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1. SELF-ORGANIZATION OF NEURAL RECOGNITION CODES 

A neura l  network ,  calle d a n adaptiv e resonanc e theor y ( A R T )  architecture ,  fo r  th e 

learnin g o f  recognitio n categorie s i s describe d herein .  Real-tim e networ k dynamic s fo r  thi s 

model  hav e bee n completel y characterize d throug h mathematica l  analysi s an d compute r 

simulations .  Th e architectur e self-organize s an d self-stabilize s it s recognitio n code s i n re -

spons e t o arbitrar y ordering s o f  arbitraril y  man y an d arbitraril y  comple x binar y inpu t 

patterns .  Top-dow n attentiona l  an d matchin g mechanism s ar e critica l  i n self-stabilizin g 

th e cod e learnin g process .  Th e architectur e embodie s a  paralle l  searc h schem e whic h up -

date s itsel f  adaptivel y a s th e learnin g proces s unfolds .  Afte r  learnin g self-stabilizes ,  th e 

searc h proces s i s automaticall y disengaged .  Thereafte r  inpu t  pattern s directl y acces s thei r 

recognitio n code s withou t  an y search .  Thu s recognitio n tim e doe s no t  gro w a s a  functio n o f 

cod e complexity .  A  nove l  inpu t  patter n ca n directl y acces s a  categor y i f  i t  share s invarian t 

propertie s wit h th e se t  o f  familia r  exemplar s o f  tha t  category .  Thes e invarian t  propertie s 

emerg e i n th e for m o f  learne d critica l  featur e patterns ,  o r  prototypes .  Th e architectur e 

possesse s a  context-sensitiv e self-scalin g propert y whic h enable s it s emergen t  critica l  fea -

tur e pattern s t o form .  The y detec t  an d remembe r  statisticall y predictiv e configuration s o f 

featura l  element s whic h ar e derive d fro m th e se t  o f  al l  inpu t  pattern s tha t  ar e eve r  experi -
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enced .  Fou r  type s o f  attentiona l  process—priming ,  gai n control ,  vigilance ,  an d intermoda l 

competition—ar e mechanisticall y characterized .  Top-dow n primin g an d gai n contro l  ar e 

neede d fo r  cod e matchin g an d self-stabilization .  Attentiona l  vigilanc e determine s ho w fine 

th e learne d categorie s wil l  be .  I f  vigilanc e increase s du e t o a n environmenta l  disconfirma -

tion ,  the n th e syste m automaticall y searche s fo r  an d learn s finer  recognitio n categories .  A 

ne w nonlinea r  matchin g la w (th e 2/ 3 Rule )  an d ne w nonlinea r  associativ e law s (th e Webe r 

L a w Rule ,  th e Associativ e Deca y Rule ,  an d th e Templat e Learnin g Rule )  ar e neede d t o 

achiev e thes e properties .  Al l  th e rule s describ e emergen t  propertie s o f  paralle l  networ k 

interactions .  Th e architectur e circumvent s th e noise ,  saturation ,  capacity ,  orthogonality , 

an d linea r  predictabilit y  constraint s tha t  limi t  th e code s whic h ca n b e stabl y learne d b y 

alternativ e recognitio n models .  I n addition ,  A R T circuit s hav e elsewher e bee n use d t o 

analys e dat a abou t  speec h perception ,  wor d recognitio n an d recall ,  visua l  perception ,  ol -

factor y coding ,  evoke d potentials ,  thalamocortica l  interactions ,  attentiona l  modulatio n o f 

critica l  perio d termination ,  an d amnesia s (Banque t  an d Grossberg ,  1986 ;  Carpente r  an d 

Grossberg ,  1985a ,  1985b ,  1986a ,  1986b ,  1986c ;  Grossberg ,  1976a ,  1976b ,  1978a ,  1980 , 

1986a ;  Grossber g an d Stone ,  1986a ,  1986b) .  I n th e followin g pages ,  w e describ e intuitivel y 

some ke y propertie s o f  th e model . 

2. STABILITY-PLASTICITY DILEMMA: 

M U L T I P L E I N T E R A C T I N G M E M O RY S Y S T E M S 

A n adequat e self-organizin g recognitio n syste m mus t  b e capabl e o f  plasticit y i n orde r  t o 

lear n abou t  significan t  ne w events ,  ye t  i t  mus t  als o remai n stabl e i n respons e t o irrelevan t 

or  ofte n repeate d events .  I n orde r  t o preven t  th e relentles s degradatio n o f  it s  learne d code s 

by th e "blooming ,  buzzin g confusion "  o f  irrelevan t  experience ,  a n A R T syste m i s sensitiv e 

t o novelty .  I t  i s  capabl e o f  distinguishin g betwee n familia r  an d unfamiliei r  events ,  a s wel l 

as betwee n expecte d an d unexpecte d events . 

Multipl e interattin g memor y system s ar e neede d t o monito r  an d adaptivel y reac t  t o 

th e novelt y o f  events .  Withi n A R T ,  interaction s betwee n tw o functionall y complementar y 

subsystem s ar e neede d t o proces s familia r  an d unfamilia r  events .  Familia r  event s ar e 

processe d withi n a n attentiona l  subsystem .  Thi s subsyste m establishe s eve r  mor e precis e 

interna l  representation s o f  an d response s t o familia r  events .  I t  als o build s u p th e learne d 

top-dow n expectation s tha t  hel p t o stabiliz e th e learne d bottom-u p code s o f  fanailia r  events . 

By itself ,  however ,  th e attentiona l  subsyste m i s unabl e simultaneousl y t o maintai n stabl e 

representation s o f  familia r  categorie s an d t o creat e ne w categorie s fo r  unfamilia r  patterns . 

A n isolate d attentiona l  subsyste m i s eithe r  rigi d an d incapabl e o f  creatin g ne w categorie s 

fo r  unfamilia r  patterns ,  o r  unstabl e an d capabl e o f  ceaselessl y recodin g th e categorie s o f 
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familia r  patterns . 

The secon d subsyste m i s a n orientin g subsyste m tha t  reset s th e attentiona l  subsyste m 

when a n unfamilia r  even t  occurs .  Th e orientin g subsyste m i s essentia l  fo r  expressin g 

whethe r  a  nove l  patter n i s familia r  an d wel l  represente d b y a n existin g recognitio n code , 

or  unfamilia r  an d i n nee d o f  a  ne w recognitio n code .  Figur e 1  schematize s th e architectur e 

tha t  i s  analyse d herein . 

An A R T syste m dynamicall y reorganize s it s recognitio n code s t o preserv e it s stability -

plasticit y balanc e a s it s interna l  representation s becom e increasingl y comple x an d differen -

tiate d throug h learning .  B y contrast ,  man y classica l  adaptiv e patter n recognitio n system s 

become unstabl e whe n the y ar e confronte d b y comple x inpu t  environments .  Unlik e man y 

alternativ e model s th e presen t  mode l  ca n dea l  wit h arbitrar y combination s o f  binar y in -

put  patterns .  I n particular ,  i t  place s n o orthogonalit y o r  linea r  predictabilit y  constaint s 

upo n it s inpu t  patterns .  Th e mode l  computation s remai n sensitiv e n o matte r  ho w man y 

inpu t  pattern s ar e processed .  Th e mode l  doe s no t  requir e tha t  ver y small ,  an d thu s noise -

degradable ,  increment s i n memor y b e mad e i n orde r  t o avoi d saturatio n o f  it s  cumulativ e 

memory.  Th e mode l  ca n stor e arbitraril y  man y recognitio n categorie s i n respons e t o inpu t 

pattern s tha t  ar e define d o n arbitraril y  man y inpu t  channels .  It s memor y matrice s nee d 

not  b e square ,  s o tha t  n o restriction s o n memor y capacit y ar e impose d b y th e numbe r  o f 

inpu t  channels .  Finally ,  al l  th e memor y o f  th e syste m ca n b e devote d t o stabl e recogni -

tio n learning .  I t  i s  no t  h e cas e tha t  th e numbe r  o f  stabl e classification s i s bounde d b y 

some fractio n o f  th e numbe r  o f  inpu t  channel s o r  patterns .  Thu s a  primar y goa l  o f  th e 

presen t  articl e i s t o intuitivel y describ e neura l  network s capabl e o f  self-stabilizin g th e self -

organizatio n o f  thei r  recognitio n code s i n respons e t o a n arbitraril y  comple x environmen t 

of  inpu t  patterns . 

Four  propertie s ar e basi c t o th e working s o f  th e network s tha t  w e characteriz e herein . 

A.  Self-Scalin g Computat iona l  Units :  Critica l  Featur e Pattern s 

Properl y definin g signa l  an d nois e i n a  self-organizin g syste m raise s a  numbe r  o f  subtl e 

issues .  Patter n contex t  mus t  ente r  th e definitio n s o tha t  inpu t  feature s whic h ar e treate d 

as irrelevan t  nois e whe n the y ar e embedde d i n a  give n inpu t  patter n m a y b e treate d a s 

informativ e signal s whe n the y ar e embedde d i n a  differen t  inpu t  pattern .  Th e system' s 

uniqu e learnin g histor y mus t  als o ente r  th e definitio n s o tha t  portion s o f  a n inpu t  patter n 

whic h ar e treate d a s nois e whe n the y pertur b a  syste m a t  on e stag e o f  it s  self-organizatio n 

may b e treate d a s signal s whe n the y pertur b th e sam e syste m a t  a  differen t  stag e o f  it s 

self-organization .  Th e presen t  system s automaticall y self-scal e thei r  computationa l  unit s 

t o embod y context -  an d learning-dependen t  definition s o f  signa l  an d noise . 
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1.  Anatom y o f  th e attentional-orientin g system :  T w o successiv e stages ,  F j  an d F2 ,  o f  th e 
attentiona l  subsyste m encod e pattern s o f  activatio n i n shor t  ter m memor y ( S T M ) .  Bottom -
up an d top-dow n pathway s betwee n F j  an d F 2 contai n adaptiv e lon g ter m memor y ( L T M ) 
trace s whic h multipl y th e signal s i n thes e pathways .  Th e remainde r  o f  th e circui t  modulate s 
thes e S T M an d L T M processes .  Modulatio n b y gai n contro l  enable s F j  t o distinguis h 
betwee n bottom-u p inpu t  pattern s an d top-dow n priming ,  o r  template ,  patterns ,  a s wel l 
as t o matc h thes e bottom-u p an d top-dow n patterns .  Gai n contro l  signal s als o enabl e F 2 
t o reac t  supraliminall y t o signal s fro m F j  whil e a n inpu t  patter n i s on .  Th e orientin g 
subsyste m generate s a  rese t  wav e t o F 2 whe n mismatche s betwee n bottom-u p an d top -
down pattern s occu r  a t  Fi .  Thi s rese t  wav e selectivel y an d enduringl y inhibit s activ e F 2 
cell s unti l  th e inpu t  i s shu t  off . 
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One propert y o f  thes e self-scalin g computationa l  unit s i s schematize d i n Figur e 2 .  I n 

Figur e 2a ,  eac h o f  th e tw o inpu t  pattern s i s compose d o f  thre e features .  Th e pattern s agre e 

at  tw o o f  th e thre e features ,  bu t  disagre e a t  th e thir d feature .  A  mismatc h o f  on e ou t  o f 

thre e feature s ma y b e designate d a s informativ e b y th e system .  W h e n thi s occurs ,  thes e 

mismatche d feature s ar e treate d a s signal s whic h ca n elici t  learnin g o f  distinc t  recognitio n 

code s fo r  th e tw o patterns .  Moreover ,  th e mismatche d features ,  bein g informative ,  ar e 

incorporate d int o thes e distinc t  recognitio n codes . 

I n Figur e 2b ,  eac h o f  th e tw o inpu t  pattern s i s compose d o f  thirty-on e features .  Th e 

pattern s ar e constructe d b y addin g identica l  subpattern s t o th e tw o pattern s i n Figur e 2a . 

Thu s th e inpu t  pattern s i n Figur e 2 b disagre e a t  th e sam e feature s a s th e inpu t  pattern s 

i n Figur e 2a .  I n th e pattern s o f  Figur e 2b ,  however ,  thi s mismatc h i s les s important ,  othe r 

thing s bein g equal ,  tha n i n th e pattern s o f  Figur e 2a .  Consequently ,  th e syste m m a y trea t 

th e mismatche d feature s a s noise .  A  singl e recognitio n cod e m a y b e learne d t o represen t 

bot h o f  th e inpu t  pattern s i n Figur e 2b .  Th e mismatche d feature s woul d no t  b e learne d 

as par t  o f  thi s recognitio n cod e becaus e the y ar e treate d a s noise . 

The assertio n tha t  critica l  featur e pattern s ar e th e computationa l  unit s o f  th e cod e 

learnin g proces s summarize s thi s self-scalin g property .  Th e ter m critica l  featur e indicate s 

tha t  no t  al l  feature s ar e treate d a s signal s b y th e system .  Th e learne d unit s ar e pattern s 

of  critica l  feature s becaus e th e perceptua l  contex t  i n whic h th e feature s ar e embedde d 

influence s whic h feature s wil l  b e processe d a s signal s an d whic h feature s wil l  b e processe d 

as noise .  Thu s a  featur e m a y b e a  critica l  featur e i n on e patter n (Figur e 2a )  an d a n 

irrelevan t  nois e elemen t  i n a  differen t  patter n (Figur e 2b) . 

The nee d t o overcom e th e limitation s o f  featura l  processin g wit h som e typ e o f  contex -

tuall y sensitiv e patter n processin g ha s lon g bee n a  centra l  concer n i n th e h u m a n patter n 

recognitio n literature .  Experimenta l  studie s hav e le d t o th e genera l  conclusion s tha t  "Th e 

trac e syste m whic h underlie s th e recognitio n o f  pattern s ca n b e characterize d b y a  centra l 

tendenc y an d a  boundary "  (Posner ,  1973 ,  p.54) ,  an d tha t  "jus t  listin g feature s doe s no t 

go fa r  enoug h i n specifyin g th e knowledg e represente d i n a  concept .  Peopl e als o kno w 

somethin g abou t  th e relation s betwee n th e feature s o f  a  concept ,  an d abou t  th e variabilit y 

tha t  i s  permissibl e o n an y feature "  (Smit h an d Medin ,  1981 ,  p.83) ,  W e illustrat e herei n 

ho w thes e propertie s m a y b e achieve d usin g self-scalin g computationa l  unit s suc h a s critica l 

featur e patterns . 

B.  Self-A4justin g M e m o r y Searc h 

No pre-wire d searc h algorithm ,  suc h a s a  searc h tree ,  ca n maintai n it s efficienc y a s a 

knowledg e structur e evolve s du e t o learnin g i n a  uniqu e inpu t  environment .  A  searc h orde r 
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( a ) 

( b ) 

2.  Self-scalin g propert y discover s critica l  feature s i n a  context-sensitiv e way :  (a )  T w o 
inpu t  pattern s o f  3  feature s mismatc h a t  1  feature .  W h e n thi s mismatc h i s sufficien t 
t o generat e distinc t  recognitio n code s fo r  th e tw o patterns ,  th e mismatche d feature s ar e 
encode d i n L T M a s par t  o f  th e critica l  featur e pattern s o f  thes e recognitio n codes ,  (b ) 
Identica l  subpattern s ar e adde d t o th e tw o inpu t  pattern s i n (a) .  Althoug h th e ne w inpu t 
pattern s mismatc h a t  th e sam e on e feature ,  thi s mismatc h ma y b e treate d a s nois e du e 
t o th e additiona l  complexit y o f  th e tw o ne w patterns .  Bot h pattern s m a y thu s lear n t o 
activat e th e sam e recognitio n code .  W h e n thi s occurs ,  th e mismatche d featur e i s delete d 
fro m L T M i n th e critica l  featur e patter n o f  th e code . 

tha t  m a y b e optima l  i n on e knowledg e domai n m a y becom e extremel y inefficien t  a s tha t 

knowledg e domai n become s mor e comple x du e t o learning . 

The ART system considered herein is capable of a parallel memory sezu-ch that adap-

tivel y update s it s searc h orde r  t o maintai n efficienc y a s it s recognitio n cod e become s ar -

bitraril y  comple x du e t o learning .  Thi s self-adjustin g searc h mechanis m i s par t  o f  th e 

networ k desig n whereb y th e learnin g proces s self-stabilize s b y engagin g th e orientin g sub -

syste m (Sectio n 5) . 

None of these mechanisms is akin to the rules of a serial computer program. Instead, the 

circui t  architectur e a s a  whol e generate s a  self-adjustin g searc h orde r  an d self-stabilizatio n 

as emergen t  propertie s tha t  aris e throug h syste m interactions .  Onc e th e A R T architectur e 

i s i n place ,  a  littl e randomnes s i n th e initia l  value s o f  it s  memor y traces ,  rathe r  tha n 

a carefull y wire d searc h tree ,  enable s th e searc h t o carr y o n unti l  th e recognitio n cod e 
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self-stabilizes . 

C.  Direc t  Acces s t o Learne d Code s 

A hallmar k o f  h u m a n recognitio n performanc e i s th e remarkabl e rapidit y wit h whic h 

familia r  object s ca n b e recognized .  Th e existenc e o f  man y learne d recognitio n code s fo r 

alternativ e experience s doe s no t  necessaril y  interfer e wit h rapi d recognitio n o f  a n unam -

biguou s familia r  event .  Thi s typ e o f  rapi d recognitio n i s ver y difficul t  t o understan d usin g 

model s wherei n tree s o r  othe r  seria l  algorithm s nee d t o b e searche d fo r  longe r  an d longe r 

period s Sl S a  learne d recognitio n cod e become s large r  an d larger . 

I n a n A R T model ,  a s th e learne d cod e become s globall y self-consisten t  an d predictivel y 

accurate ,  th e searc h mechanis m i s automaticall y disengaged .  Subsequently ,  n o matte r  ho w 

larg e an d comple x th e learne d cod e m a y become ,  familia r  inpu t  pattern s directl y access , 

or  activate ,  thei r  learne d code ,  o r  category .  Unfamilia r  pattern s ca n als o directl y acces s 

a learne d categor y i f  the y shar e invarian t  propertie s wit h th e critica l  featur e patter n o f 

th e category .  I n thi s sense ,  th e critica l  featur e patter n act s a s a  prototyp e fo r  th e entir e 

category .  A s i n h u m a n patter n recognitio n experiments ,  a n inpu t  patter n tha t  matche s a 

learne d critica l  featur e patter n m a y b e bette r  recognize d tha n an y o f  th e inpu t  pattern s 

tha t  gav e ris e t o th e critica l  featur e patter n (Posner ,  1973 ;  Posne r  an d Keele ,  1968 ,  1970) . 

Unfamilia r  inpu t  pattern s whic h canno t  stabl y acces s a  learne d categor y engag e th e 

self-adjustin g searc h proces s i n orde r  t o discove r  a  networ k substrat e fo r  a  ne w recognitio n 

category .  Afte r  thi s ne w cod e i s learned ,  th e searc h proces s i s automaticall y disengage d 

and direc t  acces s ensues . 

D.  Env i ronmen t  a s a  Teacher :  Modulat io n o f  Attentiona l  Vigilanc e 

Althoug h a n A R T syste m self-organize s it s recognitio n code ,  th e environmen t  ca n 

als o modulat e th e learnin g proces s an d thereb y carr y ou t  a  teachin g role .  Thi s teachin g 

rol e allow s a  syste m wit h a  fixed  se t  o f  featur e detector s t o functio n successfull y i n a n 

environmen t  whic h impose s variabl e performanc e demands .  Differen t  environment s m a y 

demand eithe r  coars e discrimination s o r  fine  discrimination s t o b e mad e amon g th e sam e 

set  o f  objects .  A s Posne r  (1973 ,  pp.53-54)  ha s noted : 

"If subjects are taught a tight concept, they tend to be very careful about classi-

fyin g an y particula r  patter n a s a n instanc e o f  tha t  concept .  The y ten d t o rejec t  a 

relativel y smal l  distortio n o f  th e prototyp e a s a n instance ,  an d the y rarel y classif y 

a patter n a s a  member  o f  th e concep t  whe n i t  i s  not .  O n th e othe r  hand ,  subject s 

learnin g high-variabilit y  concept s ofte n falsel y classif y pattern s a s member s o f  th e 

concept ,  bu t  rarel y rejec t  a  member  o f  th e concep t  incorrectly. .  .Th e situatio n 
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largel y determine s whic h typ e o f  learnin g wil l  b e superior. " 

In an ART system, if an erroneous recognition is followed by negative reinforcement, 

the n th e syste m become s mor e vigilant .  Thi s chang e i n vigilanc e m a y b e interprete d a s 

a chang e i n th e system' s attentiona l  stat e whic h increase s it s sensitivit y t o mismatche s 

betwee n bottom-u p inpu t  pattern s an d activ e top-dow n critica l  featur e patterns .  A  vigi -

lanc e chang e alter s th e siz e o f  a  singl e paramete r  i n th e network .  Th e interaction s withi n 

th e networ k respon d t o thi s paramete r  chang e b y learnin g recognitio n code s tha t  mak e 

finer  distinctions .  I n othe r  words ,  i f  th e networ k erroneousl y group s togethe r  som e inpu t 

patterns ,  the n negativ e reinforcemen t  ca n hel p th e networ k t o lear n th e desire d distinctio n 

by makin g th e syste m mor e vigilant .  Th e syste m the n behave s a s i f  i t  hji s  a  bette r  se t  o f 

featur e detectors . 

T h e abilit y  o f  a  vigilanc e chang e t o alte r  th e covirs e o f  patter n recognitio n illustrate s a 

them e tha t  i s  c o m m o n t o a  variet y o f  neura l  processes :  a  one-dimensiona l  paramete r  chang e 

tha t  modulate s a  simpl e nonspecifi c  neura l  proces s ca n hav e comple x specifi c  effect s upo n 

high-dimensiona l  neura l  informatio n processing . 

3. BOTTOM-UP ADAPTIVE FILTERING AND CONTRAST-

E N H A N C E M E NT I N S H O R T T E R M M E M O RY 

T h e remainde r  o f  th e articl e intuitivel y summarize s ke y mode l  properties .  W e begi n 

by considerin g th e typica l  networ k reaction s t o a  singl e inpu t  patter n I  withi n a  tempora l 

strea m o f  inpu t  patterns .  Eac h inpu t  patter n m a y b e th e outpu t  patter n o f  a  preprocessin g 

stage .  Differen t  preprocessin g i s given ,  fo r  example ,  t o speec h signal s an d t o visua l  signal s 

befor e th e outcom e o f  suc h modality-specifi c  preprocessin g eve r  reache s th e attentiona l 

subsystem .  Th e preprocesse d inpu t  patter n I  i s  receive d a t  th e stag e F i  o f  a n attentiona l 

subsystem .  Patter n I  i s  transforme d int o a  patter n X  o f  activatio n acros s th e nodes ,  o r 

abstrac t  "featur e detectors" ,  o f  F i  (Figur e 3) .  Th e transforme d patter n X  represent s a 

patter n i n shor t  ter m memor y ( S T M ) .  I n F i  eac h nod e whos e activit y i s sufficientl y larg e 

generate s excitator y signal s alon g pathway s t o targe t  node s a t  th e nex t  processin g stag e 

F2.  A  patter n X  o f  S T M activitie s acros s F i  hereb y elicit s a  patter n S  o f  outpu t  signal s 

fro m Fi -  W h e n a  signa l  fro m a  nod e i n F i  i s  cwrie d alon g a  pathwa y t o F2 ,  th e signa l  i s 

multiplied ,  o r  gated ,  b y th e pathway' s lon g ter m memor y ( L T M )  trace .  Th e L T M gate d 

signa l  (i.e. ,  signa l  time s L T M trace) ,  no t  th e signa l  alone ,  reache s th e targe t  node .  Eac h 

targe t  nod e sum s u p al l  o f  it s  L T M gate d signals .  I n thi s way ,  patter n S  generate s a  patter n 

T o f  LTM-gate d an d s u m m e d inpu t  signal s t o F 2 (Figur e 4a) .  Th e transformatio n fro m S 

t o T  i s calle d a n adaptiv e filter. 
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S.  Stage s o f  bottom-u p activation :  Th e inpu t  patter n I  generate s a  patter n o f  S T M acti -
vatio n X  acros s Fj .  Sufficientl y activ e F i  node s emi t  bottom-u p signal s t o F2 .  Thi s signa l 
patter n S  i s gate d b y lon g ter m memor y (LTM )  trace s withi n th e F j  —•  F 2 pathways .  Th e 
L T M gate d signal s ar e summe d befor e activatin g thei r  targe t  node s i n F2 .  Thi s LTM-gate d 
and summe d signa l  patter n T  generate s a  patter n o f  activatio n Y  acros s F2 .  Th e node s 
i n F i  ar e denote d b y Ui ,  V2,... ,  v^ .  Th e node s i n F 2 ar e denote d b y ^m+I i  ̂ ^+2 ^  •  •  •  v^ . 
The inpu t  t o nod e u ,  i s  denote d b y /, .  Th e S T M activit y o f  nod e u ,  i s  denote d b y x, .  Th e 
L T M trac e o f  th e pathwa y fro m v ,  t o V j  i s  denote d b y 2,j . 
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Th e inpu t  patter n T  t o F 2 i s quickl y transforme d b y interaction s amon g th e node s 

of  F2 .  Thes e interaction s contrast-enhanc e th e inpu t  patter n T .  Th e resultin g patter n o f 

activatio n acros s F 2 i s a  ne w patter n Y .  Th e contrast-enhance d patter n Y ,  rathe r  tha n th e 

inpu t  patter n T ,  i s  store d i n S T M b y F2 . 

A specia l  cas e o f  thi s contrast-enhancemen t  proces s i s on e i n whic h F 2 choose s th e 

nod e whic h receive s th e larges t  input .  Th e chose n nod e i s th e onl y on e tha t  ca n stor e 

activit y i n S T M .  I n general ,  th e contras t  enhancin g transformatio n fro m T  t o Y  enable s 

mor e tha n on e nod e a t  a  tim e t o b e activ e i n S T M .  Suc h transformation s ar e designe d t o 

simultaneousl y represen t  i n S T M severa l  groupings ,  o r  chunks ,  o f  a n inpu t  patter n (Cohe n 

an d Grossberg ,  1986a ,  1986b ,  1986c ;  Grossberg ,  1978a ,  1986a) .  W h e n F 2 i s designe d t o 

make a  choic e i n S T M ,  i t  select s tha t  globa l  groupin g o f  th e inpu t  patter n whic h i s preferre d 

by th e adaptiv e filter.  Thi s proces s automaticall y enable s th e networ k t o partitio n al l  th e 

inpu t  pattern s whic h ar e receive d b y F i  int o disjoin t  set s o f  recognitio n categories ,  eac h 

correspondin g t o a  particula r  nod e (o r  "pointer, "  o r  "index" )  i n F2 . 

Al l  th e L T M trace s i n th e adaptiv e filter,  an d thu s al l  learne d pas t  experience s o f  th e 

network ,  ar e use d t o determin e th e recognitio n cod e Y  vi a th e transformatio n I  - ^  X  —* 

S —>•  T  —*̂  Y .  However ,  onl y thos e node s o f  F 2 whic h maintai n store d activit y i n th e 

S T M patter n Y  ca n elici t  ne w learnin g a t  contiguou s L T M traces .  Becaus e th e recognitio n 

cod e Y  i s a  mor e contrast-enhance d patter n tha n T ,  m a n y F 2 node s whic h receiv e positiv e 

input s { I  ̂  X  ^  S  ^ T )  m a y no t  stor e an y S T M activit y { T - ^  Y ) .  Th e L T M trace s i n 

pathway s leadin g t o thes e node s thu s influenc e th e recognitio n even t  bu t  ar e no t  altere d 

by th e recognitio n event .  Som e memorie s whic h influenc e th e focu s o f  attentio n ar e no t 

themselve s attended . 

4. TOP-DOWN TEMPLATE MATCHING 

A N D S T A B I L I Z A T I O N O F C O D E L E A R N I N G 

As soo n a s th e bottom-u p S T M transformatio n X  —*  Y  take s place ,  th e S T M activitie s 

Y i n F 2 elici t  a  top-dow n excitator y signa l  patter n U  bac k t o F j  (Figur e 4b) .  Onl y 

sufficientl y laurg e S T M activitie s i n Y  elici t  signal s i n U  alon g th e feedbac k pathway s F 2 —» 

Fi .  A s i n th e bottom-u p adaptiv e filter,  th e top-dow n signal s U  ar e als o gate d b y L T M 

trace s an d th e LTM-gate d signal s ar e s u m m e d a t  F i  nodes .  Th e patter n U  o f  outpu t 

signal s fro m F 2 hereb y generate s a  patter n V  o f  LTM-gate d an d s u m m e d inpu t  signal s 

t o F p Th e transformatio n fro m U  t o V  i s thu s als o a n adaptiv e filter.  Th e patter n V  i s 

calle d a  top-dow n template ,  o r  learne d expectation . 

T wo source s o f  inpu t  no w pertur b F p th e bottom-u p inpu t  patter n I  whic h gav e ris e 

t o th e origina l  activit y patter n X ,  an d th e top-dow n templat e patter n V  tha t  resulte d fro m 
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(d ) * 

4.  Searc h fo r  a  correc t  F 2 code :  (a )  Th e inpu t  patter n I  generate s th e specifi c  S T M activit y 
patter n X  a t  F i  a s i t  nonspecificall y activate s A .  Patter n X  bot h inhibit s A  an d generate s 
th e outpu t  signa l  patter n S .  Signa l  patter n S  i s transforme d int o th e inpu t  patter n T , 
whic h activate s th e S T M patter n Y  acros s F2 .  (b )  Patter n Y  generate s th e top-dow n 
signa l  patter n U  whic h i s transforme d int o th e templat e patter n V .  I f  V  mismatche s I 
at  Fi ,  the n a  ne w S T M activit y patter n X *  i s generate d a t  Fj .  Th e reductio n i n tota l 
S T M activit y whic h occur s whe n X  i s trauisforme d int o X *  cause s a  decreas e i n th e tota l 
inhibitio n fro m F i  t o A .  (c )  The n th e input-drive n activatio n o f  A  ca n releais e a  nonspecifi c 
arousa l  wav e t o F2 ,  whic h reset s th e S T M patter n Y  a t  F2 .  (d )  Afte r  Y  i s inhibited ,  it s 
top-dow n templat e i s eliminated ,  an d X  ca n b e reinstate d a t  Fi .  N o w X  onc e agai n 
generate s inpu t  patter n T  t o F2 ,  bu t  sinc e Y  remain s inhibite d T  ca n activat e a  differen t 
S T M patter n Y *  a t  F2 .  I f  th e top-dow n templat e du e t o Y *  als o mismatche s I  a t  Fi ,  the n 
th e rapi d searc h fo r  a n appropriat e F 2 cod e continues . 
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activatin g X .  T h e activit y patter n X *  acros s F i  tha t  i s  induce d b y I  an d V  take n togethe r 

i s typicall y differen t  fro m th e activit y patter n X  tha t  wa s previousl y induce d b y I  alone . 

I n particular ,  F ^  act s t o matc h V  agains t  I .  Th e resul t  o f  thi s matchin g proces s determine s 

th e futur e cours e o f  learnin g an d recognitio n b y th e network . 

Th e entir e activatio n sequenc e 

j^X-^S^T-^Y^U-^V^X* (1) 

takes place very quickly relative to the rate with which the LTM traces in either the bottom-

u p adaptiv e filter  5  —•  T  o r  th e top-dow n adaptiv e filter  U  —^  V  ca n change .  Eve n thoug h 

non e o f  th e L T M trace s change s durin g suc h a  shor t  time ,  thei r  prio r  learnin g strongl y 

influence s th e S T M pattern s Y  an d X *  tha t  evolv e withi n th e networ k b y determinin g th e 

transformation s S  - *  T  an d U  —>^V.  W e no w discus s ho w a  matc h o r  mismatc h o f  I  an d V 

at  F i  regulate s th e cours e o f  learnin g i n respons e t o th e patter n I ,  an d i n particula r  solve s 

th e stability-plasticit y dilemm a (Sectio n 2) . 

5. INTERACTIONS BETWEEN ATTENTIONAL AND ORIENTING 

S U B S Y S T E M S:  S T M R E S E T A N D S E A R C H 

I n Figur e 4a ,  a n inpu t  patter n I  generate s a n S T M activit y patter n X  acros s F p Th e 

inpu t  patter n I  als o excite s th e orientin g subsyste m A ,  bu t  patter n X  a t  F i  inhibit s A 

befor e i t  ca n generat e a n outpu t  signal .  Activit y patter n X  als o elicit s a n outpu t  patter n 

S which ,  vi a th e bottom-u p adaptiv e filter,  instate s a n S T M activit y patter n Y  acros s 

F2.  I n Figur e 4b ,  patter n Y  read s a  top-dow n templat e patter n V  int o Fi .  Templat e V 

mismatche s inpu t  I ,  thereb y significantl y inhibitin g S T M activit y acros s Fi .  Th e amoun t 

by whic h activit y i n X  i s attenuate d t o generat e X *  depend s upo n ho w m u c h o f  th e inpu t 

patter n I  i s  encode d withi n th e templat e patter n V . 

W h en a  mismatc h attenuate s S T M activit y acros s Fi ,  th e tota l  siz e o f  th e inhibitor y 

signa l  fro m F i  t o A  i s als o attenuated .  I f  th e attenuatio n i s sufficientl y great ,  inhibitio n 

fro m F i  t o A  ca n n o longe r  preven t  th e arousa l  sourc e A  fro m firing.  Figur e 4 c depict s 

h o w disinhibitio n o f  A  release s a n arousa l  burs t  t o F 2 whic h equally ,  o r  nonspecifically , 

excite s al l  th e F 2 cells .  Th e cel l  population s o f  F 2 reac t  t o suc h a n arousa l  signa l  i n 

a state-dependen t  fashion .  I n th e specia l  cas e tha t  F 2 choose s a  singl e populatio n fo r 

S T M storage ,  th e arousa l  burs t  selectivel y inhibits ,  o r  resets ,  th e activ e populatio n i n F2 . 

Thi s inhibitio n i s long-lasting .  On e physiologica l  desig n fo r  F 2 processin g whic h ha s thes e 

propertie s i s a  gate d dipo U field  (Grossberg ,  1980 ,  1984a) .  A  gate d dipol e field  consist s 

of  opponen t  processin g channel s whic h ar e gate d b y habituatin g chemica l  transmitters .  A 
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nonspecifi c  arousa l  burs t  induce s selectiv e an d endurin g inhibitio n o f  activ e population s 

withi n a  gate d dipol e field. 

I n Figur e 4c ,  inhibitio n o f  Y  lead s t o remova l  o f  th e top-dow n templat e V ,  an d thereb y 

terminate s th e mismatc h betwee n I  an d V .  Inpu t  patter n I  ca n thu s reinstat e th e origina l 

activit y patter n X  acros s Fi ,  whic h agai n generate s th e outpu t  patter n S  fro m F j  an d th e 

inpu t  patter n T  t o F2 .  Du e t o th e endurin g inhibitio n a t  F2 ,  th e inpu t  patter n T  ca n n o 

longe r  activat e th e origina l  patter n Y  a t  F2 .  A  ne w patter n Y *  i s thu s generate d a t  F 2 

by I  (Figur e 4d) .  Despit e th e fac t  tha t  som e F 2 node s m a y remai n inhibite d b y th e S T M 

rese t  property ,  th e ne w patter n Y *  m a y encod e larg e S T M activities .  Thi s i s becaus e leve l 

F2 i s designe d s o tha t  it s tota l  suprathreshol d activit y remain s approximatel y constant , 

or  normalized ,  despit e th e fac t  tha t  som e o f  it s  node s m a y remai n inhibite d b y th e S T M 

rese t  mechanism .  Thi s propert y i s relate d t o th e limite d capacit y o f  S T M .  A  physiologica l 

proces s capabl e o f  achievin g th e S T M normalizatio n propert y i s base d upo n on-cente r 

ofF-surroun d feedbac k interaction s amon g cell s obeyin g membran e equation s (Grossberg , 

1980 ,  1983) . 

Th e ne w activit y patter n Y *  reads-ou t  a  ne w top-dow n templat e patter n V* .  I f  a 

mismatc h agai n occur s a t  Fi ,  th e orientin g subsyste m i s agai n engaged ,  thereb y leadin g 

t o anothe r  arousal-mediate d rese t  o f  S T M a t  F2 .  I n thi s way ,  a  rapi d serie s o f  S T M 

matchin g an d rese t  event s ma y occur .  Suc h a n S T M matchin g an d rese t  serie s control s th e 

system' s searc h o f  L T M b y sequentiall y  engagin g th e novelty-sensitiv e orientin g subsystem . 

Althoug h S T M i s rese t  sequentiall y  i n tim e vi a thi s mismatch-mediated ,  self-terminatin g 

L T M searc h process ,  th e mechanism s whic h contro l  th e L T M searc h ar e al l  paralle l  networ k 

interactions ,  rathe r  tha n seria l  algorithms .  Suc h a  paralle l  searc h schem e continuousl y 

adjust s itsel f  t o th e system' s evolvin g L T M codes .  I n general ,  th e spatia l  configuratio n o f 

L T M code s depend s upo n bot h th e system' s initia l  configuratio n an d it s uniqu e learnin g 

history ,  an d henc e canno t  b e predicte d a  prior i  b y a  pre-wire d searc h algorithm .  Instead , 

th e mismatch-mediate d engagemen t  o f  th e orientin g subsyste m realize s th e typ e o f  self -

adjustin g searc h tha t  wa s describe d i n Sectio n 2B . 

Th e mismatch-mediate d searc h o f  L T M end s whe n a n S T M patter n acros s F 2 reads -

out  a  top-dow n templat e whic h matche s I ,  t o th e degre e o f  accurac y require d b y th e leve l 

of  attentiona l  vigilance ,  o r  whic h ha s no t  ye t  undergon e an y prio r  learning .  I n th e latte r 

case ,  a  ne w recognitio n categor y i s the n establishe d a s a  bottom-u p cod e an d top-dow n 

templat e sir e learned . 

6. ATTENTIONAL GAIN CONTROL AND ATTENTIONAL PRIMING 

Furthe r  propertie s o f  th e top-dow n templat e matchin g proces s cj m b e derive d b y con -

57 



C A R P E N T ER & :  G R O S S B E RG 

siderin g it s rol e i n th e regulatio n o f  attentiona l  priming .  Consider ,  fo r  example ,  a  situatio n 

i n whic h F 2 i s activate d b y a  leve l  othe r  tha n F i  befor e F j  ca n b e activate d b y a  bottom-u p 

inpu t  (Figur e 5a) .  I n suc h a  situation ,  F 2 ca n generat e a  top-dow n templat e V  t o F ^  Th e 

leve l  F i  i s  the n primed ,  o r  sensitized ,  t o receiv e a  bottom-u p inpu t  tha t  m a y o r  m a y no t 

matc h th e activ e expectancy .  A s depicte d i n Figur e 5a ,  leve l  F j  ca n b e prime d t o receiv e 

a bottom-u p inpu t  withou t  necessaril y  elicitin g suprathreshol d outpu t  signal s i n respons e 

t o th e primin g expectancy . 

On th e othe r  hand ,  a n inpu t  patter n I  mus t  b e abl e t o generat e a  suprathreshol d 

activit y patter n X  eve n i f  n o top-dow n expectanc y i s activ e acros s F j  (Figure s 4 a an d 

5b) .  H o w doe s F i  kno w tha t  i t  shoul d generat e a  suprathreshol d reactio n t o a  bottom-u p 

inpu t  patter n bu t  no t  t o a  top-dow n inpu t  pattern ? I n bot h cases ,  excitator y inpu t  signal s 

stimulat e F i  cells .  Som e auxiliar y mechanis m mus t  exis t  t o distinguis h betwee n bottom -

up an d top-dow n inputs .  Thi s auxiliar y mechanis m i s calle d attentiona l  gai n contro l  t o 

distinguis h i t  fro m attentiona l  primin g b y th e top-dow n templat e itsel f  (Figur e 5a) .  Whil e 

F2 i s active ,  th e attentiona l  primin g mechanis m deliver s excitator y specifi c  learne d templat e 

pattern s t o Fi -  Th e attentiona l  gai n contro l  mechanis m ha s a n inhibitor y nonspecifi c 

unlearne d effec t  o n th e sensitivit y wit h whic h F i  respond s t o th e templat e pattern ,  a s wel l 

as t o othe r  pattern s receive d b y F p Th e attentiona l  gai n contro l  proces s enable s F i  t o tel l 

th e differenc e betwee n bottom-u p an d top-dow n signals . 

7. MATCHING: THE 2/Z RULE 

A rul e fo r  patter n matchin g a t  Fi ,  calle d th e 2/ 3 Rule ,  follow s naturall y fro m th e 

distinctio n betwee n attentiona l  gai n contro l  an d attentiona l  priming .  I t  say s tha t  tw o 

out  o f  thre e signa l  source s mus t  activat e a n F i  nod e i n orde r  fo r  tha t  nod e t o generat e 

suprathreshol d outpu t  signals .  I n Figur e 5a ,  durin g top-dow n processing ,  o r  priming ,  th e 

node s o f  F i  receiv e input s fro m a t  mos t  on e o f  thei r  thre e possibl e inpu t  sources .  Henc e 

no cell s i n F i  ar e supraliminall y activate d b y th e top-dow n template .  I n Figur e 5b ,  during . 

bottom-u p processing ,  a  suprathreshol d nod e i n F i  i s  on e whic h receive s a  specifi c  inpu t 

fro m bot h th e inpu t  patter n I  an d a  nonspecifi c  excitator y signa l  fro m th e gai n contro l 

channel .  I n Figur e 5c ,  durin g th e matchin g o f  simultaneou s bottom-u p an d top-dow n 

patterns ,  th e nonspecifi c  gai n contro l  signa l  t o F i  i s  inhibite d b y th e top-dow n channel . 

Nodes o f  F i  whic h receiv e sufficientl y larg e input s fro m bot h th e bottom-u p an d th e top -

d o wn signa l  pattern s generat e suprathreshol d activities .  Node s whic h receiv e a  bottom-u p 

inpu t  o r  a  top-dow n input ,  bu t  no t  both ,  canno t  becom e suprathreshold :  mismatche d 

input s canno t  generat e suprathreshol d activities .  Attentiona l  gai n contro l  thu s lead s t o 

a matchin g proces s whereb y th e additio n o f  top-dow n excitator y input s t o F i  ca n lea d 
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5.  Matchin g b y th e 2/ 3 Rule :  (a )  A  top-dow n templat e fro m F 2 inhibit s th e attentiona l 
gai n contro l  sourc e a s i t  subliminall y prime s targe t  F j  cells ,  (b )  Onl y F i  cell s tha t  receiv e 
bottom-u p input s an d gai n contro l  signal s ca n becom e supraliminall y active ,  (c )  W h e n a 
bottom-u p inpu t  patter n an d a  top-dow n templat e ar e simultaneousl y active ,  onl y thos e 
Fi  cell s tha t  receiv e input s fro m bot h source s ca n becom e supraliminall y active ,  (d ) 
Intermodalit y inhibitio n ca n shu t  of f  th e F i  gai n contro l  sourc e an d thereb y preven t  a 
bottom-u p inpu t  fro m supraliminall y activatin g Fi .  Similiirly ,  disinhibitio n o f  th e F i  gai n 
contro l  sourc e b y a n "ac t  o f  will "  m a y enabl e a  top-dow n prim e t o becom e supraliminal . 
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t o a n overal l  decreas e i n Fi' s  S T M activit y (Figure s 4 a an d 4b) .  Figur e 5 d show s ho w 

competitiv e interaction s acros s modalitie s ca n preven t  F i  fro m generatin g a  supralimina l 

reactio n t o bottom-u p signal s whe n attentio n shift s fro m on e modalit y t o another . 

8. CONCLUDING REMARKS: SELF-STABILIZATION 

A N D U N I T I Z A T I O N W I T H I N A S S O C I A T I V E N E T W O R KS 

Th e qualitativ e propertie s discusse d herei n ar e elsewher e supplemente d b y a  complet e 

set  o f  mathematica l  theorem s an d man y compute r  simulation s (Carpente r  an d Grossberg , 

1986a ,  1986b ,  1986c) .  T w o mai n conclusion s o f  ou r  wor k ar e especiall y salient .  First , 

th e cod e learnin g proces s i s on e o f  progressiv e refinemen t  o f  distinctions .  Th e distinction s 

tha t  emerg e ar e th e resultan t  o f  al l  th e inpu t  pattern s whic h th e networ k eve r  experiences , 

rathe r  tha n o f  som e preassigne d features .  Second ,  th e matchin g proces s compare s whol e 

patterns ,  no t  jus t  separat e features .  I t  m a y happe n tha t  tw o differen t  inpu t  pattern s t o 

Fi  overla p a  templat e a t  th e sam e se t  o f  featur e detectors ,  ye t  th e networ k wil l  rese t  th e 

F2 nod e i n respons e t o on e inpu t  bu t  no t  th e other .  Th e degre e o f  mismatc h o f  templat e 

patter n an d inpu t  patter n a s a  whol e determine s whethe r  codin g o r  rese t  wil l  occur . 

Thu s th e learnin g o f  categorica l  invariant s resolve s tw o opposin g tendencies .  A s cat -

egorie s gro w larger ,  em d henc e cod e increasingl y globa l  invariants ,  th e template s whic h 

defin e the m becom e smaller ,  a s the y discove r  an d bas e th e cod e o n set s o f  critica l  featur e 

patterns ,  o r  prototypes ,  rathe r  tha n upo n familia r  patter n exemplars .  Thi s wor k show s 

ho w thes e tw o opposin g tendencie s ca n b e resolve d withi n a  self-organizin g system ,  leadin g 

t o dynami c equilibration ,  o r  self-stabilization ,  o f  recognitio n categorie s i n respons e t o a n 

arbitrar y lis t  o f  arbitraril y  m a n y binar y inpu t  patterns .  Thi s self-stabilizatio n propert y i s 

of  majo r  importanc e fo r  th e furthe r  developmen t  o f  associativ e network s an d th e analysi s 

of  cognitiv e recognitio n processes . 
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