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Abstrac t 

Recurrent attractor networks have many virtues which have 
prompte d thei r  us e i n a  wid e variet y o f  connectionis t  cognitiv e 
models .  On e o f  thes e virtue s i s th e abilit y  o f  thes e network s t o 
lea m articulate d attractor s — meaningfti l  basin s o f  attractio n 
arisin g fro m th e systemati c interactio n o f  explicitl y  traine d pat -
terns .  Suc h attractor s ca n improv e generalizatio n b y enforcin g 
"wel l  formedness "  constraint s o n representations ,  massagin g 
nois y an d il l  forme d pattern s o f  activit y int o clea n an d usefu l 
patterns .  Thi s pape r  investigate s method s fo r  learnin g artic -
ulate d attractor s a t  th e hidde n layer s o f  recurren t  backpropa -
gatio n networks .  I t  ha s previousl y bee n show n tha t  standar d 
connectionis t  learnin g technique s fai l  t o for m suc h structure d 
attractor s ove r  interna l  representations .  T o addres s thi s prob -
lem ,  thi s pape r  present s tw o unsupervise d learnin g rule s tha t 
giv e ris e t o componentia l  attracto r  structure s ove r  hidde n units . 
The performanc e o f  thes e learnin g method s o n a  simpl e struc -
ture d memor y tas k i s analyzed . 

I n t r o d u c t i o n 

Connectionis t  attracto r  network s hav e bee n use d t o mode l 
m a ny aspect s o f  cognitiv e performance ,  involvin g domain s 
as divers e a s wor d namin g (Plan t  an d McClelland ,  1993) , 
cognitiv e contro l  (Cohe n e t  al. ,  1996) ,  an d consciou s aware -
nes s (Mathi s an d Mozer ,  1995) .  Suc h network s hav e m a n y 
virtues .  Processin g elemen t  activit y evolve s ove r  tim e i n 
comple x way s i n suc h networks ,  allowin g the m t o captur e 
variou s aspect s o f  th e dynamic s o f  cognition .  Learne d re -
curren t  connectio n weight s ofte n len d themselve s t o interpre -
tatio n a s sof t  constraint s betwee n representationa l  elements , 
facilitatin g analysi s o f  suc h models .  O n e o f  th e mos t  interest -
in g advantage s o f  thes e networks ,  however ,  i s  th e manne r  i n 
whic h th e learnin g o f  attracto r  basin s ca n ai d generalizatio n 
of  performance . 

Attracto r  network s ca n lea m t o enforc e "wel l  formedness " 
constraint s o n representations ,  an d thi s proces s o f  "cleanin g 
u p "  pattern s o f  activit y ca n facilitat e generalizatio n (Mathi s 
an d Mozer ,  1995) .  Suc h enforcemen t  i s implemente d b y th e 
instantiatio n o f  a  distinc t  stabl e fixed-point  attracto r  fo r  ev -
er y possibl e wel l  forme d representation .  I t  i s  importan t  t o 
not e tha t  thi s potentiall y  combinatori c spac e o f  vali d attrac -
to r  basin s nee d no t  b e explicitl y  trained ,  bu t  m a y aris e i n 
th e interactio n betwee n traine d pattern s (Plau t  an d McClel -
land ,  1993) .  W h e n th e dynamic s o f  a  networ k include s suc h 
a compositiona l  spac e o f  meaningfu l  attractors ,  arisin g fro m 
th e interpla y o f  traine d patterns ,  w e refe r  t o th e networ k a s 
possessin g articulate d attractors . 

Previou s wor k ha s show n tha t  standar d connectionis t  learn -
in g technique s spontaneousl y giv e ris e t o suc h structure d at -

tractor s w h e n recurren t  connection s ar e presen t  a t  th e outpu t 
laye r  o f  th e network ,  bu t  they/a/ /  t o lear n suc h attractor s ove r 
unit s whic h d o no t  receiv e a  direc t  teachin g signa l  (Noell e 
and Cottrell ,  1996) .  I n othe r  words ,  network s wit h recurren t 
connection s onl y a t  a  hidde n laye r  canno t  lear n articulate d at -
tractor s fro m backpropagate d error .  Thi s mean s tha t  recurren t 
backpropagatio n network s canno t  lear n t o activel y maintai n a 
componentia l  representatio n withou t  havin g th e structur e o f 
tha t  representatio n explicitl y  specifie d b y a  teache r  o r  b y th e 
environment . 

Thi s resul t  pose s a  proble m fo r  cognitiv e model s whic h 
emplo y attracto r  network s a s a  for m o f  workin g memory , 
sinc e i t  show s tha t  suc h network s canno t  lear n interna l  repre -
sentation s fo r  a  tas k an d simultaneousl y lear n t o robustl y re -
m e m b er  thos e representation s ove r  time .  Eve n model s whic h 
involv e th e learnin g o f  attractor s a t  a n outpu t  laye r  m a y b e 
challenge d b y thi s result ,  a s th e outpu t  representatio n o f  suc h 
model s i s ofte n conceptualize d a s a  learne d interna l  represen -
tatio n i n a  large r  cognitiv e system .  Fo r  example ,  th e recur -
ren t  phonologica l  outpu t  laye r  o f  som e wor d namin g mod -
el s (Plau t  an d McClelland ,  1993 )  i s traine d wit h a n explicitl y 
structure d teachin g signal ,  despit e th e fac t  tha t  phonolog y i s 
though t  t o involv e a  learne d interna l  codin g scheme . 

Thi s pape r  discusse s som e preliminar y effort s t o discove r 
connectionis t  learnm g method s whic h wil l  giv e rise  t o articu -
late d attractor s ove r  learne d interna l  representations .  Specif -
ically ,  tw o unsupervise d learnin g rule s ar e presented ,  simu -
lated ,  an d analyzed . 

A Structured Memory Task 

To facilitat e analysis ,  w e focuse d o n a n extremel y simpl e 
task .  Eac h attracto r  networ k wa s t o lea m t o ac t  a s a  kin d 
of  workin g memory ,  maintainin g a  presente d patter n o f  acti -
vatio n indefinitely ,  give n onl y a  brie f  initia l  exposur e t o tha t 
pattern .  Furthermore ,  th e network s wer e t o discove r  regulari -
tie s i n th e corpu s o f  presente d patterns ,  identif y th e structur e 
of  wel l  forme d patterns ,  an d us e tha t  knowledg e t o "clea n 
up "  nois y patterns ,  thereb y enforcin g "wel l  formedness "  con -
straints .  Thi s tas k i s depicte d schematicall y i n Figur e 1 .  Not e 
tha t  th e inpu t  patter n i s m a d e availabl e t o th e networ k fo r  th e 
first  fe w tim e step s only ,  requirin g th e networ k t o bot h "clea n 
up "  an d remembe r  th e patter n ove r  time . 

Specifically ,  eac h networ k wa s briefl y presente d wit h a n 
encodin g o f  a  simpl e slot-fille r  structure .  T h e networ k wa s 
t o filter  ou t  an y nois e i n thi s representatio n an d continuousl y 
presen t  th e resultin g clea n patter n a t  th e network' s output , 
eve n afte r  th e inpu t  wa s removed .  Thus ,  th e networ k neede d 
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slo t  on e slo t  tw o 

Figur e 1 ;  T h e Slot-Fille r  Structure d M e m o r y Tas k 

t o lear n a  distinc t  stabl e attracto r  fo r  eac h vali d slot-fille r 
structure .  E a c h inpu t  patter n represente d a  structur e contain -
in g tw o slots ,  eac h holdin g exactl y o n e o f  five  distinc t  fillers. 
Th e content s o f  th e slot s w e r e considere d independent ,  wit h 
th e specifi c filler  i n on e slo t  i n n o w a y constrainin g th e filler 
fo r  th e other .  T h e fillers  fo r  eac h slo t  w e r e encode d ove r  a 
5 elemen t  binar y vector ,  resultin g i n a  1 0 elemen t  vecto r  fo r 
th e entir e structure .  E a c h o f  th e five fillers  w a s encode d a s 
a uniqu e pai r  o f  adjacen t  " o n "  elements. '  T h u s ,  wel l  fo rme d 
pattern s include d exactl y t w o o f  th e first five  element s " o n " 
an d exactl y t w o o f  th e las t  five  element s "on" .  W i t h five  pos -
sibilitie s fo r  eac h slot ,  ther e w e r e onl y 5 ^  =  2 5 "wel l  f o rmed " 
pattern s ou t  o f  th e 2^ °  =  1 0 2 4 possibl e binar y inpu t  vectors . 

Thes e simulatio n experiment s focuse d o n systemati c gen -
eralization .  T h e network s w e r e t o lear n a n attracto r  fo r  ev -
er y vali d slot-fille r  structure ,  give n trainin g o n onl y a  fractio n 
of  th e vali d patterns .  I n orde r  t o investigat e suc h general -
ization ,  eac h networ k w a s explicitl y  traine d o n s o m e subse t 
of  th e wel l  f o rme d inpu t  patterns .  O n c e trained ,  eac h net -
wor k w a s the n teste d o n al l  vali d slot-fille r  representations , 
an d th e n u m b e r  o f  attractor s correspondin g t o thes e vali d pat -
tern s w a s determined .  T h e d y n a m i c behavio r  o f  eac h traine d 
networ k w a s als o e x a m i n e d t o locat e an y spuriou s attractor s 
correspondin g t o il l  f o rme d patterns . 

I n orde r  t o generaliz e i n a  systemati c w a y ,  th e networ k 
neede d t o lear n t w o interrelate d propertie s o f  thes e inpu t  pat -
terns .  First ,  i t  neede d t o recogniz e tha t  th e pattern s consiste d 
of  tw o independen t  slots .  Second ,  th e networ k neede d t o 
identif y th e structur e o f  th e filler  patterns ,  constructin g at -
tractor s fo r  pattern s involvin g t w o adjacen t  activ e unit s bu t 
not  fo r  othe r  case s (e.g. ,  3  o f  th e 5  unit s i n a  grou p active) .  I t 
i s  importan t  t o not e tha t  a  localis t  cod e (i.e. ,  1  o f  5  unit s " o n " 
fo r  eac h filler)  w a s no t  use d here .  S u c h a  localis t  cod e w o u l d 
m a ke th e identificatio n o f  th e t w o independen t  slot s ver y dif -
ficult.  I f  suc h a  cod e wer e use d an d th e trainin g se t  o f  th e 
networ k lef t  ou t  bu t  a  singl e vali d patter n — a  singl e pai r  o f 
slo t  fillers  — th e networ k w o u l d discove r  tha t  th e t w o unit s 
fo r  tha t  pai r  we r e perfectl y anticorrelate d i n th e trainin g se t 
and wou l d hinde r  th e formatio n o f  a n attracto r  fo r  th e nove l 
patter n involvin g tha t  pai r  o f  fillers.  T h u s ,  fo r  a  networ k t o 
discove r  th e independenc e o f  th e t w o slot s b y  attendin g t o 
th e pairwis e statistic s o f  patter n elemen t  values ,  s o m e fo r m 
of  coars e codin g o f  fillers  w a s needed . 

Eve n wit h suc h coars e codin g o f  fillers,  a  trainin g se t  con -
sistin g o f  onl y a  f e w vali d pattern s display s ver y littl e inher -

'Eac h grou p o f  five  element s wa s conceptualize d a s formin g a 
close d loo p fo r  th e purpose s o f  determinin g adjacency . 

en t  structure .  A s trainin g set s ge t  larger ,  howeve r ,  th e un -
derlyin g slot-fille r  structur e o f  th e inpu t  pattern s b e c o m e s ev -
ident .  I n orde r  t o e x a m i n e thi s dependenc e o n trainin g se t 
size ,  network s wer e traine d wit h varyin g size d collection s o f 
wel l  f o rme d patterns .  E a c h trainin g se t  containe d a t  leas t  five 
patterns ,  a s thi s w a s th e m i n i m u m n u m b e r  neede d t o presen t 
eac h filler  patter n t o th e ne twor k a t  leas t  once .  T h e larges t 
trainin g se t  consiste d o f  al l  2 5 wel l  f o r m e d patterns .  T h e fre -
quenc y o f  eac h filler  valu e i n eac h trainin g se t  w a s balance d 
as m u c h a s w a s possibl e give n th e smal l  siz e o f  th e trainin g 
sets .  Dur in g training ,  zer o m e a n independen t  Gaussia n nois e 
wit h 0.02 5 varianc e w a s adde d t o eac h inpu t  element .  No is e 
w as resample d o n ever y t im e step ,  an d i t  persiste d eve n afte r 
th e inpu t  patter n w a s removed .  N e t w o r k outpu t  target s con -
siste d o f  th e "clean "  pattern s ove r  th e entir e cours e o f  ne twor k 
settling ,  a s s h o w n i n Figur e 1 .  A  settlin g perio d o f  1 0 t im e 
step s w a s use d durin g training ,  an d 1 0 0 t im e step s w e r e use d 
durin g testing .  I n ou r  initia l  simulations ,  th e inpu t  patter n w a s 
presente d fo r  onl y a  singl e t im e step . 

Problems With Internal Representations 

I t  ha s previousl y bee n show n tha t  networ k learnin g tech -
nique s base d o n th e backwar d propagatio n o f  error ,  suc h 
as backpropagatio n throug h tim e (BPTT )  (Rumelhar t  e t  al. , 
1986) ,  ca n lear n appropriat e articulate d attractor s fo r  thi s 
structure d m e m o r y task ,  bu t  onl y i f  a n externa l  teachin g sig -
nal  i s  provide d directl y t o th e processin g element s w h i c h ar e 
recurrentl y connecte d (Noell e an d Cottrell ,  1996) .  Conside r 
th e simulatio n result s plotte d o n th e lef t  sid e o f  Figur e 2 .  I n 
thi s graph ,  th e siz e o f  th e trainin g se t  i s displaye d alon g th e 
horizonta l  axis ,  an d th e resultin g n u m b e r  o f  vali d attractor s 
learne d i s specifie d vertically .  I f  a  give n ne twor k faile d t o 
generalize ,  onl y learnin g attractor s fo r  th e trainin g se t  pat -
terns ,  the n dat a shoul d fal l  alon g th e displaye d uni t  slop e ref -
erenc e line .  Bu t  thi s grap h display s substantia l  generaliza -
tion .  Trainin g set s consistin g o f  1 5 o r  m o r e o f  th e 2 5 vali d 
slot-fille r  pattern s resulte d i n network s w h i c h generalize d t o 
al l  2 5 o f  them .  T h e attracto r  networ k exhibitin g thi s g o o d 
generalizatio n per formanc e containe d recurren t  connection s 
be twee n th e unit s o f  it s outpu t  laye r  an d w a s traine d usin g 
B P T T.  Thi s m e a n s tha t  th e teachin g signa l  strictl y specifie d 
th e structur e o f  th e activatio n vector s ove r  w h i c h attractor s 
we r e t o form .  Thi s externa l  structurin g signa l  i s  no t  directl y 
availabl e t o recurren t  weights ,  however ,  w h e n onl y hidde n 
unit s ar e recurrentl y connected .  Thi s result s i n a  failur e t o 
generaliz e w h e n attractor s ar e require d t o f o r m ove r  a n inter -
nal  representatio n — ove r  th e hidde n laye r  o f  th e ne twor k — 
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as show n i n th e grap h o n th e righ t  sid e o f  Figur e 2 .  Withou t 
th e teachin g signa l  directl y enforcin g a  compositiona l  struc -
tur e o n th e recurrentl y connecte d laye r  o f  units ,  th e networ k 
ca n barel y construc t  stabl e attractor s fo r  th e trainin g patterns . 

Detaile d analyse s o f  thes e poorl y generalizin g network s 
suggeste d fou r  mai n reason s fo r  thei r  failures : 

(1 )  Localis t  Coding .  Th e networ k sometime s develope d 
hidde n laye r  representation s fo r  individua l  slo t  fillers  whic h 
wer e approximatel y localis t  i n nature .  Eve n thoug h th e input s 
and outpu t  target s wer e coars e coded ,  th e hidde n laye r  use d 
a singl e uni t  t o represen t  a  give n filler  value .  Thi s introduce d 
th e previousl y mentione d proble m o f  localis t  codin g t o th e 
recurren t  weights .  Th e recurren t  connection s woul d lear n t o 
inhibi t  novel ,  ye t  valid ,  slo t  valu e pairs . 

(2 )  Smal l  Weight s Hav e Larg e Effect s Ove r  Time .  I n typica l 
trainin g sets ,  eac h slo t  filler  i s  somewha t  anticorrelate d wit h 
al l  o f  th e fillers  fo r  th e othe r  slot ,  becaus e individua l  fillers 
appea r  relativel y rarely .  Thi s lead s t o smal l  amount s o f  inhi -
bitio n betwee n th e representation s fo r  fillers  i n opposit e slots . 
Thi s sligh t  inhibitio n typicall y pose s n o proble m fo r  th e main -
tenanc e o f  a  patter n ove r  th e cours e o f  th e 1 0 tim e step s tha t 
th e networ k i s allowe d t o setti e durin g training ,  bu t  extendin g 
th e settlin g time  beyon d 1 0 step s (a s i s don e durin g testing ) 
allow s th e networ k t o drift ,  slowl y losin g th e activatio n pat -
ter n tha t  i t  ha d maintained .  I n othe r  words ,  th e networ k doe s 
not  actuall y lear n stabl e attractor s fo r  patterns ,  but ,  instead , 
learn s t o drif t  awa y fro m wel l  forme d pattern s slowl y enoug h 
so a s t o no t  impac t  networ k erro r  noticeabl y durin g th e 1 0 
settlin g tim e step s o f  U-aining . 

(3 )  Th e Erro r  Gradien t  Disappear s Nea r  Solutions .  An -
othe r  reaso n tha t  thes e network s fai l  t o for m stabl e atU-actor s 
i s tha t  suc h attractor s typicall y requir e a  particula r  configu -
ratio n o f  larg e weigh t  values .  Startin g wit h smal l  rando m 
weights ,  th e connectio n strength s gro w toward s th e neede d 
values ,  bu t  networ k erro r  decrease s a s thos e weight s ar e ap -
proached ,  causin g th e weight s t o chang e les s an d less .  Thus , 
th e networ k remain s i n a  regio n o f  weigh t  spac e correspond -
in g t o th e "slo w drift "  strategy ,  neve r  quit e arrivin g a t  th e 
magnitud e o f  weight s require d fo r  stabl e attractors . 

(4 )  Polarization .  Th e first  behavio r  tha t  thes e network s ac -
quir e i s th e reproductio n o f  th e inpu t  patter n acros s th e out -
put  unit s durin g th e initia l  time  perio d whe n th e inpu t  i s stil l 

directl y available .  Thi s occur s withou t  m u c h us e o f  th e recur -
ren t  weights .  Th e hidde n laye r  representatio n tha t  form s earl y 
i n trainin g tend s t o b e distribute d an d graded .  Th e grade d na -
tur e o f  thi s representatio n make s i t  har d t o for m th e neede d 
attractors .  I t  i s  m u c h easie r  t o lear n stabl e fixed-point  attrac -
tor s involvin g extrem e activatio n value s rathe r  tha n involvin g 
activit y level s i n th e linea r  rang e o f  th e uni t  activatio n func -
tion  (Noell e e t  al. ,  1997) . 

We sough t  t o modif y th e learnin g procedure s o f  ou r  net -
work s s o a s t o alleviat e thes e problems ,  an d w e foun d tw o 
ver y distinc t  an d somewha t  successfu l  mechanism s fo r  learn -
in g articulate d attractor s ove r  interna l  representations . 

Asymmetric Hebbian Learning 

Our  approac h involve s learnin g th e recurren t  connectio n 
weight s usin g a n unsupervise d learnin g method .  Th e ide a 
i s t o restric t  th e patter n o f  connectivit y a t  th e hidde n laye r 
so a s t o promot e th e formatio n o f  attractors ,  an d the n lear n 
th e recurren t  weight s i n a  manne r  whic h i s independen t  o f 
th e teachin g signa l  bein g provide d a t  th e outpu t  o f  th e net -
work .  A  sketc h o f  th e networ k architectur e use d appear s i n 
Figur e 3 .  Notic e tha t  th e hidde n laye r  i n thi s architectur e con -
taine d 2 0 units ,  an d a  ne w laye r  o f  2 0 "intemeurons "  wa s 
added .  I n th e networ k diagram ,  th e thi n soli d arrow s rep -
resen t  spars e rando m connectivit y betwee n th e layers ,  wit h 
connectio n weight s boun d t o b e non-negative .  Th e dashe d 
line s specif y one-to-on e pattern s o f  connectivity ,  wit h eac h 
hidde n uni t  possessin g a  non-negativ e connectio n t o itsel f 
and a  fixed  positiv e connectio n t o it s "partner "  uni t  i n th e in -
temeuron s layer .  Th e bol d lin e fi"o m th e intemeuron s laye r  t o 
th e hidde n laye r  represent s nearl y complet e interconnectivity , 
wit h weight s boun d t o b e non-positive .  Eac h intemeuro n pro -
jecte d t o al l  hidde n unit s excep t  fo r  it s hidde n laye r  "partner" . 
Thus ,  th e architectur e provide d eac h hidde n uni t  wit h a  posi -
tive  sel f  connectio n t o maintai n it' s o w n activit y an d a  partne r 
intemeuro n t o inhibi t  othe r  hidde n units . 

Th e feedforwar d connections ,  fro m inpu t  t o hidde n an d 
hidde n t o output ,  wer e traine d usin g Ui e standar d B P T T al -
gorithm .  Th e sel f  connection s o n eac h hidde n uni t  wer e als o 
learne d usin g th e backpropagate d erto r  signal ,  a s wer e th e 
uni t  biases .  Th e one-to-on e connection s betwee n th e hid -
de n unit s an d th e intemeuron s ha d fixed  weights ,  forcin g 
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Figur e 3 :  Networ k Architectur e &  Result s fo r  Asymmetri c Hebbia n Learnin g Techniqu e Alon g Wit h B P T T Contro l 

th e partne r  interneuro n t o c o m e o n wheneve r  it s hidde n uni t 
became active .  Th e inhibitor y connection s projectin g fro m 
th e intemeuron s use d th e followin g ne w asymmetri c Hebbia n 
learnin g procedure : 

•  If the interneuron is in the upper half of its activation range, 
and th e hidde n uni t  i t  project s t o i s als o highl y active ,  the n 
decreas e th e magnitud e o f  th e connectin g weigh t  b y a  larg e 
amount ,  proportiona l  t o th e produc t  o f  thei r  activities . 

• If the interneuron is highly active, and the hidden unit it 
project s t o i s not ,  the n lowe r  th e connectin g weigh t  valu e 
slightly ,  proportiona l  t o th e produc t  o f  th e interneuro n ac -
tivit y an d on e minu s th e hidde n uni t  activity . 

This learning rule tends to zero out weights associated with 
pair s o f  hidde n unit s tha t  hav e bee n activ e together ,  whil e al -
lowin g hidde n unit s tha t  ar e neve r  co-activ e t o acquir e nega -
tiv e connection s betwee n them ,  mediate d b y a n interneuron . 

Thi s networ k architectur e an d learnin g techniqu e avoid s 
th e proble m o f  localis t  code s a t  th e hidde n laye r  (proble m 
1,  above )  b y usin g spars e rando m pattern s o f  connectivit y be -
twee n th e inpu t  an d hidde n layer s an d betwee n th e hidde n 
and outpu t  layers .  Eac h uni t  i n thes e layer s receive d inpu t 
fi-om  onl y five  randoml y selecte d unit s fro m th e precedin g 
laye r  Sinc e th e input s an d target s wer e coars e coded ,  thi s pat -
ter n o f  connectivit y encourage d th e appearanc e o f  a  simila r 
coars e cod e a t  th e hidde n laye r  B y pushin g weight s strongl y 
toward s zer o i f  a  co-occurrenc e o f  activit y i s detected ,  thi s 
scheme als o avoid s th e proble m o f  smal l  inhibitor y weight s 
(proble m 2 ,  above) .  Th e proble m o f  th e disappearin g gradien t 
(proble m 3 ,  above )  i s alleviate d b y usin g a  Hebbia n schem e 
whic h i s insensitiv e t o th e backpropagate d erro r  Lastly ,  th e 
proble m o f  developin g polarize d hidde n laye r  representation s 
(proble m 4 ,  above )  i s handle d b y initializin g th e hidde n uni t 
sel f  weight s t o larg e values ,  encouragin g th e networ k t o mak e 
use o f  th e extrem e hidde n uni t  activation s whic h naturall y 
aris e from  suc h positiv e feedback . 

Simulation s o f  thi s learnin g mechanis m wer e conducte d 
wit h th e sel f  connectio n weight s initialize d t o value s uni -
forml y sample d fro m [5.5,6.5] ,  feedforwar d weight s sam -
ple d fro m [0.0,0.2] ,  th e weight s leadin g t o th e interneuron s 
fixed  a t  6 ,  an d th e weight s fro m th e interneuron s initialize d t o 

zero .  Th e uni t  biase s wer e initialize d t o value s sample d fro m 
[-2.5 ,  -3.5 ]  an d wer e boun d t o b e non-positive .  Th e bia s 
value s o n th e interneurons ,  however ,  wer e fixed  a t  — 3 .  Al l 
weight s traine d usin g B P T T ,  includin g th e bia s weights ,  use d 
a learnin g rat e o f  O. L Th e weight s traine d usin g th e asymmet -
ri c Hebbia n rul e use d a  learnin g rat e o f  0.00 2 w h e n raisin g 
weigh t  value s toward s zer o an d a  rat e o f  0.000 1 w h e n mak -
in g weight s mor e negative .  A  weigh t  deca y regularization ,  re -
ducin g eac h weigh t  magnitud e b y 0 .001 % o n eac h weigh t  up -
date ,  kep t  th e Hebbia n weight s fro m growin g withou t  bound . 
Al l  processin g element s use d th e logisti c activatio n function , 
boundin g outpu t  activit y betwee n 0  an d 1 . 

Th e result s o f  thes e simulation s ar e show n i n th e middl e 
of  Figur e 3 .  Notic e tha t  th e networ k successfull y general -
ize d t o al l  2 5 pattern s fo r  trainin g set s o f  siz e 1 5 an d larger . 
A n analysi s o f  th e dynamic s o f  thes e network s reveale d mor e 
tha n thes e 2 5 stabl e fixed-point  attractors ,  however .  A  to -
ta l  o f  9 6 attractor s appeare d fo r  il l  forme d inpu t  vectors ,  a s 
well .  Thes e spuriou s attractor s ha d a n interestin g structure , 
however .  The y al l  consiste d o f  case s i n whic h a  grou p o f 
five  unit s encodin g a  slo t  ha d eithe r  on e elemen t  activ e o r 
no element s active .  I n othe r  words ,  th e networ k successfull y 
learne d tha t  th e tw o slot s wer e independent ,  bu t  c a m e t o trea t 
bot h "n o unit s on "  an d "on e uni t  on "  a s vali d filler  values .  I n 
essence ,  th e traine d networ k treate d th e tw o adjacen t  activ e 
element s i n ever y vali d slo t  filler  a s independentl y modifi -
abl e features .  Thi s make s sens e considerin g tha t  th e recurren t 
connection s i n thi s networ k coul d onl y encod e independenc e 
(zer o weight )  o r  anticorrelatio n (negativ e weight) . 

O ne migh t  wonde r  h o w m u c h o f  th e succes s o f  thi s net -
wor k wa s drive n b y th e asymmetri c Hebbia n learnin g algo -
rith m an d h o w m u c h relie d o n th e restricte d architectur e an d 
weigh t  initializations .  T o investigat e this ,  network s whic h 
wer e identica l  i n architectur e an d initia l  weigh t  configuratio n 
wer e traine d usin g B P T T .  Th e weight s fro m th e hidde n laye r 
t o th e interneuron s remaine d fixed,  bu t  th e connection s pro -
jectin g fro m th e interneuron s wer e traine d use d a  backpropa -
gate d erro r  signal .  Th e result s o f  thes e simulation s ar e show n 
i n Figur e 3 ,  o n th e right .  Whil e thi s diagra m appear s t o dis -
pla y goo d generalizatio n fo r  th e large r  trainin g se t  sizes ,  i t 
hide s a  multitud e o f  sins .  Ever y trainin g se t  whic h resulte d 
i n attractor s fo r  al l  2 5 wel l  forme d pattern s als o resulte d i n a 
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stabl e attracto r  forwi v o f  th e 102 4 possibl e binar y vectors .  I t 
appear s a s i f  th e networ k architectur e an d weigh t  initializa -
tio n schem e provide d th e mean s fo r  retainin g pattern s ove r 
time ,  bu t  th e asymmetri c Hebbia n learnin g rul e provide d th e 
means fo r  discernin g wel l  forme d patterns . 

Whil e thi s learnin g metho d generalize s m u c h mor e ef -
fectivel y tha n an y investigate d metho d involvin g backprop -
agatc d error ,  i t  stil l  ha s a  numbe r  o f  problems .  I n a n effor t 
t o avoi d smal l  negativ e weights ,  th e learnin g rul e ignore s les s 
tha n perfec t  correlation s betwee n uni t  activatio n levels .  Thi s 
force s th e networ k t o trea t  th e component s o f  coars e code d 
filler  value s a s independen t  (zer o weigh t  betwee n them )  whe n 
the y ar e not .  O n e migh t  imagin e augmentin g thes e network s 
wit h separat e recurren t  weight s whic h ar e boun d t o b e non -
negative ,  hopin g tha t  thes e weight s woul d captur e th e posi -
tiv e correlation s betwee n th e component s o f  filler  represen -
tations .  Unfortunately ,  th e inclusio n o f  suc h weight s reintro -
duce s th e proble m pose d b y smal l  negativ e weight s — suc h 
positiv e weight s interfer e wit h th e formatio n o f  stabl e attrac -
tors .  A s settlin g tim e increases ,  suc h weight s ten d t o resul t 
i n virtuall y al l  o f  th e hidde n unit s becomin g active .  Anothe r 
weaknes s o f  thi s asymmetri c Hebbia n learnin g strateg y i s tha t 
i t  require s th e formatio n o f  a n appropriat e coars e cod e a t  th e 
hidde n layer .  Th e feedforwar d connections  mus t  b e tightl y re -
stricte d i n orde r  t o ensur e tha t  th e element s o f  th e inpu t  filler 
representatio n remai n separate d i n th e hidde n laye r  represen -
tation .  Thus ,  whil e thi s learnin g metho d allow s articulate d 
attractor s t o for m ove r  interna l  representations ,  i t  onl y work s 
fo r  a  restricte d clas s o f  suc h representations . 

Competitive Inhibition Learning 

In hop)es of overcoming the need for tight restrictions on the 
feedforwar d weights ,  ou r  attentio n shifte d towar d finding a 
metho d fo r  learnin g th e recurren t  weight s whic h coul d effec -
tivel y handl e localis t  encoding s o f  filler  values .  A s previousl y 
discussed ,  learnin g t o dissociat e th e tw o slot s i s impossibl e 
wit h a  localis t  cod e i f  pairwis e correlation s i n uni t  activit y 
ar e use d t o mak e th e dissociation .  A  trainin g se t  communi -
cate s mor e informatio n tha n jus t  pairwis e statistics ,  however . 
I f  a n inpu t  unit ,  A ,  ha s bee n see n co-activ e wit h anothe r  in -
put  element ,  B ,  then ,  unde r  a  localis t  codin g scheme ,  thes e 
tw o element s mus t  cod e fo r  filler  value s i n separat e slots .  I f  a 
thir d inpu t  element ,  C ,  i s neve r  see n co-activ e wit h eithe r  A 
or  B ,  standar d learnin g mechanism s woul d c o m e t o buil d in -
hibitio n betwee n C  an d th e othe r  tw o elements .  Bu t  w e know , 
give n a  localis t  code ,  tha t  C  onl y participate s i n on e slot ,  s o i t 
shoul d onl y inhibi t  eithe r  A  o r  B ,  bu t  no t  both .  Thus ,  b y at -
tendin g t o thes e ternar y relationships ,  w e ca n star t  t o identif y 
alternativ e fillers  fo r  a  singl e slo t  a s oppose d t o nove l  pair s o f 
fillers  acros s slots . 

For  thi s n e w learnin g approac h w e use d th e sam e net -
wor k architectur e a s before ,  wit h on e exception .  Sinc e lo -
calis t  encoding s o f  filler  value s wer e actuall y desire d a t  th e 
hidde n laye r  i n thi s case ,  spars e rando m connectivit y i n th e 
feedforwar d connection s wa s no t  needed .  Instead ,  eac h uni t 
i n th e inpu t  laye r  wa s connecte d t o ever y hidde n unit ,  an d 
eac h hidde n uni t  wa s connecte d t o ever y output .  Onc e again , 
th e feedforwar d weight s wer e boun d t o b e non-negativ e an d 
wer e traine d usin g standar d B P T T .  A s before ,  th e one-to-on e 
weight s projectin g t o th e interneuron s wer e o f  fixed  positiv e 

values .  Th e inhibitor y weight s projectin g fro m th e interneu -
ron s wer e modifie d accordin g t o a  competitiv e learnin g rule : 

• If a hidden unit is in the upper half of its activation range, 
and a n interneuro n projectin g t o i t  i s  als o highl y active , 
the n decreas e th e magnitud e o f  th e connectin g weigh t  b y a 
larg e amount ,  proportiona l  t o th e produc t  o f  thei r  activities . 

• If a hidden unit is in the lower half of its activation range, 
find  al l  highl y activ e interneuron s projectin g t o i t  an d iden -
tif y th e interneuro n whic h inhibit s thi s hidde n uni t  mos t 
strongly .  Thi s interneuro n i s th e winne r  o f  th e compe -
tition .  It s weigh t  i s mad e mor e negativ e b y a  moderat e 
amount ,  proportiona l  t o th e produc t  o f  th e activit y level s o f 
th e tw o units .  Activ e interneuron s whic h los e thi s compe -
titio n hav e th e magnitud e o f  thei r  weight s decrease d b y a 
larg e amount ,  proportiona l  t o th e produc t  o f  activations . 

•  If a hidden unit is inactive, but no interneurons are strongly 
inhibitin g it ,  i t  need s t o joi n a  ne w grou p o f  mutuall y in -
hibitin g units .  Thi s i s don e b y identifyin g th e stronges t 
weigh t  t o thi s hidde n uni t  fro m th e interneurons ,  an d 
raisin g thi s weigh t  toward s zer o whil e makin g al l  othe r 
weight s slightl y mor e negative . 

The first part of this rule makes sure that only one hidden 
uni t  i s  activ e i n an y grou p o f  mutuall y inhibitor y units .  Th e 
secon d par t  furthe r  separate s th e slot s b y ensurin g tha t  a  uni t 
i s  neve r  inhibite d b y unit s belongin g t o differen t  slots .  Th e 
thir d par t  keep s th e networ k fro m creatin g to o man y separat e 
group s o f  mutuall y inhibitor y unit s b y insistin g tha t  a t  leas t 
on e uni t  b e activ e i n eac h group . 

We foun d tha t  standar d B P T T trainin g di d no t  produc e suf -
ficiently  stron g positiv e sel f  connections ,  s o a  differen t  learn -
in g algorith m wa s use d o n th e sel f  weights .  Wheneve r  a  hid -
de n uni t  wa s i n th e uppe r  hal f  o f  it s  activatio n rang e an d ex -
perience d a  negativ e chang e i n activit y level ,  i t  effectivel y 
receive d a n erro r  signa l  drivin g th e uni t  toward s it s max imu m 
activatio n level ,  resultin g i n a n increas e i n th e sel f  weight . 

Simulation s involvin g thi s learnin g mechanis m initialize d 
hidde n uni t  sel f  weight s t o value s uniforml y sample d fro m 
[3.5,4.5 ]  an d feedforwar d weight s sample d fro m [0.0,0.2] . 
The weight s leadin g t o th e interneuron s wer e fixed  a t  8 ,  an d 
th e weight s fro m th e interneuron s wer e initialize d t o zero .  Al l 
uni t  biase s wer e initialize d t o - 2 ,  thoug h thes e biase s wer e 
adapte d vi a B P T T i n al l  unit s excep t  th e interneurons .  Al l 
weigh t  value s traine d usin g B P T T use d a  learnin g rat e o f  0.1 . 
Th e hidde n uni t  sel f  connections  use d a  learnin g rat e o f  0.01 . 
Th e competitiv e inhibitio n rul e essentiall y  se t  weight s medi -
atin g betwee n co-activ e hidde n unit s t o zero ,  use d a  learnin g 
rat e o f  0.0 1 fo r  "winning "  interneuron s an d a  rat e o f  0. 1 t o 
reduc e th e magnitud e o f  weight s fro m "losing "  units .  Whe n 
an inactiv e hidde n uni t  faile d t o b e inhibite d b y an y interneu -
ron ,  it s  stronges t  weigh t  wa s raise d wit h a  learnin g rat e o f  0. 1 
whil e othe r  weight s wer e m a d e mor e negativ e wit h a  learnin g 
rat e o f  0.001 .  Th e weight s projectin g fro m th e interneuron s 
wer e boun d t o b e n o lowe r  tha n - 4 .  Lastly ,  t o promot e th e 
use o f  a  localis t  cod e a t  th e hidde n layer ,  th e feedforwar d 
weight s wer e subjecte d t o th e "weigh t  elimination "  proce -
dur e (Weigan d e t  al. ,  1991 )  wit h a  deca y rat e o f  0.001 . 

Sinc e thi s learnin g metho d wa s expecte d t o thriv e o n lo -
calis t  encodings ,  th e simple r  localis t  encodin g o f  slo t  fillers 
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Figur e 4 :  Result s fo r  Competitiv e Inhibitio n Learnin g 

was use d i n th e input s an d target s fo r  thes e simulations .  Eac h 
filler  wa s encode d a s on e uni t  activ e ou t  o f  th e grou p o f  five. 
Also ,  th e inpu t  patter n wa s presente d fo r  4  initia l  tim e step s 
i n thes e simulation s rathe r  tha n one .  Thi s aide d th e learnin g 
of  stron g sel f  weight s a t  th e hidde n layer . 

The result s  o f  thes e simulation s ar e show n i n Figur e 4 .  N o -
tic e tha t  th e network s generalize d perfectl y  fo r  trainin g set s o f 
siz e 1 6 an d greater .  A s before ,  th e network s overgeneralized , 
producin g attractor s fo r  1 1 il l  forme d patterns .  Onc e again , 
thes e spuriou s attractor s ha d a n interestin g structure ,  alway s 
involvin g a  slo t  wit h n o unit s active .  Th e network s wer e abl e 
t o identif y th e tw o independen t  slots ,  bu t  cam e t o trea t  "n o 
unit s on "  a s a  vali d filler  value . 

Whil e thi s learnin g metho d overcam e th e requiremen t  fo r 
a coars e codin g o f  slo t  fillers  i n th e hidde n layer ,  i t  intro -
duce d it s ow n constraint s o n th e interna l  representatio n i n use . 
Specifically ,  th e hidde n laye r  representatio n o f  a  slo t  filler  ha d 
t o b e localis t  i n nature .  I f  ther e wer e multipl e hidde n unit s en -
codin g a  particula r  filler,  onl y on e o f  thes e unit s woul d b e re -
cruite d t o participat e i n th e mutua l  inhibitio n betwee n fillers 
fo r  thi s slot .  Th e unrecruite d unit s woul d eithe r  com e t o par -
ticipat e i n othe r  group s o f  mutuall y inhibitin g units ,  makin g 
generahzatio n t o nove l  combination s o f  slo t  fillers  les s likely , 
or  the y woul d "stan d o n thei r  own" ,  potentiall y  encouragin g 
overgeneralization . 

Conclusions 

We hav e presente d tw o ne w method s fo r  th e learnin g o f  ar -
ticulate d attractor s ove r  interna l  representations .  Thes e tech -
nique s gai n thei r  strengt h i n larg e par t  fro m th e us e o f  a  re -
stricte d networ k architecture .  Thes e learnin g method s als o 
benefi t  fro m bein g unsupervise d — fro m basin g weigh t  up -
date s o n a n inheren t  inductiv e bia s rathe r  tha n o n a  backprop -
agate d erro r  signal .  Suc h a  bia s appear s necessar y fo r  th e 
formatio n o f  tru e stabl e attractor s a t  hidde n layers . 

Thes e tw o learnin g rule s d o no t  completel y resolv e th e 
proble m o f  hidde n laye r  articulate d attractors .  Bot h meth -
ods ar e onl y successfu l  whe n th e networ k i s constraine d t o 
develo p certai n kind s o f  interna l  representations .  Th e asym -
metri c Hebbia n learnin g metho d require s a  coars e codin g o f 
fillers  a t  th e hidde n layer ,  whil e th e competitiv e inhibitio n 
metho d work s bes t  wit h a  localis t  code .  Futur e wor k wil l  fo -
cus o n modifyin g thes e learnin g rule s s o a s t o allo w fo r  mor e 

genera l  distribute d representation s a t  th e hidde n layer . 
I l  migh t  b e th e case ,  however ,  tha t  activ e maintenanc e o f  a 

patter n o f  activatio n require s som e restricte d codin g scheme . 
Indeed ,  som e researcher s hav e argue d tha t  th e workin g m e m-
or y function s o f  dorsolatera l  prefronta l  corte x requir e rep -
resentation s involvin g isolate d component s (Cohe n e t  al. , 
1996) .  Perhap s th e ke y t o learnin g articulate d attractor s a t  a 
hidde n layer ,  then ,  i s learnin g a n interna l  representatio n wit h 
an appropriat e componentia l  structure . 
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