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A B S T R A CT 

Current connectionist models are oversimpliried in terms of the internal mechanisms of individual neurons and the communication 

betwee n them .  Althoug h connectionis t  model s ofTe r  signiflcan t  advantage s i n certai n aspects ,  thi s oversimplificatio n lead s t o th e inefn -

cienc y o f  thes e model s i n addressin g issue s i n explici t  symboli c processing ,  whic h i s prove n t o b e essentia l  t o h u m a n intelligence .  W h a t  w e 

ar e aimin g a t  i s a  connectionis t  architectur e whic h i s capabl e o f  simple ,  flexibl e representation s o f  hig h leve l  knowledg e structure s an d effi -

cien t  performanc e o f  reasonin g base d o n th e data .  W e firs t  propos e a  discret e neura l  networ k mode l  whic h contain s stat e variable s fo r 

eac h neuro n i n whic h a  se t  o f  discret e state s i s explicitl y  specifie d instea d o f  a  continuou s activatio n function .  A  techniqu e i s develope d fo r 

representin g concept s i n thi s network ,  whic h utilize s th e connection s t o defin e th e concept s an d represent s th e concept s i n bot h verba l  an d 

compile d forms .  Th e mai n advantag e i s tha t  thi s schem e ca n handl e variabl e binding s efficiently .  A  reasonin g schem e i s develope d i n th e 

discret e neura l  networ k model ,  whic h utilize s th e inheren t  parallelis m i n a  neura l  networ k model ,  performin g al l  possibl e inferenc e step s i n 

parallel ,  implementabl e i n a  fine-graine d massivel y paralle l  computer . 

1.  I N T R O D U C T I O N 

Th e advance s i n neurobiolog y an d connectionis t  modelin g provid e a  whol e se t  o f  possibilitie s i n 

term s o f  implementin g an d extendin g A I  idea s i n conceptua l  representatio n an d reasoning .  Curren t 

connectionis t  model s ar e onl y crud e approximation s o f  th e rea l  neura l  network .  The y ar e oversimpli -

fied  i n terno s o f  th e interna l  mechanism s o f  individua l  neuron s an d th e communicatio n betwee n neu -

rons .  Thi s oversimplificatio n lead s t o th e failur e and/o r  inefficienc y (a t  leas t  a s I  hav e see n s o far )  o f 

th e model s i n addressin g issue s suc h a s modelin g biologica l  neura l  networks([Selversto n 1987]) , 

representin g hig h leve l  dat a structures ,  rules ,  o r  concepts ,  developin g inferentia l  schemes ,  an d 

extendin g th e applicatio n domai n o f  th e connectionis t  model s t o domain s involvin g symboli c process -

in g (se e [Pinke r  an d Mehle r  1988 }  fo r  th e necessit y o f  explici t  symboli c processing) .  W h a t  w e ar e 

aimin g a t  i s  a  computationa l  neura l  networ k mode l  whic h i s capabl e o f  simple ,  flexibl e representa -

tion s o f  hig h leve l  dat a structure s an d efficien t  performanc e o f  reasonin g base d o n th e data ,  i.e .  a n 

AI  architectur e base d o n a  neura l  networ k model ,  drawin g idea s fro m biologica l  mechanism s i n rea l 

neura l  networks . 

Littl e progres s ha s bee n mad e towar d suc h a n architecture .  A m o n g th e fe w work s tha t  ar e 

reporte d ar e [Touretzk y an d Hinde n 1987] ,  [Touretzk y 1986] ,  [Barnde n 1988] ,  [Shastr i  an d Feldma n 

1987] ,  an d [Smolensk y 1987] .  Bu t  i n eac h o f  thes e schemes ,  parallelis m i s los t  i n som e way ,  eithe r 

becaus e o f  th e matchin g proces s o f  harhwire d rule s o r  a  centralize d workin g memory .  Fo r  example , 

i n [Touretzk y an d Hinto n 1987] ,  a n elaborat e pull-ou t  networ k i s designe d t o pic k u p a  rul e fro m a 

rul e networ k an d t o matc h th e dat a (triples )  i n th e workin g memory .  Althoug h th e mechanis m i s 

ver y elegant ,  i t  hinder s th e spee d o f  reasonin g b y doin g on e matc h a t  a  time .  An d i t  i s  possibl e t o 

trave l  dee p dow n a  wron g path .  I n [Barnde n 1988 ]  scheme ,  th e rule s ar e wire d i n symboli c form s 

int o a  networ k i n a  gri d form .  Thu s th e proble m i s th e symboli c manipulatio n necessar y t o matc h 

th e rul e agains t  data ,  whic h i s a  slo w an d complicate d proces s i n a  connectionis t  model .  Becaus e o f 

that ,  onl y on e rul e ca n b e matche d a t  a  time .  Th e inheren t  parallelis m i s no t  full y  utilize d a s a 

result .  I n [Shastr i  an d Feldma n 1987] ,  a  mathematica l  formalis m i s developed ,  an d a  networ k archi -

tectur e i s designe d t o implemen t  th e formalism .  M a n y differen t  type s o f  neuron s ar e devise d an d 

eac h ha s a  specia l  activatio n functio n specificall y designe d fo r  tha t  neuron .  Th e schem e ca n handl e 

propert y inheritanc e i n a  conceptua l  hierarch y bu t  no t  rul e encodin g an d rul e base d reasoning . 

Beside s these ,  ther e ar e othe r  sheme s tha t  emplo y differen t  technique s fo r  hig h leve l  dat a o r 

knowledg e representation ,  fo r  example ,  [Ballar d 1986] ,  [Fant y 1988] ,  [Ackle y 1987] ,  an d [Derthic k 

1988] . 
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2.  T H E DISCRET E M O D EL 

Our  ai m i s t o devis e a  mode l  mor e genera l  tha n conventiona l  P D P model s an d capabl e o f 
explainin g man y intricat e phenomen a foun d i n rea l  neura l  networks .  Th e generalizatio n goe s alon g 
severa l  dimensions :  interna l  states ,  differen t  synapti c outputs ,  an d tempora l  response .  Th e resultin g 
model  ca n b e use d t o attac k severa l  importan t  problem s i n developin g a  reasonin g scheme ,  i.e .  rul e 
matching ,  variabl e binding ,  an d certaint y facto r  propagation .  Th e mode l  seem s t o b e a  reasonabl e 
basi s fo r  a n inferenc e syste m an d i t  i s presente d her e a s a  firs t  ste p toward s a  ful l  fledge d conceptua l 
representatio n an d reasonin g system . 

Basically ,  a  discret e neura l  mode l  i s a  2-tupl e 

W=<N, M> 
wher e 

N= {<S ,  A ,  I ,  IF ,  T ,  C > } 

S= the set of ail the possible states of a neuron, 
A = th e se t  o f  al l  th e action s t o b e take n b y th e neuron , 
1= inputs , 
IF = inpu t  manipulatio n function :  I  — >  V , 
T = Stat e transitio n function :  S  x  F  — >  S , 
C= actio n function :  S  x  I '  — >  2"* , 

and M is the connectivity among neurons in the set N. 

In this model a set of discrete states is explicitly specified instead of a continuous activation 
function .  Hopefull y thi s ca n captur e mor e accuratel y th e biologica l  informatio n processin g mechan -
ism s buil t  int o a  rea l  neuron .  Th e ide a cam e fro m th e modelin g stud y o f  lobste r  stomatogastri c gan -
glio n neura l  network s (se e [Su n e t  al .  1988]) .  Evidenc e fro m physiologica l  dat a observe d b y biologis t 
overwhelmingl y point s t o a  mor e powerfu l  neura l  networ k model ,  whic h i s capabl e o f  accountin g fo r 
more phenomen a tha n conventiona l  models .  I n a  rea l  neuron ,  unlik e i n conventiona l  connectionis t 
models ,  ther e i s n o continuou s inpu t  o r  outpu t  throug h synapses .  Instead ,  a n all-or-non e actio n 
potentia l  i s  generate d i f  th e cel l  i s  depolarize d t o a  certai n degree ,  whic h i n tur n cause s th e releas e o f 
neurotransmitters .  Th e inpu t  t o th e postsynapti c cel l  i s  dependen t  upo n tw o factors :  th e typ e an d 
th e amoun t  o f  neurotransmitter s release d ([Kande l  an d Schwart z 1984 ]  an d [Edelma n 1987]) .  Thi s 
powerfu l  mechanis m ca n no t  b e capture d b y conventiona l  neura l  networ k models .  I n a  conventiona l 
neura l  networ k model ,  th e continuou s outpu t  i s  mean t  t o represen t  th e frequenc y i n whic h th e actio n 
potential s ar e generated ,  i t  i s doubtfu l  tha t  th e firin g frequenc y i s a  primitiv e featur e (no t  a n emer -
gent  featur e tha t  i s cause d b y othe r  mor e primitiv e activities )  i n th e neurona l  informatio n processin g 
mechanism .  O n th e contrary ,  w e hav e show n i n a  simulatio n stud y [Su n e t  a l  1988 ]  tha t  th e firing 
frequency ,  a s wel l  a s phas e relationship ,  i s a n emergen t  propert y o f  th e networ k create d b y th e com -
ple x interactio n o f  th e component s o f  th e network ,  a t  leas t  i n lobste r  stomatogastri c ganglions .  Th e 
propose d discret e mode l  ca n easil y captur e th e neura l  informatio n processin g mechanism s throug h 
actio n function s an d stat e transitio n function s b y specifyin g a  sequenc e o f  state s t o g o through ,  an d 
specifyin g action s associate d wit h eac h state ,  namel y 

s(t) =s(t-l)-|-l modn , 
C(t)=f(s(t),Il,I2,...,Ik) , 
wher e f  i s  a  predetermine d functio n suc h a s weighte d su m o r  Goldma n Equation . 

This formalism can explain many intricate phenomena found in real neural networks such as phase 
reponses ,  neurona l  modulatio n an d phasi c relationship .  Thes e propertie s ar e importan t  i n term s o f 
th e functiona l  capabilit y  an d versitilit y  o f  a  network ,  a s see n i n man y differen t  domain s (e.g .  [Rich -
mond &  Optica n 1987]) . 

Anothe r  issu e i s th e importanc e o f  th e membran e propertie s and ,  therefore ,  th e endogenou s fir -
in g o f  individua l  cells .  Accordin g t o ou r  stud y [Su n e t  a l  1988] ,  th e dynamic s an d emergen t  proper -
tie s o f  a  neura l  networ k ca n mostl y b e attribute d t o tw o factors :  th e endogenou s firing  (determine d 
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by membran e propertie s o f  th e cell ,  whic h coul d b e affecte d b y curren t  input s an d th e inpu t  history ) 
and th e synapti c connectivity .  Becaus e o f  th e physiologica l  propertie s o f  th e cel l  membrane ,  eac h 
cel l  i s  capabl e o f  firin g endogenuousl y eve n whe n i t  i s  insulate d fro m an y externa l  influence .  Th e 
endogenou s firing s ar e importan t  a s a  sourc e o f  influence s tha t  hel p t o shap e th e behavio r  o f  a  net -
work .  Thi s fac t  i s  indicate d i n man y biologica l  paper s (e.g .  [Selversto n an d Mouli n 1987]) .  However , 
th e importanc e o f  membran e propertie s an d endogenou s firing s i s overlooke d i n conventiona l  connec -
tionis t  models ,  becaus e o f  th e highl y approximat e natur e o f  thes e models .  I n th e discret e neura l 
model ,  thi s featur e ca n b e capture d b y a  stat e variabl e tha t  represent s th e particula r  moment  o f 
interna l  changes .  Th e mechanis m work s thi s way :  usin g th e formul a specifie d above ,  s(t )  no w deter -
mine s a  particula r  endogenou s firin g curve ,  fo r  example , 

Suppose the weighted sum model is used (see (Sun et al 1988]), 
C(t )  =f(s(t) ,  U ,  12 ,  ... .  ,Ik )  =  wO*E(s(t) )  -Fwl*Il(t )  -fw2*I2(t )  +  4-wk*Ik(t )  , 
wher e E(s(t) )  =  sin(s(t) )  . 

Yet another issue is the different presynaptic actions performed by the same cell at differnet 
site s o f  th e axon .  Differen t  site s o n th e sam e axo n ca n releas e differen t  type s o f  neurotransmitte r 
(thu s caus e differen t  type s o f  reaction s i n postsynapti c cells )  o r  differen t  amoun t  o f  transmitter s o f 
th e sam e type .  Some type s o f  neurotransmitter s ma y hav e lon g lastin g effect ,  whil e other s ma y ac t 
instantaneously .  Eac h ca n caus e a  differen t  reactio n i n a  postsynapti c cells .  Th e "action "  take n b y 
an individua l  postsynapti c cel l  i s  determine d mainly ,  bu t  no t  exclusively ,  b y th e followin g factors :  th e 
endogenuou s propertie s o f  th e cell ,  th e type(s )  an d amoun t  o f  transmitter s i t  received ,  an d th e 
curren t  tha t  i s  injecte d int o i t  i n cas e o f  electri c synapsis .  Th e issu e o f  differen t  postsynapti c action s 
i s no t  deal t  wit h i n conventiona l  connectionis t  model s either .  I n m y model ,  th e variat y i n presynap -
ti c action s ca n b e modele d b y A  (th e se t  o f  actions )  an d C  (th e actio n functions) . 

The equivalenc e propert y o f  thi s mode l  t o th e mor e conventiona l  model s i s studied .  I t  i s  a t 
leas t  capabl e o f  th e sam e computationa l  powe r  a s wel l  a s expressiv e power .  Beyon d that ,  i t  ha s th e 
advantag e o f  generalit y an d versatility .  I t  i s  mor e genera l  becaus e i t  ca n accormodat e th e conven -
tiona l  connectionis t  model s a s specia l  case s a s discusse d below .  I t  i s  als o mor e versatil e because ,  b y 
introducin g stat e variable s an d a  se t  o f  synapti c actions ,  th e mode l  ca n handl e mor e elaborat e pro -
cessin g a t  neurona l  level . 

T o se e ho w m y mode l  simulate s othe r  connectionis t  models ,  loo k a t  variou s neura l  networ k 
models .  I n general ,  neura l  networ k model s ca n b e classifie d int o fou r  classes : 

continuou s input/discret e activatio n model s (e.g .  linea r  threshol d uni t  model) , 

discret e input/discret e activatio n model s (e.g .  Feldma n an d Ballar d model) , 

continuou s input/continuou s activatio n model s (e.g .  McClellan d an d Rumelhart' s  interactiv e 
activatio n an d competitio n model) , 

discret e input/continuou s activatio n model s (a s anothe r  possibility) . 

Al l  o f  the m ca n b e easil y handle d b y m y genera l  formalism .  T o simulat e a  continuou s input/discret e 
activatio n neura l  mode l  (suppos e usin g a  unifor m activatio n functio n a) ,  le t  a  dicret e neura l  networ k 
model  b e 

<S,A,I,IF,T,C> 
wher e 
S={0,1} , 
A={do-nothing ,  output-1-to-all-postsynaptic-celIs} , 
lF=2>.j;. , 

T = th e origina l  acivatio n functio n a , 
C = a  tabl e specifyin g whic h actio n i n A  t o perfor m (se e Figur e 1) . 

This model can simulate the original model and produce the same output: 0 if r<ths and 1 if 
r>=ths .  Th e mode l  wil l  carr y ou t  th e computatio n exactl y a s it s conventioa l  counterparts . 
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I n cas e o f  simulatin g a  continuou s activatio n model ,  w e wil l  hav e t o discretiz e th e output ,  i.e .  C 
wil l  b e a  tabl e specifyin g a  sequenc e o f  point s sample d fro m th e responc e curv e th e neuro n i n th e ori -
gina l  model .  I f  w e sampl e enoug h point s o n th e continuou s outpu t  curve ,  w e ca n approximat e th e 
behavio r  o f  th e origina l  mode l  closel y enoug h fo r  an y practica l  purpose .  Fo r  example ,  Figur e 2 
shows th e approximatio n b f  th e model ;  output = potential-l -  ̂ û ,«, )  . 

We als o looke d a t  way s o f  implementin g thi s mode l  wit h a  multilaye r  conventiona l  P D F model . 
The questio n i s ho w t o implemen t  th e stat e variabl e an d th e stat e transitio n functio n o f  a  discret e 
neuron .  I t  ha s bee n show n tha t  a  thre e laye r  networ k coul d d o th e job ;  th e hidde n laye r  represent s 
th e curren t  stat e an d eac h input/oupu t  valu e i s explicitl y  represente d b y individua l  cell s (cf . 
Servan-Schreibe r  1988 ]  an d [Alle n 1988]) .  Se e Figur e 3 .  Th e outpu t  fro m th e hidde n laye r  i s fedbac k 

int o th e inpu t  laye r  t o hel p decide ,  togethe r  wit h curren t  inputs ,  whic h stat e t o ente r  next . 

Ther e i s on e aspec t  o f  th e mode l  tha t  ma y rais e som e questions .  Usuall y i n rea l  neuron ,  on e 
synaps e ca n onl y releas e a  certai n typ e o f  transmitter s (o r  a  certai n grou p o f  transmitters) .  Bu t  i n 
my mode l  eac h synapti c sit e ca n releas e differen t  transimitter s (i.e .  differen t  message s o r  synapti c 
actions) .  Ho w d o w e resolv e thi s contradiction ? Thi s contradictio n ca n b e easil y resolve d b y realiz -
in g th e fac t  tha t  w e ca n implemen t  thi s dicret e neura l  networ k mode l  usin g onl y th e typ e o f  neuron s 
i n whic h eac h synapti c sit e ca n onl y releas e on e typ e o f  transmitters ,  b y addin g a  grou p o f  intermedi -
at e cell s eac h o f  whic h represent s a  particula r  messag e an d hoo k the m together .  Se e Figur e 4 . 

The communicatio n betwee n cell s ca n b e viewe d thi s way ;  eac h messag e sen t  i s  code d a s (state , 
strength) ,  wher e stat e mean s outpu t  stat e o r  symbol .  Thi s ca n b e implemented ,  i n th e sam e sens e a s 
above ,  wit h th e sam e kin d o f  intermediat e laye r  o f  units ,  connectin g t o sourc e an d targe t  cell s wit h 
certai n strengths .  Se e Fi g 5 . 

3. LOGICAL OPERATIONS 

A numbe r  o f  researcher s hav e cite d logica l  operation s a s a n importan t  facto r  i n determinin g 
th e adequenc y o f  a  neura l  networ k mode l  a s a  universa l  computationa l  mode l  ([Ab u 
1986],[Rumelhar t  1986 )  etc.) . 

The discret e mode l  ca n handl e al l  logica l  operation s ver y efficientl y becaus e o f  th e natur e o f 
th e stat e transitio n functio n an d th e actio n function .  A n A N D operatio n o f  tw o input s ca n b e 
modele d b y th e followin g stat e transition/actio n functio n (se e Figur e 6) .  Th e othe r  operation s suc h 
as O R an d N O T ca n b e modele d exactl y th e sam e way . 

Anothe r  advantag e o f  th e mode l  i s th e eas e wit h whic h w e ca n mode l  multiplicativ e connec -
tions .  Ther e i s n o nee d fo r  a n extr a typ e o f  connection s i n th e network .  Al l  o f  th e connection s ca n 
be accormodate d i n th e sam e genera l  framework .  Ye t  thi s framewor k i s kep t  simpl e an d directl y 
implementable . 

4. DUALITY-CONNECTION ENCODING 

A technique ,  calle d duality-connectio n encodin g o r  D C E ,  ha s bee n develope d fo r  representin g 
concept s i n a  neura l  networ k o f  th e typ e mentione d above ,  whic h utilize s th e connection s t o defin e 
th e concept s an d represent s th e concept s i n bot h verba l  an d compile d forms .  Th e mai n advantag e i s 
tha t  thi s schem e ca n handl e variabl e bindin g efficiently . 

The mai n dilemm a o f  reasonin g i n connectionis t  model s i s a t  whic h leve l  w e shoul d incorporat e 
symbol s int o th e schemes .  I f  w e perfor m pur e symboli c reasoning ,  th e cos t  fo r  representin g symbol s 
and performin g th e reasonin g i s to o high ,  suc h a s i n Barnden' s schem e (se e [Barnde n 1988] )  o r 
Touretzsky&Hinton' s schem e (se e [Touretzsk y an d Hinto n 1985] )  (eve n thoug h i t  handle s onl y a 
much simplifie d case) .  Bu t  i f  w e eliminat e symbol s fro m th e scheme ,  i t  wil l  no t  b e suitabl e fo r  per -
formin g hig h leve l  cognitiv e task .  Thi s mode l  resolve d thi s dilemm a b y introducin g a  dua l  codin g 
technique .  Tha t  is ,  encodin g a  concep t  b y usin g tw o cel l  assemblies :  on e fo r  linguistic(symbolic ) 
representatio n an d th e othe r  fo r  non-linguisti c representatio n suitabl e fo r  reasonin g an d variabl e 
binding .  Thi s schem e ensure s th e efficienc y o f  reasonin g processes .  Coars e codin g ca n b e use d her e 
t o hav e th e advantag e o f  fault-tolerance .  Anothe r  mechanis m fo r  faul t  toleranc e i s th e replicatio n o f 
identica l  units ,  whic h i s particularl y suitabl e i n thi s model .  Thi s mechanis m i s foun d i n som e smal l 
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neura l  circuit s i n crustacea n stomatogastri c system s ([Selversto n 1986]) . 

A concep t  i s encode d i n th e networ k b y th e connection s i t  ha s t o th e othe r  cells .  Thos e uni -

directiona l  connection s hel p shap e th e concep t  a s wel l  a s guid e th e reasoning .  Fo r  example ,  Figur e 7 

shows ho w a  concep t  i s wire d int o a  network . 

I n th e reasonin g assembly ,  ther e ar e k+ 1 cells :  CF,cl,c2 ,  ... .  ,ck .  C F cel l  contain s th e cer -

taint y factor s (o r  confidence ,  possibility ,  etc. )  use d i n reasonin g an d connect s t o al l  othe r  concept s 

relate d t o it .  Th e othe r  k  cell s tak e car e o f  variabl e binding s fo r  a  maximu n o f  k  variables .  Th e se t 

of  state s i n th e variabl e cel l  represent s al l  possibl e bindings .  Th e signa l  fro m C F cel l  tell s  th e vari -

abl e cel l  whic h inpu t  t o take .  Se e Figur e 8 .  Th e formula s use d ar e summarize d belo w (jus t  on e sim -

pl e cas e a s a n example) : 

For CF, S(t) =f(CF(t-l), Il(t), I2(t), Ik(t) ). 

f here is a mapping to a value which encodes two things: the activation level and the activation 

source .  Becaus e severa l  othe r  assemblie s ar e connecte d t o thi s one ,  f  ha s t o distinguis h dif -

feren t  source s b y encodin g i t  i n it s resultin g value .  CF(t-l )  her e i s fo r  keepin g certai n historica l 

contextua l  informatio n an d 7, 5 ar e output s o f  othe r  C F cell s i n othe r  assemblies . 

And for Ci, i=l,2,....k, S(t) = fi( CF(t), Il(t), I2(t), In(t)). 

/,• here is a table specifying the state of C,- at time t based on inputs at that moment from the 

CF cel l  an d c ,  cell s i n othe r  assembly .  CF(t )  i s  actuall y a n instructio n t o c,- « ,  tellin g the m 

whic h inpu t  t o tak e an d mak e tha t  inpu t  stat e it s activatio n state . 

Th e linguisti c (symbolic )  assembl y o f  a  concep t  representatio n record s th e verba l  for m o f  a  con -

cep t  o r  a  predicat e whic h define s tha t  concept .  Th e informatio n recorde d ca n b e recalle d whe n th e 

concep t  i s invoke d i n reasoning . 

Th e representatio n schem e actuall y ca n handl e tw o things :  concep t  representatio n an d predi -

cat e representation .  Predicat e representatio n i s a  cel l  assembl y containin g on e mai n connectio n cel l 

determinin g C F an d a  se t  o f  variabl e cell s fo r  variabl e bindin g a s describe d above .  O n th e othe r 

hand ,  concep t  representatio n i s a  cluste r  (implemente d wit h a  cel l  assembly )  wit h slot s t o b e filled 

jus t  lik e variabl e binding .  Eac h cluste r  i s a  fram e lik e structur e consistin g severa l  parts :  a  contro l  cel l 

(CF )  an d a  se t  o f  rol e cells .  Cell s i n th e latte r  tw o group s sen d signal s t o th e contro l  cell .  Contro l 

cel l  als o receiv e signal s fro m othe r  cel l  assemblies(spreadin g activation) .  Th e conceptua l  hierarch y i s 

traverse d base d o n spreadin g activation . 

5. REASONING SCHEME 

A reasonin g schem e i s develope d i n th e discret e neura l  networ k model ,  whic h maximize s th e 
inheren t  parallelis m i n a  neura l  networ k mode l  an d perform s al l  possibl e inferenc e step s i n parallel . 

One o f  th e majo r  drawback s o f  conventiona l  connectionis t  mode l  i s it s inabilit y  i n handlin g 

deductiv e reasoning ,  i.e .  derivin g conclusion s fro m existin g facts .  Th e explici t  deductiv e reasonin g 

(no t  intuitio n o r  subconsciou s reasoning )  require s on e t o establis h rules ,  stor e fact s i n workin g 

memory,  an d us e rule s t o deduc e ne w facts .  I n rea l  world ,  fact s ar e usuall y know n wit h certai n 

uncertainty .  S o a  connectinois t  inferenc e engin e ha s t o tak e tha t  int o consideratio n too .  Anothe r 

proble m i s variabl e binding .  I n orde r  t o avoi d crosstal k betweee n rules ,  w e hav e t o hav e a n efficien t 

mechanis m fo r  handlin g variabl e binding . 

Th e basi c architectur e consist s o f  thre e layers :  input ,  processin g an d output ,  wit h additiona l 

module s attachabl e t o them ,  eac h o f  whic h ca n handl e learnin g an d pre -  an d post-processin g 

correspondingly . 

Th e inpu t  informatio n i s processe d i n inpu t  laye r  an d passe d o n t o th e processin g layer .  Th e 

processin g laye r  ca n hav e complicate d interna l  structures .  Th e informatio n passe d t o eac h cel l  i s 

processe d an d propagate d t o al l  th e pos t  synapti c cell s fro m eac h pre-synapti c cells .  Thi s schem e 

guaranttee s a  hig h degre e o f  parallelism . 
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The calculu s fo r  dealin g wit h uncertaint y facto r  propagatio n wa s propose d i n [Su n 1984 ,  198 5 . 

Th e soundnes s an d completenes s unde r  certai n constraint s wer e proven .  I t  i s  capabl e o f  dealin g wit h 

certai n type s o f  defaul t  reasoning .  Fo r  exampple ,  i f  Cl(X )  an d C2(X )  an d C3(X )  the n A(X) ,  wher e X 

i s th e vecto r  o f  variabl e bindings ,  ca n b e code d a s show n i n Figur e 8  i n D C E .  Cel l  A  the n combine s 

th e evidence s b y doin g C F = w *  ^, -  .  I n cas e C 3 i s undetermined ,  base d o n partia l  informatio n avail -

able ,  th e syste m ca n stil l  deduc e A ,  wit h activatio n les s stron g tha n i t  woul d b e i f  C 3 i s known .  Fo r 

contradictor y propositions ,  ther e ca n b e inhibitor y connection s betwee n eac h pai r  o f  them ,  wit h 

strength s correspondin g t o th e degree s o f  contradiction .  W h e n stric t  logica l  operation s ( A N D ,  O R , 

and N O T )  ar e require d i n th e reasoning ,  th e metho d describe d i n sectio n 3  i s applie d t o achiev e th e 

desire d effect .  A n interestin g thin g i s tha t  thi s schem e fit s th e 10 0 ste p rul e wel l  (  se e [Feldma n 

1986]) .  Beside s thi s formalism ,  i t  ca n als o implemen t  scheme s propose d i n [Zade h 1983 ]  o r  [Shastr i 

and Feldma n 1987] . 

A T T E N T I O N AL M E C H A N I S MS Ther e ar e tw o attentiona l  mechanism s i n th e model :  A-area , 

th e reasonin g trace ,  an d C-area ,  a  mechanis m fo r  controllin g th e reasonin g proces s directe d b y th e 

goal  o f  th e system . 

We assum e tha t  th e activatio n i s calculate d wit h JĴ ii f  ,  wher e u;,=«,m,-f-/, -  .  Usuall y m, -  =0 . 

But  whe n w e wan t  t o concentrat e o n on e are a i n th e networ k (formin g a  C-area) ,  th e externa l  inten -

tio n contro l  modul e ca n increas e m, -  .  s, -  i s  a  predetermine d value .  S o w e migh t  com e u p wit h result s 

tha t  ca n no t  b e deduce d otherwis e (becaus e o f  stron g inhibition s o r  hig h thresholds) . 

7. CONCLUSION 

Puttin g thes e component s together ,  i t  form s a  coheren t  syste m wit h variou s feature s an d 

module s fo r  variou s purposes .  Thi s discret e neura l  networ k mode l  ha s th e advantage s o f  representa -

tiona l  flexibilit y  an d expressiv e powe r  wit h regar d t o high-leve l  conceptua l  representation ,  an d mas -

siv e parallelis m an d real-tim e efficienc y wit h regar d t o reasonin g withi n thi s representationa l  frame -

work .  Furthe r  wor k i s neede d t o specif y mor e detail s o f  conceptua l  representation s an d variou s rul e 

codings .  Severa l  learnin g algorithm s ar e currentl y unde r  development . 
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