods in binary systems according
to this invention, it is characterized that the modification of
the weights and thresholds of the pseudo-neurons are periormed
by gradient descending method.

Further, in these learning methods in binary systems according
to this invention, it is characterized that the pseudo-potential
energies of each of basic gates are calculated together with
expressing of the connected states of aforementioned connecting
layer, and that learning is performed by modifying the pseudo-
pctential energies of the connected states.

EFFECTS OF THE INVENTION

Applying these learning methods in binary systems according
to this invention, it is possible to obtain specified iearning
effects during a very short learning periocd, as constructed as

21



X: Is the input signal input to the pseudo-neuron Q@ W is the weight
between the input and the pseudo-neuron; 6: is the threshold of thkjMAR 2005
pseudo- neuron. Further, in the learning nethod in binary system according
to this invention, the systemis conprised with an input layer letting a
plural of binary data input, an internediate NOR | ayer having a plural of

NOR gat esdea@zphéauhbwa I aym:imfr ngaa aBhursdn @i MR Had escLARYLY RLQLt
nt er nedj at e | ayer |nputt|ng th

. out put fron1t£ % NCB é an qut put
out put fromM¥he oUEHut ISKeR | AyePesRties BBﬁﬁéEﬁFn@olsﬁéﬂ MaFioRg truct and
pseudo- nemwanmnd@;nhnngmﬂildeEWEEmrmhaglmagichay@peﬂaﬂléﬂeoﬁfﬁﬁﬁfﬂgﬁfﬂ
| ayer seI%f¢5¥% lHq&%ﬁJE%4 connected states: (1) the |nput
| ayer is ec'ﬁy conhecte he |n nedlate NCOR | ayer; (2) the input
| ayer is connektrthen, tae LhtBSHBdEﬁtEOhEﬁplémgﬂt thé@ggmeaﬂﬁghbehéth6%k as
i nputs t erdpsg: I bi s . inp
i nput's tglr%@hng :tﬁﬁeer mdlgﬁlgl%ll ?yﬁpu@%%éé |On%gl?%/lr é |§~tlaﬁ‘pu?qu$-|8%“@|nﬁ'
t he pseudﬁ“ﬁ%ﬁrb%a{ﬁiggd@ﬁFﬁ@65a§r@=E@WEQQedﬂuﬁ He usedheitibleshal dmage

Si'gnal 1 o T pesudommsaron QoW T Ly e CRetRasy ArE Miegir ana

si gnal ggﬂﬁgﬁﬁcthe pseudo- neur on ‘W is

t he pseu and 8: is the threshold of the pseudo- neuron Furt her,
in the learning nethod in binary systemaccording 20 1 5 MAR 1005 to this
invention, the systemis conprised with an input layer letting a plural of
bi nary data input, an internediate EXOR |ayer having a plural of EXOR
gates, an output EXOR | ayer having a plural of EXOR gates inputting the
output fromthe internediate
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EXOR | ayer, an output |ayer inputting the output fromthe output ﬁgﬁﬁh
| ayer and a connecting | ayer havi ng pseudo-neurons Q provided bet )
i nput layer and the internediate EXOR |ayer, and both |ayers are connected
by any nethod selected from the follow ng four connected states: (1) the
input layer is directly connected to the internmediate EXOR |ayer; (2) the
i nput layer is connected to the internediate EXOR |ayer through inverters;
(3) as inpuesmod the internediate EXOR | ayer, always binary 1 is input;

(4) as inputs to the internmediate EXOR | ayer, always binary O is input.
Herein, the pseudo-neuron Qis defined as Q=f (WX, B) and, f: is the

t hr eshol d1f unetirern,n@ meytgied d f wnet ner e vatdrrddngbr L EReRy thenstiepy X s
the input signal input to the pseudo-neuron Q@ W is the weight between the
i nput and®tHe pseudo-neuron; 0: is the threshold of the pseudo-neuron.
Further, in these learning nethods in binary systens according to this
invention, it is characterized that the nodification of the weights and

t hr eshol d8Tef itchien @ s o hedh 0P8, ahBDpeNOGy Mm@ Ny arddi¥0R deseendisng

nmet hod. Furthergy ip;Hh £ALNLAG %E%%$9§%Enb95 3&¥6§¥§%ens according to

this invention, 1t is characterized th e pseéeu ential energies of
each of basispegdt egearye cal cul ated together with expressing of the
connected states of aforenentioned connecting |ayer, and that learning is
performed by nodi fying the pseudo- potential energies of the connected

states. EprbGiS g TaiH d ANMENIEONe ARRINK Nedrieses Egab hi &g MRpheds ke i nary
systens according, t %his invention, it i ossible to obtain spécified

0 t is
| ear ni ng CePfect'slBgr? hP L el P ER8FY 1 BREMA E@rﬁ‘éﬂ%]ds,r & CIHsEFLENEd as

21 layer, first binary gate layers consisting of plural logic
elements of the same kind, second binary gate layers
consisting of plural logic elements cf the same kind, and
output layers, in which signals are not coupled in each
layer but are coupled only in one direction among the

layers from the input layers to the output layers;

selecting cne connection of said first gate to said secend
gate from a direct connection, a connection through an
inverter, a connection to said second gate always input
with binary 1, and a connection to said second gate ailways

input with binary 0, and

reducing or eliminating an error in the ocutput layer
between an actual signal and a teacher's signal when the

first and second gates are connected to perform learning,

providing a pseudo-neuron Q, defined as follows, between
either of said first binary gate or input data and said
second binary gate, selecting the connection between them
in accordance with the value of said pseudo-neuron Q, and

defining said pseudo-neuron Q, as Q=f(WX,6) in which
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15 MAR 2005 descri bed above. Further, as all functions are realized with
sinple logic gates, it becones possible to easily construct and ptBMAR Q605
the portion performng | ogical operation of the |learning algorithm and
nodi fying circuit. Further, as it is easy to inplenent these |earning

met hods into the conventional conputer and other digital equipnment, these
| ear ni ng net hods are expected to be used widely in imge processing, voice
processi ng, imattural tiveedhrbdefsinng iand, mat samaiant £ahcta 5o MAR 2005

Clainms 1. r.-niNg, et had in_a, binary systemconprising the steps of:
Providingpg%31%¥Pa%l ??AﬂquﬁEﬁPnNAND, and EXOR gates as a first binary
gate and a second binary gate, respectively, providing a |earning network,

conprised,of, an.input |ayer, consisting of plural binary input termnals, a
connectin lFa&@F? FRPEEL 51 v §Lgace 1S P EeBsiesing R hgnoipl ural | ogic

el ements of the same kind, second binary gate |layers consisting of plural

| ogi c el ements of the same kind, and output l[ayers, in which signals are
not coupl Bdipntegcel@yerbptesre douplmpuioniydi a pseudiseceéiienragong t he
| ayers frgputhe input layers to the output |ayers; selecting one connection
of said first gate to said second gate froma direct connection, a
connection through an inverter, a connection to said second gate al ways

i nput W th.hinar an onpection to said second gate always i nput
Wi th bina?ylg,qgﬁ% %gﬁﬁégﬁgigrcgl%b@né?ﬁﬁ@gaﬁngfﬁﬁFjig°the out put | ayer
bet ween an actual signal and a teacher's signal when the first and second

gates are cqgnected to performl earning,
2. Learning met od in a binary system comprising the steps

of:

Providing any of an OR, AND, NOR, NAND, and EXOR gates as
a first binary gate and a second binary gate,

respectively,

providing a learning network, comprised of an input layer
censisting of plural binary input terminals, a connecting
1ayer,firstbinarygatelayersconsistingcxfplurallogic
elements of the same kind, second binary gate layers

consisting of plural logic elements of the same kind, and
output layers, in which signals are not coupled in each
layer but are coupled only in one direction among the

layers from the input layers to the output layers;

selecting one connection of an input to any one of the
binary gates from a direct connection, a connection

through an inverter, a connection to an existing binary
gate always input with binary 1, and a connection to an

existing binary gate azlways input with binary 0, and

reducing or eliminating an error in the cutput layer

between an actual signal and a teacher's signal when the

24



provi di ng a pseudo-neuron Q defined as follows, between either of said
first binary gate or input data and said second binary gate, sel e]:flimﬁ e
connection between them in accordance with the value of said pseudo-neuron
Q and defining said pseudo-neuron Q as Qf(WK, G in which 23 15 MAR 2005
f is the threshold function, a signmoid function or a partial linear
function; X is the input signal to the pseudo-neuron Q Wis the weight

bet ween t Aaputpancandea ods stdobnadroh @t e ard eAdcnndet ehr eshptdfofrrt he

pseudo- ne @g}é}ng. Learning nethod in a binary system conprising the steps

of: Providing any”of an OR, AND, NOR, NAND, and EXOR gates as a first
bi nary gate and a second binary gate, respectively, providing a |earning

net wor k, conpr,ised of an input |ayer _consjisting of plural binary input
er mi nal sPE4VSHIeRL 7 i PaDaR e 1 P8 Qi TRt J1Gat 851 SperiEonsPeE A of
plural |ogiigheat esenssiaf ﬂiﬁ%@%ﬁngkpdga%@céﬂd Phpaty Qate d/¥eLsig
consisting of plural |logic elements of the same kind, and output [ayers,
in which $PGRAIS bdma vt xbapl well pRtéachthragenninat bee kotpeed 6hEy in one
di rection; ATRAG ey ¢ANRL Pl AR AZLENBY cLavepS A g QULRLD | ayer s,
sel ecting one connection of an input to any one of the %lnary dgates froma
di rect cofArddtriiony aasconmesstidn—nemreug) anasn@erft @X, @) camedtion to an
existing binary gate always input with binary 1, and a connection to an
exi sting binary gate always input with binary 0, and reducing or
el i m nati fig ian t&1¢ ot hire stthel duf puttliaysr a bef yred Anfastualorsigpak and a
teacher's siqnal mfen thej?4

partial linear function;

X 1s the input signal to the pseudo-neuron Q;

W is the weight between the input and a pseudo-neuron Q;
and

€ is the threshold of the pseudo-neurcon Q.

3. Learning method in a binary system comprising the steps
of:

Providing any of an OR, AND, NOR, NAND, and EXOR gates as
a first binary gate and a second binary gate,

respectively,

previding a learning network, comprised of an input layer
consisting of plural binary input terminals, a connecting
layer, first binary gate layers consisting of plural loagic
elements of the same kind, second binary gate layers
consisting of plural logic elements of the same kind, and
output layers, in which signals are not coupled in each
layer but are coupled only in one direction among the

layers from the input layers to the output layers;
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15 MAR 2005 input and one of the binary gates are connected to perform
| earni ng, providing a pseudo-neuron Q defined as follows, between either
of said first binary gate or input data and said second binary gdtieMAR 2005
sel ecting the connection between them in accordance with the value of said
pseudo- neuron Q and defining said pseudo-neuron Q as Q=f (WK, G in which
f is the threshold function, a signoid function or a partial |inear
function; X is the input signal to the pseudo-neuron Q Wis the weight
bet ween t i { seudo- neur o and_.e is the thresho|ld of the
pseudo-negg%ﬁgﬁagsqﬁggé%QIgﬁ%ﬁﬁﬁHOEﬁE%tBFHEchg e CRRpY I SEHE 1DRe st eps
of : Provi giregeany afdafofRe ANBpINGR t DANDy 8Ad BXORIOAUSSHASy §akifst
bi nary ga%e and a,second binarg gate, respectively, ﬁroviding a |l earning
network, COMPEi%ed BFChn GHPUECEAPEr FIRRIBECH BT Phupalgthiaary i nput
t er mi nal singegannerta ngonhayeriond Iﬂé_tarb'e@@iytg%%'i%ef% 208! 241,09 of

ate

plural logic elenents of the same kind, second binary ayers
consi sti ngNeMplVkEN Pagiar el bneans ¢f adeneatd ki ndy and exdd pimgl ayer s

in which gkgngl ngh I [ - er_ byt are coupled only in one
direction annnﬁﬁf%% eIayer Trgﬂpkﬁe%ﬁﬁgﬁtﬁﬁéﬁéﬁéqib ?Hg out put | ayers; 25
1 5 MAR 7005 sel ecting one connection of internal conditions including

present a I, i pputs _t.o any _one of the binar ates froma direct

connectio%gdggggﬁ%é%¥iS%HﬂﬁQ%gxngnqqnﬁﬁE%¥,l§(ﬁh%e%PFBHQ(}%#ﬁExisting

bi nary gabetalewaysan iaputaM sh opidlargnd ., a alh 8heenreci fh: 1 04RBrexhet i ng
internal conditions and one cf the binary gates are

connected to perform learning,

providing a pseudo-neuron Q, defined as follows, between
either of said first binary gate or input data and said
seccond binary gate, selecting the connection between them
in accordance with the value of said pseudo-neuron Q, and

defining said pseudc-neurcn 0, as Q=f (WX,08) in which

f is the threshold function, a sigmoid function or a

partial linear functicn;
X 1s the input signal to the pseudo-neuron Q:

W is the weight between the input and a pseudo-neurocn Q;
and

€ is the threshold of the pseudo-neurcn Q.

4. Learning method in a bkinary system as claimed in any
of claims 1, 2 or 3, wherein the connection between said
first binary gate and said input, said first binary gate
and said second binary gate, or said first binary gate and

both said input and said second binary gate is constructed




bi nary gate always input with binary 0, and reducing or elimnating an
error in the output |ayer between an actual signal and a teacher'ﬁ @@ggﬁt
when the internal conditions and one of the binary gates are con @ o]
perform | earning, providing a pseudo-neuron Q defined as follows, between
either of said first binary gate or input data and said second binary
gate, selecting the connection between them in accordance with the val ue
of said p§@udi@-%n?slﬂf: onn Y, cardo fdekiinl mprese dt psagdonnewcsr &nas Rkt e)

in which IS, it [ | d, function, a.signmpid functjon or a partia
li near f u%gtsﬁ]&ng]ggél}ggﬁﬁgdl :RS%tweseirbr@le tl@l:g‘hte Sds%?ﬂﬁ-%%ﬂldénl@o\/\ﬁﬁédt he
wei ght betfueet tihienapgutgand angseaudenews onsQsiansh erbs the thygshol d of

t he pseudo-neuron Q 4. Learning nethod in a binary systemas claifmed in
any of clainms 1, 2 or 3, wherein the connection between said first binary

gate and Sai HekRpuing S@ €hbir sk Qﬁ9§ﬁ¥r93525t%an iéi%ﬁﬁ88d1§i§?5¥n9ate’

or said first binary gate and both said input and said secon inary gate
i s constrfict ¥ 1B RARSEODBOTBEYEoactQ anye bhoeof aai flotdmnect i DAS i n
accor dancg W iiie & esl b t he input_signal input into said
first bingfy Jate and d§?§g%£gbgg Q?d%gfgf%%g?gggﬁéﬁﬁy gt Le8F nt A§UMret hod
in a bi nagfteysnemsasi ¢l g oeddi hiokaiyngat e whgt@i doanpsetda e 9o,

defined a | 1. ' provi ded between eithe said first_ binary gate
or input §8% alands%%§8t§%gdﬁa %Fﬁgﬁg%ﬂﬁ%zwab g%ﬁhé%@%Bﬁ Bt vierhd " t hem i s
sel ect ed preackordancenwit, h atre awl dlso9é éﬁb@n,DMﬁgéb%QeﬁPgnas
above sho&n. s%%%%fse do-neuron Qs defined as Q=f (WK, 8) in which f is
the thresHotd %R, 28 Kyl 4 Pdndty o bfha

£ is the threshold function, a sygmoid function or a

partial linear function;

X 1s the input signal input to the pseudo-neuron Q;

W is the weight between the input and the pseudo-neuron
Q; and

6 is the threshold of the pseudo-neuron Q.

6. Learning method in a binary system as claimed in claim
4, and further comprising the step of performing
modifications of weights W and thresholds © by using the

gradient descent method.

7. Learning method in a binary system as claimed in claim
4, and further comprising the steps of calculating
quasi-potential energies in each of the basic gates
together with expressing the connection between said
connecting layer with the quasi-potential energy, and
modifying the quasi-pctential energy of said connected

states to perform learning.
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partial linear function; X is the input signal input to the pseudo-neuron
Q@ Wis the weight between the input and the pseudo-neuron @ and 58MARsIiihe
t hreshol d of the pseudo-neuron Q 6. Learning nmethod in a binary system as
claimed in claim 4, and further conprising the step of performng

nodi fications of weights Wand thresholds e by using the gradient descent
method. 7. Learning nmethod in a binary systemas clained in claim 4, and
further conprising the steps of calculating quasi-potential energies in

each of the i e thher_w xpressi ng the connection between

sai d con%éc?i%%g&f ayérﬁ\?vit%h%%fh%?q%\%iwsgtenst i3 erﬁn@ﬁgﬁ A bl Fivng t he

quasi - pot eft icdla iener iy 3of esad dfuonheat etbmst akésig ociper Eaep learni ng. 27 15
4= d 2

MAR 2005 8. ' had in a bi ; L ai med | f clai
13, “and PHFERGI CORGNAT g Pl Ber IS Jah  br maier oar PEERUIONS B

wei ght s Wiandqt hiteshglrdsi i& iy desteatt hee@aradient descent nethod. 9.
Learning nethod in a binary systemas clained in any of clains 1-3, and
further conprising the steps of calculating quasi-potential energies in

each of the basigidgtRsthegetiiera WhiNaeYPI8asi iig éQecﬁ%%gé&ii)ﬂ. ?%. ween
said connecting layer with the quasi-potential energy, an nodi Tyrng the
quasi - pot @At Fale léher §y3of a5u dieohheat etbmpt asésat dlper fbemd eaf ni ng.  10.

Lear ni ng 4 i _ C in.an f the clains 1, 2 or
3 and fur?ﬁ%?%gomrﬁﬁgg%%e%t%eegmgglpéeﬁ%gg%eﬁglﬁo%?fﬁcggi gﬂ? }8?8\3\& ghts W
and t hrespalés t8gbkyhesi ig tthe xgradi £t g dése entnmet hodn 4t weear shg net hod
In-a m'“%%nﬁ%%%%ﬂ$518§@f“%ﬁéﬁ gy quasi-potential energy, and
modifying the quasi-potential energy of said connected

states to perform learning.

10. Learning method in a binary system as claimed in any
of the claims 1, 2 or 3 and further comprising the step
of performing modifications of weights W and thresholds

€ by using the gradient descent method.

11. Learning method in a binary system as claimed in any
of the claims 1, 2 or 3 and further comprising the steps
of calculating gquasi-potential energies in each of the
basic gates together with expressing the connection

between said connecting layer with the guasi-potential
energy, and modifying the quasi-potential energy cf said

connected states to perform learning.

12. Binary systems in which learning methods are performed

comprising:

an input layer allowing plural binary data to be input into
itself,

an AND layer having plural AND gates,

28



of the clains 1, 2 or 3 and further conprising the steps of calculating
quasi -potential energies in each of the basic gates together with
expressing the connection between said connecting |ayer with the 15 MAR 7005
guasi - potential energy, and nodifying the quasi-potential energy of said
connected states to performlearning. 12. Binary systens in which |earning
nmet hods are perforned conprising: an input |ayer allow ng plural binary
data to be input into itself an AND | ayer having pIuraI AND gates, 28 15

AR 2005 o, R Layer navin, plucah € gates LByl (10, an autau frem e

AND | ayer, an ou I'ayer i'ng an ou put
connectlngikaYQﬂDhaﬂw&gypseudo neurons Q provided between the input |ayer
and said AND | ayer, wherein learning is performed by selecting a connection
connecting said input layer to said AND layer froma connection by which

sai d |nputanl ayaipus Ubkest lnmonneatedn bl ANBl averq @rcpgpection by
whi ch said put layer is connected to said AND layer through inverters, a

connectloﬁ which, as inputs to said AND | ayer, binary 1 is always

i nput, and a connection by which, as inputs to said AND | ayer, binary O is
al ways input, and wherein said pseudo neuron Qis defined as Q=f (WK, 0} ,
in mhlchafQQ?Qﬁ¢hﬁé§h&aY¢nnbﬁV®ngap%ﬁ@mordeMnﬂn$0@ preavigeadt i al

linear fupgtin., X g g%wpyggagg%%'ma hRp Salde g;eudo neuron Q Wis

t he wei ght between sai d I'nput Seudo- neur and 0 is a
t hreshold of said pseudo-neuron Q 13. Blnary systens in which | earning

met hods a@%é%%fﬁrfggrning is performed by selecting a connection
connecting said input layer to said AND layer from a

connection by which said input layer is directly connected
to said AND layer, a connection by which said input layer
1s connected to said AND layer through inverters, a

connection by which, as inputs to said AND layer, binary
1 is always input, and a connection by which, as inputs

to said AND layer, binary 0 is always input, and

wherein said pseudo-neuron Q is defined as O=f (WX,8), in
which f is a threshcld function, a sygmoid function or a
partial linear function, X is the input signal input to
said pseudo-neuron Q, W is the weight between said input
and said pseudo-neuron Q, and 6 is a threshold of said

pseudo-neuron Q.

13. Binary systems in which learning methods are performed

comprising:

an input layer allowing plural binary data to be input into
itself,

an CR layer having plural OR gates,
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conprising: an input |layer allowng plural binary data to be input into
itself, an OR layer having plural OR gates, 29 15 MAR 2005 an AND 1I5aMaR 2005
having plural AND gates inputting an output fromsaid OR |ayer, an out put

| ayer inputting an output fromsaid AND | ayer, and a connecting |ayer
havi ng pseudo-neurons Q provided between the input |ayer and said OR

| ayer, wherein learning is perforned by selecting a connection connecting
sai d i npun &) Ltaysai UamdgaycémlfabrmIaD ganeectirgubyinhi el saitdumput

| ayer is q&Qggtég 80 ? to said OR |l ayer, a connection by which said

i nput layér "1s conne Yo %aid OR | ayer through inverters, a connection
by which, as |nputs to sald OR layer, binary 1 is always input, and a
connect i on by Wﬁ) as |n uts to said OR layer, binary 0 is always input,
and wherei®? &4 ‘ﬂf%e]uﬂﬁeﬁe PEW G 1R39d@R; ﬁé@lpék,t GO \ee1d)AND Aavw@dich f is
a thresholaghd unction, a sygnoid function or a partial linear function, X
is the input signal input to said pseudo-neuron Q Wis the weight betmeen
said input and said pseudo-neuron Q and Bis the threshold of said

pseudo- new oo ddind NaIYe BYBLOTRd LubLAR Learning gELods; aLe perf or med

conprisin an I nput ITayer” all ow ng I nary nput into
itself, a %ﬁﬁ%ﬁ%ﬁﬁh@t@ﬂ@@@)layemlﬁndngapdumﬁ NANBrgat es, an out put
NAND Iayer havi ng plural NAND gates inputting 30 15 MAR 2005

wherein learning is performed by selecting a connection
connecting said input layer to said OR layer from a
connection by which said input layer is directly connected
to said OR layer, a connection by which said input layer
is connected to said OR layer through inverters, a
connection by which, as inputs to said OR layer, binary
1 is always input, and a connection by which, as inputs

tc said OR layer, binary 0 is always input, and

wherein said pseudo-neuron Q is defined as Q=f (WX,8), in
which f is a threshold function, a sygmoid function or a
partial linear function, X is the input signal input to
said pseudo-neurcn Q, W is the weight between said input
and said pseudo-neurcon Q, and & is the threshold of said

pseudo-neurocn Q.

14. Binary systems in which learning methods are performed

comprising:

an input layer allowing plural binary data to be input into
itself,

an intermediate NAND layer having plural NAND gates,
an output NAND layer having plural NAND gates inputting
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an output fromsaid internedi ate NAND | ayer, an output | ayer inputtigﬂ an
output from said NAND | ayer, and a connecting |ayer having pseudo- rl Maih 2005
Q provided between the input |layer and said intermnmedi ate NAND | ayer,
wherein learning is perforned by selecting a connection connecting said
input layer to said NAND | ayer froma connection by which said input |ayer
is directly connected to said internmediate NAND | ayer, a connection by

whi ch sai &N ivipupukayerom sssonndcttedritod saice iNFNeD nediyatre NAND | ayer

t hrough inverters, a connection by which, as inputs to said internediate
NAND | ayer, binary 1 is always input, and a connection by which, as inputs

to said imrecnegiat el NAMD ihpyeriy Rar Ul dist al M8y Ss & DRUTANBNE ;Wer ei n
sai d pseudo-npeuron Qis defined as Qf (WK, @ , in which f is t hreshol d
function,aémgygnnid function or a partial linear function, X is the input
signal input to said pseudo-neuron Q Wis the weight between said input
and sai d pseudo-neuron Q and e is the threshold of said pseudo-neuron Q
15. Binar§ SEIRELLAMNITRET eBENIIAY et diode —are men § ofned owodedi si ng:  an

i nput | aygk rald oidige Plbal PhpaLy-fata.t LORYt,; 1.0} 'ﬁlge?[f an
i nt er nedi ate NOR Iayer]ﬂ%ving g?uraﬂah§§ﬁ8ggﬁgggﬁﬁg%ﬁ£%3%k Fe§&r havi ng
plural NOR gates inputting an output fromsaid internediate NOR | ayer, 31
15 MAR 2008 an. qut inputting a ut put, from sai d out put NOR
| ayer, an% & cdhnegg%ﬁé%¥ggéfpﬂa%ft@gﬂggugﬁiﬁ%%&%ﬁgléﬁbﬁbﬁi ChéfReen t he
i nput | ayeprnaetsand isatiet nedpate 1NQR 4 ayer sawaenginm | gak i #Smpsr f or med
by selectlggra conne%gloqf L , :
cohnectlon by which said input layer is directly connected
tosaidintermediateNANDlayer,acmnnecthmqbywhichsaid
input layer is connected to.said intermediate NAND layer
through inverters, a connection by which, as inputs to said
intermediate NAND layer, binary 1 is always input, and a
connection by which, as inputs to said intermediate NAND

layer, binary 0 is always input, and

wherein said pseudo-neuron ¢ is defined as Q=f (WX,B8}, in
which f is a threshold function, a sygmolid function or a
partial linear function, X is the input signal input to
sald pseudo-neuron Q, W is the weight between said input
and said pseudo-neuron Q, and 6 is the threshold of said

pseudo-neurcn Q.

15.Binarysystems:U1whichlearningnethodsarep@rformed
comprising:

an input layer allowing plural binary dataz to be input
into itself, an intermediate NOR layer having plural NOR
gates,

an output NOR layer having plural NCR gates inputting an

output from said intermediate NOR layer,
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connecting said input layer to said internediate NOR | ayer froma
connection by which said input layer is directly connected to saidldMAR 2003
i nternedi ate NOR | ayer, connection by which said input |ayer is connected
to said internediate NOR | ayer through inverters, a connection by which,
as inputs to said internediate NOR | ayer, binary 1 is always input, and a
connection by which, as inputs to said internediate NOR | ayer, binary 0 is
al ways i nput, and wherein said pseudo-neuron Qis defined as Q=f (WK, e) ,

in which i r d.function, a sygmoid function qQr a partia
i near fuﬁ‘@t i‘%@@i?g%&i %péiuq'}stijg’ﬁ‘élai‘n%ﬁ?p%] HUA' $REAdBLABHOANGE Wi s
t he wei ghtl abetweeandai d i nput and said pseudo-neuron Q and e is the

threshol d of said pseudo-neuron Q 16. Binary systens in which |earning
nmet hods are perfornmed conprising: an input |ayer allow ng plural binary

data to be icapifedniag ilt5ebf, haw il Sedhat aye ' pl ural

EXOR gates, _.an out uthX | ayer hé@%ﬁ% p]g?aﬁeg§g§%%a?egn?ﬁ%ﬁgggng an
out put frgﬁF§£QPi rhREPAt é AFROR ATy ra 1 @21 1 be MR R0Di5e aROBUl pyke H ,ayer
i nputting an output fromsaid output EXCR |ayer, and a connecting | ayer
havi ng pseudo-neurons Q provided between the input |ayer and said

i nt er medi P8 TEACR }@g8ninghdreipe t farmieng bys grel éot tred; by setgetingra

connect i OR5neRANECE id dnput_ | r_to .sai.d . internediate EXOR |ayer
from a connection b r%:f%hlqjs%?g%an%%geq%f&l §nto‘?‘?r5‘8g]lg§t§oﬁ9§c%ééfetro sai d
i nt er medi &reMEXOR drayect ian donnect Ehnshy drlirghusail gyienpuls | @Y BECHS v
connect ed I internedi ate EXOR | ayer through inverters, a connection
. CE)HH%%'C d 1?% . g ece i 1 C
by whi ch, “as i nputs BELE iIM ST HRarARE SERGR | By 8T bowamection by
which said input layer is connected to said intermediate
NOR layer through inverters, a connection by which, as
inputs to said intermediate NOR layer, birary 1 is always
input, and a connection by which, as inputs tc said

intermediate NOR layer, binary 0 is always input, and

wherein said pseudc-neuron Q is defined as Q=f(WX,8), in
which f is a threshold function, a sygmoid function or a
partial linear function, X is an input signal input to said
pseudo-neurcn Q, W is the weight between said input and
sald pseudo-neuron Q, and © is the threshold of said

pseudo-neuron Q.

16.Binary'systemslewhichlearningn@thods dre performed

comprising:

an input layer allowing plural binary data to be input into
itself,

an intermediate EXOR layer having plural EXOR gates,

an output EXOR layer having plural EXOR gates inputting

an output from said intermediate EXOR layer,
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1 is always input and a connection by which, as inputs to said

i nternmedi ate EXOR layer, binary O is always input, and wherein s
pseudo-neuron Qis defined as Q=f (WK, 0) , in which f is a threngPMRZMS
function, a sygnoid function or a partial linear function, X is an input
signal input to said pseudo-neuron Q Wis the weight between said input
and said pseudo-neuron Q and O is the threshold of said pseudo-neuron Q

33
an output layer inputting an output from said ocutput EXOR

layer, and

a connecting layer having pseudo-neurons 0 provided

between the input layer and said intermediate EXOR layer,

wherein learning is performed by selecting a connecticn
connecting said input layer to said intermediate FEXCR
layer from a connection by which said input layer is
directly connected to said intermediate EXOR layer, a
connection by which said input layer is connected to said
intermediate EXOR layer through inverters, a connection
bywhich,asinputstosaidintermediateEXORlayer,binary
1 is always input and a connecticn by which, as inputs to
sald intermediate EXCR layer, binary 0 is always input,

and

wherein said pseudo-neuron Q is defined as Q=f (WX,9), in
which f is a threshcld function, a sygmoid function or a
partiallinearfunction,X:Maaninputsignalinputtosmid
pseudo-neurcen Q, W is the weight between said input and
sald pseudo-neuron Q, and 6 is the threshold of said

pseudo-neurcn Q.
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