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I n Searc h O f  Articulate d Attractor s 
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Computer  Scienc e &  Engineerin g 011 4 

Universit y  o f  California ,  Sa n Dieg o 
UJoIla,C A 92093-011 4 

{dnoelle,gary}@cs.ucsd.ed u 

Abstrac t 

Recurrent attractor networks offer many advantages over feed-
forwar d network s fo r  th e modelin g o f  psychologica l  phenom -
ena.  Thei r  dynami c natur e allow s the m t o captur e th e tim e 
cours e o f  cognitiv e processing ,  an d thei r  learne d weight s ma y 
ofte n b e easil y interprete d a s sof t  constraint s betwee n repre -
sentationa l  components .  Perhap s th e mos t  significan t  featur e 
of  suc h networks ,  however ,  i s thei r  abiUt y t o facilitat e gener -
alizatio n b y enforcin g "wel l  formedness "  constraint s o n inter -
mediat e an d outpu t  representations .  Attracto r  network s whic h 
lear n th e systemati c regularitie s o f  wel l  forme d representation s 
by exposur e t o a  smal l  numbe r  o f  example s ar e sai d t o posses s 
articulate d attractors .  Thi s pape r  investigate s th e condition s 
unde r  whic h articulate d attractor s aris e i n recurren t  network s 
traine d usin g variant s o f  backpropagation .  Th e result s o f  com -
putationa l  experiment s demonstrat e tha t  suc h structure d attrac -
tor s ca n spontaneousl y appea r  i n a n emergenc e o f  systematic -
ity ,  i f  a n appropriat e erro r  signa l  i s  presente d directl y t o th e 
recurren t  processin g elements .  W e show ,  however ,  tha t  dis -
ta l  erro r  signals ,  backpropagate d throug h intervenin g weights , 
pos e seriou s problem s fo r  network s o f  thi s kind .  W e presen t 
simulatio n results ,  discus s th e reason s fo r  thi s difficulty ,  an d 
sugges t  som e direction s fo r  futur e attempt s t o surmoun t  it . 

Introduction 

Recurren t  attracto r  network s hav e bee n studie d b y cognitiv e 
modeler s sinc e th e onse t  o f  th e recen t  connectionis t  renais -
sance .  Th e hallmar k o f  thes e network s i s th e comple x evolu -
tio n o f  thei r  processin g elemen t  activit y ove r  time .  Thoug h 
dynami c b y nature ,  thes e network s hav e bee n applie d t o m a n y 
associationa l  mappin g task s whic h posses s n o inheren t  tempo -
ra l  component .  I n domain s a s divers e a s content-addressabl e 
memory (Hopfield ,  1982) ,  schem a formatio n (Rumelhar t  e t 
al. ,  1986b) ,  an d wor d namin g (Plau t  &  McClelland ,  1993) , 
recurren t  network s whic h settl e ove r  tim e t o som e stabl e ac -
tivatio n stat e hav e displaye d som e noteworth y advantage s 
ove r  feed-forwar d models .  Th e attracto r  network s directl y 
exhibi t  time-varyin g processing ,  allowin g the m t o captur e th e 
dynamic s o f  cognitio n i n a  manne r  whic h m a y b e validate d 
agains t  c o m m o n psychologica l  measures ,  suc h a s reactio n 
times .  Also ,  learne d connectio n weight s i n suc h recurren t 
network s ofte n len d themselve s t o interpretatio n a s sof t  con -
straint s betwee n representationa l  units ,  facilitatin g analysis . 
Perhap s th e mos t  interestin g potentia l  advantag e o f  suc h net -
works ,  however ,  i s  th e manne r  i n whic h attracto r  basi n for -
matio n m a y ai d i n generalizatio n t o nove l  inputs . 

Attracto r  network s ca n encourag e generalizatio n b y en -
forcin g "wel l  formedness "  constraint s o n th e intermediat e 

an d outpu t  representation s produce d b y a n otherwis e feed -
forwar d proces s (Mathi s &  Mozer ,  1995) .  Suc h constraint s 
ar e embodie d i n thes e network s a s distinc t  fixed-point  attrac -
tor s fo r  ever y possibl e wel l  forme d representation .  Pattern s 
m ay b e "cleane d up "  b y suc h a  networ k vi a a  proces s o f 
settlin g ove r  tim e t o on e o f  thes e meaningful ,  wel l  formed , 
an d stabl e activatio n states .  Th e potentiall y  combinatori c 
spac e o f  vali d attracto r  basin s nee d no t  b e explicitl y  trained , 
however ,  bu t  m a y aris e i n th e compositiona l  interactio n o f 
traine d attractor s (Plau t  &  McClelland ,  1993) .  I t  ha s lon g 
bee n k n o w n tha t  th e trainin g o f  recurren t  network s m a y resul t 
i n spuriou s attracto r  basins :  fixed-poin t  attractor s whic h ar e 
not  explicitl y  traine d (Hopfield ,  1982) .  Unde r  appropriat e 
conditions ,  however ,  thes e spuriou s attractor s m a y actuall y 
aris e i n a  systemati c manner ,  producin g serendipitou s basin s 
whic h encod e nove l  bu t  meaningfu l  pattern s o f  activation .  W e 
refe r  t o th e dynamic s o f  suc h network s a s containin g articu -
late d attractor s -  meaningfu l  attracto r  basin s arisin g fro m th e 
compositiona l  interactio n o f  explicitl y  traine d attractors . 

Thi s pape r  provide s a n empirica l  analysi s o f  th e condition s 
unde r  whic h articulate d attractor s for m i n recurren t  neura l 
network s traine d usin g variou s version s o f  backpropagatio n 
(Rumelhar t  etal. ,  1986a) .  Thi s wor k s temme d fro m ou r  initia l 
attempt s t o incorporat e a n attracto r  networ k o f  thi s kin d int o 
our  connectionis t  mode l  o f  instructio n followin g (Noell e & 
Cottrell ,  1995) ,  a  mode l  whic h develop s a n interna l  represen -
tatio n o f  verba l  instruction s i n th e servic e o f  a  tas k (St .  John , 
1992) .  W e discovere d tha t  articulate d attractor s di d no t  ap -
pea r  i n thi s model ,  an d thi s pape r  spran g fro m ou r  attemp t  t o 
explai n why .  I n hope s o f  acquirin g a  dee p understandin g o f 
th e learnin g difficultie s experience d b y ou r  model ,  w e bega n 
wit h th e mos t  simpl e attracto r  networ k architectur e possibl e 
-  a  singl e recurren t  laye r  o f  processin g elements .  W e in -
crementall y augmente d thi s networ k wit h furthe r  layer s o f 
units ,  expandin g th e complexit y o f  th e architectur e toward s 
th e configuratio n o f  ou r  instructio n followin g model .  Thi s 
investigatio n reveale d tha t  articulate d attractor s for m readil y 
when th e network' s recurren t  laye r  i s directl y provide d wit h 
a teachin g signal ,  bu t  suc h systemati c dynamic s d o no t  ap -
pea r  w h e n recurren t  weight s ar e shape d b y backpropagate d 
error .  I n additio n t o demonstratin g thi s finding,  thi s pape r 
als o present s som e possibl e explanation s fo r  w h y thi s i s so . 

We begi n b y describin g th e simpl e structure d m e m o r y tas k 
whic h w e use d t o examin e attracto r  formatio n i n a  numbe r  o f 
recurren t  networ k architectures .  W e the n presen t  simulatio n 
result s fo r  thre e successivel y mor e comple x architectures ,  an d 
we clos e wit h a  discussio n o f  thes e results . 
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A S t r u c t u r e d M e m o r y T a s k 

I n hope s o f  facilitatin g analysis ,  w e selecte d a n extremel y 
simpl e tas k fo r  ou r  attracto r  networks .  Eac h networ k wa s 
presented ,  fo r  a  singl e tim e ste p only ,  wit h a n encodin g o f  a 
simpl e slot-fille r  structure .  Th e goa l  o f  th e networ k wa s t o 
"clea n up "  an y nois e i n thi s representatio n an d t o retai n th e 
resul t  a t  th e network' s outpu t  indefinitely ,  eve n afte r  th e inpu t 
patter n wa s removed .  Thus ,  throug h training ,  th e networ k 
neede d t o acquir e a  distinc t  fixed-point  attracto r  fo r  eac h vali d 
inpu t  slot-fille r  structure .  Thes e attracto r  basin s ha d t o b e 
sufficientl y wid e t o captur e slightl y nois y patterns ,  an d th e 
fixed-points  neede d t o b e sufficientl y stabl e t o remembe r  th e 
inpu t  fo r  a n indefinit e period . 

To b e specific ,  eac h patter n represente d a  structur e contain -
in g tw o slots ,  eac h holdin g exactl y on e o f  five  distinc t  fillers. 
The content s o f  th e slot s wer e considere d independent ,  wit h 
th e specifi c  filler  i n on e slo t  i n n o wa y constrainin g th e filler 
fo r  th e other .  Th e whol e wa s encode d a s a  1 0 elemen t  binar y 
vector ,  divide d int o tw o group s o f  five.  Sinc e eac h slo t  coul d 
contai n onl y a  singl e filler,  exactl y on e elemen t  i n eac h grou p 
of  five  wa s turne d "on "  i n eac h vali d pattern .  Th e networks , 
then ,  wer e t o lear n a n attracto r  fo r  eac h inpu t  patter n involv -
in g exactl y on e o f  th e first  five  element s "on "  an d exactl y on e 
of  th e las t  five  element s "on" .  Thus ,  wit h five  possibilitie s 
fo r  eac h o f  tw o slots ,  ther e wer e onl y 5 ^  =  2 5 pattern s con -
sidere d "wel l  formed "  ou t  o f  th e 2' °  =  102 4 possibl e binar y 
inpu t  vectors .  Thi s tas k i s depicte d schematicall y i n Figur e 1 . 
The diagra m o n th e lef t  sid e o f  tha t  figure  depict s th e mappin g 
bein g performe d a s th e networ k settles ,  an d th e tabl e o n th e 
righ t  provide s a n exampl e o f  th e tim e cours e o f  inpu t  activity , 
expecte d outpu t  activity ,  an d th e targe t  output .  Not e tha t  th e 
inpu t  patter n i s mad e availabl e t o th e networ k fo r  th e first 
tim e ste p only ,  requirin g th e networ k t o bot h "clea n up "  an d 
remember  th e patter n ove r  time . 

Systemati c generalizatio n wa s th e focu s o f  thes e experi -
ments .  Th e goa l  wa s t o produc e a  fixed-point  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  thes e vali d patterns .  T o thi s end ,  eac h networ k wa s explic -
itl y  traine d o n som e subse t  o f  th e allowabl e inpu t  patterns , 
encouragin g th e formatio n o f  attractor s fo r  thes e pattern s b y 
th e presentatio n o f  a n erro r  signa l  o n ever y tim e ste p fo r  a 
fixed  settlin g period .  Onc e trained ,  eac h networ k wa s the n 
teste d o n al l  vali d slot-fille r  representations ,  an d th e numbe r 
of  fixed-point  attractor s correspondin g t o thes e vali d pattern s 
was determined .  Th e dynami c behavio r  o f  eac h traine d net -
wor k wa s als o examine d t o locat e an y spuriou s attractor s 
correspondin g t o il l  forme d patterns . 

For  smal l  trainin g sets ,  consistin g o f  onl y a  fe w vali d pat -

terns ,  w e expecte d th e network s t o simpl y memoriz e th e train -
in g instance s -  t o buil d attractor s onl y fo r  th e presente d pat -
terns .  W e predicted ,  however ,  tha t  beyon d som e threshol d i n 
trainin g se t  siz e th e network s woul d generaliz e t o al l  vali d 
structures .  I n orde r  t o tes t  thi s hypothesis ,  w e traine d eac h 
networ k architectur e o n multipl e trainin g sets ,  varyin g i n size . 
Each traine d networ k wa s examine d t o determin e th e attrac -
to r  structur e resultin g fro m it s training .  A t  leas t  five  pattern s 
wer e presen t  i n eac h trainin g set ,  a s thi s wa s th e minimu m 
number  neede d t o tur n eac h inpu t  elemen t  "on "  a t  leas t  onc e 
ove r  a  trainin g set .  Th e larges t  trainin g se t  consiste d o f  al l 
25 wel l  forme d patterns .  Th e frequenc y o f  eac h filler  i n eac h 
trainin g se t  wa s balance d a s muc h a s wa s possibl e give n th e 
smal l  siz e o f  th e trainin g sets .  Nois e wa s adde d t o inpu t  el -
ement s durin g training ,  bu t  thi s nois e neve r  exceede d 5 % o f 
th e activatio n rang e o f  th e element s (i.e. ,  0.0 5 fo r  binar y unit s 
and 0.1 0 fo r  bipola r  units) .  Networ k outpu t  target s consiste d 
of  th e "clean "  pattern s ove r  th e entir e tim e cours e o f  networ k 
settling ,  a s show n i n Figur e 1 .  A  settlin g perio d o f  1 0 tim e 
step s wa s use d durin g training ,  an d 10 0 tim e step s wer e use d 
durin g testing . 

The Emergence Of Systematicity 

The first  architectur e examine d wa s a  singl e recurren t  laye r  o f 
sigmoida l  processin g elements .  Th e entir e networ k consiste d 
of  te n unit s whic h acte d a s bot h inpu t  an d outpu t  fo r  th e net -
work .  Thi s singl e laye r  wa s provide d wit h complet e recurren t 
connection s t o itself .  Eac h uni t  als o ha d a  bia s weight ,  re -
sultin g i n a  tota l  o f  11 0 adaptabl e connections .  Unlik e som e 
singl e laye r  network s o f  thi s kind ,  thi s weigh t  matri x wa s no t 
constraine d t o b e symmetric .  Th e architectur e i s show n i n 
Figur e 2 ,  o n th e left .  Th e networ k receive d a n inpu t  patter n 
by clampin g th e activatio n stat e o f  th e processin g element s 
t o th e inpu t  value s fo r  a  singl e tim e step .  Afte r  thi s initia l 
tim e step ,  th e activatio n stat e o f  th e networ k wa s allowe d t o 
freel y evolv e accordin g t o th e connectio n weights .  Train -
in g wa s provide d b y a  versio n o f  backpropagatio n throug h 
tim e (BPTT )  (Rumelhart  e t  al. ,  1986a )  i n whic h erro r  i s  back -
propagate d fo r  onl y a  singl e tim e step ,  muc h a s i s don e fo r 
Simpl e Recurren t  Network s (Elman ,  1990) .  A n illustratio n o f 
h o w thi s wa s implemente d i s als o show n i n Figur e 2 .  Binar y 
sigmoida l  unit s wer e used ,  wit h a  learnin g rat e o f  0.01 ,  n o mo -
mentu m term ,  an d a  mea n square d erro r  objectiv e function . 
Connectio n weight s wer e initialize d t o smal l  rando m values , 
normall y distribute d abou t  0  wit h a  varianc e o f  0.5 .  Fo r  eac h 
trainin g se t  size ,  trainin g wa s conducte d fo r  400 0 epoch s (i.e. , 
passe s throug h th e entir e trainin g set )  wit h pattern s randoml y 
reordere d o n eac h epoch . 
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Figur e 2 :  Singl e Laye r  Network :  Th e Architecture ,  Unrolle d I n Time ,  A n d Generalizatio n Performanc e 

A summar y o f  th e result s ove r  al l  trainin g se t  size s i s show n 
on th e right  sid e o f  Figur e 2 .  Tha t  g r ^ h display s th e numbe r 
of  wel l  forme d attractor s foun d i n a  traine d networ k a s a  func -
tio n o f  th e trainin g se t  size .  Th e plo t  als o include s a  referenc e 
lin e whic h depict s th e hypothetica l  cas e o f  « o generalizatio n 
outsid e o f  th e trainin g set .  Notic e tha t  smal l  trainin g set s 
resulte d i n th e simpl e memorizatio n o f  th e traine d attractors , 
but  network s tha t  sa w a t  leas t  hal f  o f  al l  vali d pattern s consis -
tentl y generalize d t o al l  2 5 allowabl e structures .  Furthermore , 
non e o f  thes e network s constructe d spuriou s attracto r  basin s 
correspondin g t o il l  forme d patterns .  Th e weight s o f  thes e 
successfu l  network s too k th e unsurprisin g for m o f  tw o un -
couple d winner-take-al l  networks .  Eac h uni t  ha d a  highl y 
weighte d self-connectio n an d inhibite d th e othe r  fou r  unit s 
i n it s grou p o f  five.  Weight s o n connection s betwee n unit s 
fo r  differen t  slot s (i.e. ,  betwee n th e tw o group s o f  five  units ) 
remaine d clos e t o zero . 

Give n a  sufficientl y larg e trainin g set ,  thes e network s con -
sistentl y exhibite d a n emergenc e o f  systematicity .  General -
izatio n wa s perfect ,  wit h a  fixed-point  attracto r  forme d fo r 
ever y vali d pattern . 

Input Preprocessing 

The nex t  architectura l  varian t  w e considere d involve d th e in -
clusio n o f  a  matri x o f  weight s betwee n th e networ k inpu t  an d 
th e recurren t  outpu t  layer .  Instea d o f  providin g inpu t  pattern s 
by clampin g uni t  activation s fo r  th e initia l  tim e step ,  nois y 
input s wer e provide d a t  a n inpu t  laye r  fo r  th e first  tim e step , 
and activit y  a t  thi s laye r  wa s se t  t o zer o fo r  al l  remainin g tim e 
steps .  Activatio n level s a t  th e recurren t  outpu t  laye r  wer e 
initialize d t o zero .  Thi s networ k containe d th e sam e recurren t 
connectio n architectur e a s i n th e singl e laye r  cas e bu t  als o in -
clude d a  complet e se t  o f  connection s fro m th e inpu t  layer ,  fo r 
a tota l  o f  21 0 adaptabl e weights .  Th e sam e learnin g parame -
ter s wer e used ,  an d trainin g continued ,  onc e again ,  fo r  400 0 
epochs .  A s i n th e singl e laye r  model ,  weigh t  modificatio n wa s 
performe d b y B F T T ,  wit h th e networ k unrolle d i n tim e fo r  a 
singl e tim e step .  Th e basi c architectur e o f  thi s network ,  a s 
wel l  a s h o w i t  appear s whe n "unrolled" ,  i s  sho w i n Figur e 3 . 
Summarize d result s  ar e als o graphe d i n tha t  figure.  Notic e tha t 
systemati c performanc e aros e fro m eve n smalle r  trainin g set s 
tha n i n th e singl e laye r  case .  A s before ,  n o spuriou s attractor s 
wer e found .  Th e recurren t  weights ,  onc e again ,  embodie d 

tw o separat e five-unit  winner-take-al l  networks .  Systemati c 
generalizatio n appear s t o aris e spontaneousl y unde r  thi s ar -
chitecture ,  a s well . 

I t  i s  fairl y  clea r  w h y th e inclusio n o f  inpu t  weight s intro -
duce d n o additiona l  difficult y fo r  th e learnin g o f  articulate d 
attractors .  Th e trainin g o f  th e inpu t  weight s wa s essentiall y 
decouple d i n tim e fro m th e trainin g o f  th e recurren t  weights . 
Durin g th e initia l  tim e step ,  outpu t  activit y wa s a t  th e initial -
ize d leve l  o f  zero ,  whic h implie d n o chang e t o th e recurren t 
weight s sinc e thi s activit y play s a  multiplicativ e rol e i n th e 
backpropagatio n weigh t  updat e equation .  I n othe r  words ,  onl y 
th e inpu t  weight s coul d b e update d o n th e first  tim e step .  O n 
th e othe r  hand ,  o n ever y subsequen t  tim e ste p th e inpu t  laye r 
activit y wa s clampe d t o zero ,  directin g al l  weigh t  update s t o 
th e recurren t  connections .  I n short ,  eac h o f  th e weigh t  m a -
trice s wa s provide d wit h it s o w n direc t  erro r  signa l  a t  regula r 
time s durin g training . 

An Indirect Error Signal 

Th e final  architectur e examine d her e differe d fro m th e previ -
ous tw o i n tha t  a n erro r  signa l  wa s no t  provide d directl y t o 
th e recurren t  laye r  bu t  wa s backpropagate d throug h a n inter -
venin g matri x o f  weights .  Th e basi c architectur e i s show n 
i n Figur e 4 .  Unlik e th e las t  model ,  activit y wa s propagate d 
forwar d beyon d th e recurren t  laye r  t o a  separat e outpu t  laye r 
of  sigmoida l  units .  Erro r  wa s compute d a t  thi s final  outpu t 
laye r  an d wa s backpropagate d t o influenc e th e modificatio n o f 
th e recurren t  an d inpu t  weights .  Thi s additiona l  laye r  raise d 
th e numbe r  o f  adaptabl e parameter s t o 320 .  Th e networ k wa s 
traine d a s a  Simpl e Recurren t  Networ k ( S R N )  (Elman ,  1990) , 
unrollin g th e recurren t  hidde n laye r  fo r  a  singl e tim e step .  A s 
i n th e previou s architecture ,  nois y inpu t  pattern s wer e pre -
sente d a t  th e inpu t  laye r  fo r  th e first  tim e ste p only ,  an d inpu t 
activit y wa s se t  t o zer o durin g th e res t  o f  th e settlin g period . 
Th e sam e learnin g parameter s wer e used ,  bu t  trainin g tim e 
was extende d t o 600 0 epochs . 

Th e performanc e o f  thi s configuration ,  show n i n th e cen -
te r  o f  Figur e 4 ,  i s  grim .  Thes e network s no t  onl y faile d t o 
generalize ,  bu t  the y ofte n faile d t o for m attractor s fo r  trainin g 
set  patterns .  Also ,  severa l  spuriou s attractor s (a s m a n y a s 8 
fo r  som e trainin g se t  sizes )  aros e fo r  il l  forme d patterns .  Th e 
introductio n o f  a n indirec t  erro r  signa l  presente d a  seriou s 
obstacl e t o th e formatio n o f  articulate d attractors . 
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Figur e 3 :  Networ k Wit h Inpu t  Layer :  Th e Architecture ,  Unrolle d I n Time ,  A n d Generalizatio n Performanc e 

I n hope s o f  remedyin g thi s situation ,  th e trainin g procedur e 
fo r  thi s architectur e wa s modifie d i n a  numbe r  o f  substantia l 
ways .  T h e firs t  modificatio n involve d th e numbe r  o f  tim e 
step s experience d b y th e networ k durin g training .  A n exam -
inatio n o f  th e dynamic s associate d wit h wel l  forme d pattern s 
reveale d that ,  w h e n presente d wit h a  vali d pattern ,  th e acti -
vatio n stat e o f  th e networ k ofte n drifte d awa y fro m tha t  wel l 
forme d configuration ,  bu t  i t  di d s o onl y ver y slowly .  Afte r 
10 tim e step s o f  settlin g (whic h wa s th e settlin g perio d durin g 
networ k training )  almos t  al l  trainin g se t  pattern s appeare d in -
tac t  a t  th e outpu t  layer .  Thi s observatio n suggeste d tha t  th e 
number  o f  settlin g tim e step s experience d b y th e networ k dur -
in g trainin g wa s sufficien t  t o kee p th e networ k firo m driftin g 
away fro m th e trainin g pattern s to o quickl y bu t  wa s insuffi -
cien t  t o construc t  th e neede d stabl e fixed-point  attractors .  T o 
correc t  fo r  thi s problem ,  w e retraine d thes e network s usin g 
incrementall y large r  settlin g time s durin g training .  I n othe r 
words ,  wheneve r  a  networ k successfull y retaine d th e trainin g 
pattern s fo r  t  tim e step s durin g training ,  th e settlin g tim e wa s 
advance d t o ( f  -I -  1 )  fo r  th e nex t  trainin g epoch .  Unfortu -
nately ,  thi s strateg y di d no t  work .  Invariably ,  som e settlin g 
tim e threshol d woul d b e reached ,  pas t  whic h th e network s 
woul d no t  learn . 

O ur  nex t  modificatio n involve d usin g a  mor e robus t  esti -
mat e o f  th e erro r  gradien t  b y backpropagatin g erro r  throug h 
tim e al l  th e w a y t o th e firs t  tim e step .  Usin g complet e B P T T 
instea d o f  th e S R N trainin g metho d showe d n o significan t 
improvemen t  b y itself ,  bu t  w h e n couple d wit h a  switc h t o a 
bipola r  activatio n functio n (unit s whic h range d i n activatio n 
betwee n - 1 an d 1 )  an d wit h a  reduce d learnin g rat e (0.001) , 
thi s architectur e bega n t o successfull y memoriz e th e trainin g 
set  attractors .  Systemati c generalizatio n remaine d elusive , 
however .  Thi s performanc e i s show n i n Figur e 4 ,  o n th e 
right. 

I n th e previou s tw o networ k architectures ,  th e patter n o f  ac -
tivatio n a t  th e recurren t  laye r  wa s consistentl y bot h polarize d 
an d sparse .  Unit s tende d t o b e eithe r  al l  th e w a y "on "  o r  al l 
th e w a y "off' ,  an d onl y tw o o f  th e te n unit s wer e "on "  fo r  an y 
give n vali d pattern .  Thes e propertie s o f  th e recurren t  laye r 
activatio n pattern s wer e directl y enforce d b y th e erro r  signa l 
provide d a t  th e output .  I n th e cas e o f  a n indirec t  erro r  signal , 
however ,  thes e propertie s ar e n o longe r  directl y determine d 
by training .  Sinc e th e recurren t  laye r  i s a  hidde n laye r  i n thes e 

networks ,  othe r  pattern s o f  activatio n ar e fre e t o aris e there . 
Indeed ,  th e activatio n pattern s a t  th e recurren t  hidde n layer s 
of  thes e network s wer e quit e distributed ,  wit h approximatel y 
hal f  o f  th e hidde n unit s bein g highl y positiv e fo r  an y give n 
trainin g pattern .  Thes e recurren t  laye r  pattern s stil l  tende d t o 
be polarized ,  however ,  presumabl y becaus e i t  i s easie r  t o con -
struc t  stabl e fixed-point  attractor s i n th e comer s o f  activatio n 
space. '  Still ,  thes e network s apparentl y include d a  sufficien t 
number  o f  fre e parameter s (weights )  t o associat e a  fairi y  ar -
bitrar y distribute d hidde n laye r  attracto r  wit h eac h trainin g 
pattern .  Unlik e th e dua l  winner-take-al l  structur e learne d b y 
th e previou s tw o architectures ,  thes e attractor s showe d fe w 
sign s o f  compositionality . 

Thi s proble m o f  hidde n laye r  representatio n i s serious .  I t  i s 
quit e possibl e fo r  a  networ k t o lear n a  hidde n laye r  encodin g 
of  inpu t  pattern s whic h i s consisten t  wit h th e trainin g item s bu t 
i s inherentl y incapabl e o f  generalizin g t o othe r  vali d patterns . 
Thi s proble m m a y b e illustrate d b y th e simpl e exampl e sho w 
i n Figur e 5 .  Thi s diagra m display s a  smal l  piec e o f  a  network , 
includin g tw o hidde n unit s an d tw o outpu t  units .  T w o possibl e 
configuration s o f  weight s betwee n thes e processin g element s 
ar e shown ,  wit h th e outpu t  bia s weight s alway s bein g slightl y 
negative .  Bot h configuration s ca n produc e th e give n trainin g 
set  target s  a t  thei r  outputs ,  bu t  onl y  th e configuratio n o n th e lef t 
i s capabl e o f  producin g th e generalizatio n target .  Th e weight s 
i n th e righ t  networ k fragmen t  fai l  becaus e the y collaps e to o 
m a ny distinc t  hidde n laye r  pattern s t o singl e outpu t  patterns . 
For  generalizatio n t o hav e an y hop e o f  occurring ,  hidde n laye r 
activatio n spac e mus t  retai n distinc t  correlate s t o th e entir e 
rang e o f  vali d outputs . 

O ne w a y t o avoi d thi s "collapsing "  o f  hidde n laye r  spac e 
i s t o driv e th e weigh t  vector s comin g ou t  o f  eac h hidde n uni t 
toward s mutua l  orthogonality .  Thi s constrain t  make s th e con -

'Nea r  th e comer s o f  th e 1 0 dimensiona l  activatio n spac e o f  th e 
recurren t  layer ,  th e derivativ e o f  th e sigmoida l  activatio n fiinctio n o f 
eac h recurren t  uni t  i s clos e t o zero .  Thi s mean s tha t  a  larg e weigh t 
chang e i s typicall y neede d t o chang e th e fixed-point  o f  a  come r 
attractor .  B y comparison ,  a  fixed-point  attracto r  i n th e middl e o f  thi s 
10 dimensiona l  spac e ma y drif t  significantl y a s th e resul t  o f  eve n a 
smal l  weigh t  change .  I n general ,  wit h sigmoida l  units ,  fixed-point 
attractor s  i n th e comer s o f  activatio n spac e ar e muc h les s sensitiv e t o 
smal l  pemirbation s i n weigh t  value s tha n fixed-points  i n th e middl e 
of  activatio n space . 
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Figur e 4 :  Networ k Wit h Indirec t  Error :  Th e Architecture ,  S R N Results ,  A n d B P T T Result s 

tributio n o f  eac h hidde n uni t  t o th e formatio n o f  a n outpu t 
patter n orthogona l  t o th e contribution s o f  th e othe r  hidde n 
units .  Not e tha t  th e weigh t  se t  schematicall y show n o n th e 
lef t  i n Figur e 5 ,  whic h effectivel y copie s th e hidde n laye r  ac -
tivatio n patter n t o th e outpu t  layer ,  i s  on e exampl e o f  a  se t 
of  orthogona l  outgoin g weigh t  vector s whic h i s capabl e o f 
appropriat e generalization .  T o tes t  thi s ide a o f  a n orthogonal -
it y constraint ,  w e adde d a  ter m t o ou r  square d erro r  objectiv e 
functio n o f  th e form : 

^± = $^^cos2^ai 
a b 

... where a and b are hidden unit indices and 9ah is the angle 
betwee n thei r  outgoin g weigh t  vectors .  Unfortunately ,  de -
pendin g o n th e proportio n wit h whic h E ^  wa s mixe d wit h 
square d error ,  orthogonalizatio n eithe r  interfere d wit h th e 
learnin g o f  eve n trainin g se t  pattern s o r  ha d littl e effec t  a t 
all .  W e notice d tha t  th e orthogonalizatio n ter m ofte n move d 
th e hidde n laye r  representation s awa y fro m th e comer s o f  ac -
tivatio n space ,  wher e attractor s wer e typicall y constructed , 
so w e als o adde d a  polarizatio n erro r  ter m whic h encourage d 
bipola r  vector s a t  th e hidde n layer .  Thi s ter m too k th e for m 
of : 

a 

.. .  wher e Oa i s th e activatio n leve l  o f  hidde n uni t  a .  Eve n 
when th e objectiv e functio n wa s augmente d wit h bot h o f  thes e 
terms ,  th e bes t  network s stil l  di d littl e mor e tha n memoriz e 
u-ainin g patterns . 

Discussion 

Thes e result s sugges t  tha t  systemati c generalizatio n m a y aris e 
easil y  i n recurren t  attracto r  network s whe n the y ar e presente d 
wit h a  direc t  erro r  signal .  Dista l  erro r  signals ,  backpropagate d 
throug h intervenin g weights ,  however ,  appea r  t o presen t  a 
profoun d obstacl e t o th e formatio n o f  articulate d attractors . 
Thi s findin g i s disconcertin g sinc e man y cognitiv e model s 
incorporatin g recurren t  attracto r  network s implicitl y  assum e 
an erro r  signa l  conceptuall y "backpropagated "  throug h som e 
othe r  psychologica l  proces s while ,  i n actua l  simulations ,  the y 
utiliz e a n erro r  signa l  applie d directl y t o th e recurren t  laye r 
(Mathi s &  Mozer ,  1995 ;  Plau t  &  McClelland .  1993) .  Fo r  th e 
theorie s underlyin g thes e model s t o b e valid ,  ther e mus t  b e 

some learnin g mechanis m throug h whic h articulate d attractor s 
m ay b e shape d b y a  dista l  teachin g signal . 

Thi s proble m m a y b e viewe d a s on e o f  findin g a  w a y t o bia s 
th e learnin g o f  a  multi-laye r  networ k i n a  w a y whic h encour -
age s th e genera l  formatio n o f  articulate d attractor s withou t 
essentiall y  "har d wiring "  th e structur e o f  th e inpu t  patterns . 
Th e mai n questio n tha t  ha s ye t  t o b e answere d is :  W h a t  i s 
th e correc t  inductiv e bia s fo r  thi s task ? W e sugges t  tha t  thi s 
bia s shoul d encourag e recurren t  hidde n laye r  representation s 
whic h us e polarize d activatio n level s an d shoul d driv e hidde n 
t o outpu t  weight s toward s configuration s whic h preserve ,  a s 
m u ch a s possible ,  accessibilit y  t o th e whol e rang e o f  poten -
tia l  outpu t  patterns .  Polarizatio n i s take n a s a  goa l  fo r  th e 
sak e o f  th e stabilit y  o f  attracto r  learning .  Eve n wit h "cor -
ner  attractors" ,  however ,  thes e network s stil l  nee d t o avoi d 
hidde n t o outpu t  mapping s whic h restric t  generalization .  A 
techniqu e suc h a s activatio n sharpenin g (French ,  1991 )  coul d 
potentiall y  produc e th e kind s o f  representation s needed ,  bu t 
thi s woul d requir e a n a  prior i  specificatio n o f  th e numbe r  o f 
hidde n element s "on "  fo r  eac h pattern .  Still ,  a n inductiv e bia s 
of  thi s sor t  m a y b e th e bes t  tha t  i s possibl e unde r  a n indirec t 
erro r  signal . 

Our  futur e wor k wil l  focu s o n solvin g thi s indirec t  erro r  sig -
nal  proble m usin g tw o distinc t  approaches :  b y modifyin g th e 
inpu t  patter n encodin g an d b y modifyin g th e networ k archi -
tecture .  Th e firs t  o f  thes e approache s involve s encodin g slo t 
filler s  i n a  non-localis t  fashion .  Rathe r  tha n assignin g a  singl e 
inpu t  an d outpu t  uni t  t o eac h filler ,  a  mor e distribute d repre -
sentatio n coul d b e use d fo r  fille r  values .  Thi s migh t  involv e 
a les s spars e binar y cod e i n whic h differen t  filler s shar e "on " 
elements ,  o r  i t  migh t  involv e a  rea l  vecto r  encodin g whic h 
retain s th e orthogonalit y o f  fille r  representation s presen t  i n 
our  localis t  code .  Usin g a  mor e distribute d representatio n 
woul d caus e weights/ro m individua l  input s an d t o individua l 
outpu t  unit s  t o pla y a  significan t  processin g rol e ove r  multipl e 
fille r  values .  Th e additiona l  utilizatio n o f  thes e weight s m a y 
facilitat e generalizatio n t o nove l  slot-fille r  patterns . 

We wil l  als o conside r  encouragin g articulate d attractor s b y 
constrainin g th e networ k architecture .  I n particular ,  w e pla n 
t o investigat e th e possibilit y  o f  initializin g weight s a t  th e re -
curren t  laye r  t o a  configuratio n whic h embodie s a  collectio n 
of  winner-take-al l  networks .  Thes e wil l  b e implemente d us -
in g a  softma x constrain t  (Bridle ,  1990) ,  s o backpropagate d 
erro r  ca n stil l  successfull y reac h weight s feedin g int o th e at -
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tracto r  network .  Also ,  restricte d receptiv e fields  amon g th e 
hidde n t o outpu t  connection s migh t  b e use d t o approximat e a n 
orthogonalit y constrain t  o n thi s mapping .  Suc h stron g archi -
tectura l  constraint s ma y b e necessar y t o consistentl y produc e 
articulate d attractor s from  dista l  error . 

I f  furthe r  investigatio n reveal s tha t  th e learnin g o f  system -
ati c attracto r  structure s from a  dista l  teachin g signa l  require s 
specifi c  constraint s o n networ k architecture ,  cognitiv e mod -
el s whic h utiliz e suc h attracto r  network s wil l  nee d t o assum e 
some significan t  innat e constraint s o n learning .  Thi s doe s 
not  mea n tha t  a n architectur e specificall y tune d t o a  particu -
la r  task ,  suc h a s readin g alou d o r  prope r  productio n o f  ver b 
tense ,  i s necessary .  Th e require d innat e constraint s ma y sim -
pl y involv e th e earl y presenc e o f  latera l  inhibitio n betwee n 
processin g element s groupe d int o cluster s o r  th e existenc e o f 
map-lik e structure s arisin g fro m topologicall y regula r  connec -
tio n patterns .  Th e learnin g bia s introduce d b y suc h genera l 
connectio n pattern s ma y b e al l  tha t  i s needed .  Still ,  th e wor k 
presente d i n thi s pape r  suggest s tha t  th e simpl e presenc e o f 
recurren t  connection s i s no t  enoug h t o produc e systemati c 
attracto r  dynamics .  Learnin g t o enforc e "wel l  formedness " 
constraint s o n interna l  representation s ma y requir e somewha t 
structure d networ k architectures . 

Conclusion 

Connectionist attractor networks have shown much promise 
as a  mechanis m fo r  improvin g generalizatio n performanc e 
by enforcin g wel l  formednes s constraint s o n representations . 
Attracto r  network s whic h successfull y lear n a  systemati c col -
lectio n o f  suc h constraint s give n a  smal l  trainin g se t  ar e sai d 
t o embod y articulate d attractor s -  meaningfu l  attracto r  basin s 
arisin g fro m th e compositiona l  interactio n o f  explicitl y  traine d 
stabl e fixed-points.  W e hav e show n tha t  articulate d attractor s 
can readil y aris e i n suc h network s whe n a n erro r  signa l  i s 
applie d directl y t o th e recurren t  processin g elements .  Dista l 
erro r  signals ,  however ,  pos e surprisingl y profoun d difficultie s 
fo r  suc h networks .  A  stron g prio r  inductiv e bias ,  perhap s bes t 
see n a s geneti c  i n origin ,  toward s compositiona l  structur e ma y 
be neede d t o produc e articulate d attractor s a t  hidde n layer s i n 
backpropagatio n networks . 
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