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Abstrac t 
Thi s pape r  discusse s th e proble m o f  ho w t o implemen t 
many-to-many ,  o r  multi-associative ,  mapping s withi n 
connectionis t  models .  Traditiona l  symboli c approache s 
wiel d explici t  representatio n o f  al l  alternative s vi a 
store d links ,  o r  implicitl y  throug h enumeraliv e algo -
rithms .  Classica l  patter n associatio n model s ignor e th e 
issu e o f  generatin g multipl e output s fo r  a  singl e inpu t 
pattern ,  an d whil e recen t  researc h o n recunen t  network s 
i s promising ,  th e field  ha s no t  clearl y focuse d upo n 
multi-associativit y a s a  goal .  I n thi s paper ,  w e defin e 
multiassociativ e memor y M M ,  an d severa l  possibl e 
variants ,  an d discus s it s utilit y  i n genera l  cognitiv e mod -
ehng .  W e exten d sequentia l  cascade d network s (Pollac k 
1987 ,  1990a )  t o fit  th e task ,  an d perfor m severa l  initia l 
experiment s whic h demonstrat e th e feasibilit y  o f  th e 
concept . 

I n t r o d u c t i o n 
I n associativ e m e m o r y models ,  a  functio n i s  applie d t o a 
patter n whic h transform s i t  t o anothe r  pattern .  Thi s trans -
formation ,  o r  associatio n fro m a  domai n se t  o f  nois y o r  par -
tia l  pattern s t o a  rang e se t  o f  correc t  pattern s i s ofte n offere d 
as a  mode l  o f  m e m o r y retrieva l  o r  recall .  Severa l  connec -
tionis t  model s o f  associativ e m e m o r y exist ,  suc h a s linea r 
associator s (Kohonen ,  1972 ;  Anderson ,  1972) ,  Hopfiel d net -
work s (Hopfield ,  1982) ,  an d feed-forwar d network s 
(Rumelhart ,  Hinto n &  Williams ,  1986) ,  eac h assumin g a 
many-to-on e mappin g fro m domai n t o rang e Figur e la .  Fo r 
nois y o r  partia l  m e m o r y retrieval ,  o r  fo r  perceptua l  catego -
rization ,  thi s assumptio n migh t  prov e valid ,  however ,  m a n y 
othe r  task s exist ,  eac h indescribabl e withi n associativ e 
frameworks .  Conside r  associatin g a  wor d wit h it s possibl e 
lexica l  categorie s o r  meanings ,  a  ches s positio n t o possibl e 
nex t  moves ,  o r  a  categor y t o prototypica l  members ;  eac h in -
put  ca n hav e a  multitud e o f  possibl e outputs .  Eve n categori -
zatio n itsel f  i s  k n o w n t o var y ove r  tim e i n individua l 
subject s (McCloske y an d Glucksberg ,  1978) . 

I n a n attemp t  t o addres s th e issu e o f  multipl e outpu t  re -
sponses ,  thi s pape r  discusse s th e natur e o f  multiassociativ e 
memorie s capabl e o f  respondin g wit h on e outpu t  fro m a  se t 
of  possibl e output s t o a n input .  T h e theoretica l  basi s o f  thi s 
clas s o f  model s i s th e m a n y t o m a n y mapping .  Standar d as -

1.  Thi s wor k supporte d b y offic e o f  Nava l  Researc h gran t 
number  N0(X)14-89- J 1200 . 

sociativ e model s us e m a n y t o on e mappings ,  wher e severa l 
inpu t  pattern s ca n elici t  th e sam e outpu t  pattern .  A n y sys -
te m wit h a n interna l  state ,  suc h a s a  recurren t  network ,  ca n 
be viewe d a s a  m a n y t o m a n y mapping ,  an d thi s i s ou r  ini -
tia l  choic e o f  mode l  (Figur e lb) . 

Thi s pape r  begin s b y presentin g forma l  definition s o f 
mappings ,  establishin g th e relationshi p betwee n m a n y t o 
m a ny mapping s an d multiassociativ e memories ,  an d identi -
fyin g severa l  problem s i n cognitiv e scienc e whic h exhibi t 
m a ny t o m a n y mappin g properties .  Th e discussio n wil l  the n 
tur n t o th e relativ e computationa l  an d psychologica l  merit s 
of  tw o opposin g implementatio n strategies ,  namel y explici t 
storag e an d enumeration .  Afte r  establishin g th e practica l 
superiorit y o f  enumeration ,  thi s strateg y wil l  guid e th e im -
plementatio n o f  a  multiassociativ e m e m o r y syste m usin g a 
sequentia l  cascade d network ,  a  high-orde r  recurren t  con -
nectionis t  architecture .  Reflectio n o n th e implementatio n 
proces s an d it s result s suggest s possibl e difficultie s wit h th e 
recurren t  network ,  indicatin g direction s fo r  furthe r  work . 

M a ny t o M a n y Mapping s 

Associativ e memorie s tak e inpu t  patterns ,  proces s them , 
and retur n outpu t  pattern s (Kohonen ,  1984) .  On e wa y o f  de -
scribin g thi s operatio n i s a s a  mappin g fro m inpu t  pattern s 
of  th e domai n se t  t o th e generate d outpu t  pattern s th e rang e 
set .  Mapping s com e i n fou r  varietie s base d o n th e relation s 
betwee n domai n an d range :  on e t o one ,  man y t o one ,  on e t o 
many,  an d man y t o many .  A  simpl e exampl e o f  a  man y t o 
many mappin g i s (A- > (B ,  C ) ,  B- > {C ,  E ) ,  C->{E ,  F ) .  D -
>{E ,  F) }  wit h domai n se t  {A ,  B ,  C ,  D )  an d rang e se t  {B ,  C , 
E , F ) . 

To captur e suc h a n association ,  a  multiassociativ e m e m o-
r y syste m mus t  b e correc t  an d complete .  Thu s th e multias -
sociativ e memor y acquisitio n proble m is : 

Give n a  man y t o man y mappin g fro m a  se t  o f  inpu t 
pattern s t o outpu t  patterns ,  find  a  syste m tha t  ca n 
associat e eac h domai n elemen t  t o a t  leas t  on e ele -
ment  fro m it s rang e se t  durin g an y memor y acces s 
(correctness )  an d als o eventuall y generat e al l  cor -
rec t  rang e element s withi n a  finite  numbe r  o f 
memory accesse s (completeness) . 

I t  i s  quit e trivia l  t o implemen t  thi s concep t  exercisin g 
conventiona l  symboli c means ,  employin g eithe r  explici t 
storag e o r  enumeratio n o f  th e associations .  O n e jus t  explic -
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Stat e Machin e Conceptualizatio n 

itl y  store s association s a s a  linked-lis t  i n random-acces s 
memory,  an d retriev e eithe r  al l  th e outputs ,  o r  kee p a 
counte r  an d ge t  on e a t  a  time .  Thi s "explici t  storage "  meth -
od doe s no t  generaliz e t o ver y larg e systems ,  lik e ches s 
moves ,  wher e i t  i s  impractica l  t o stor e al l  association s i n a 
memory.  Secondly ,  i t  i s  to o powerfu l  t o b e a  goo d cognitiv e 
model  i n tha t  i t  ha s n o distinctio n betwee n "recognition " 
and "recall" .  Conside r  th e dauntin g tas k o f  recallin g th e 
names o f  al l  fifty  states ,  a s oppose d t o th e trivia l  proble m o f 
recognizin g " N e w Mexico "  a s on e o f  them . 

Connectionis t  model s als o hav e explici t  storag e solu -
tions .  Throug h th e manipulatio n o f  outpu t  patterns ,  th e 
power  se t  approac h involve s allocatio n o f  on e outpu t  nod e 
fo r  eac h elemen t  i n th e rang e (Figur e Ic) .  Thus ,  an y possi -
bl e subse t  o f  th e rang e ca n b e capture d b y thi s representa -
tion .  Thi s localis t  approac h ha s bee n use d t o encod e 
possibl e move s i n a  tic-tac-to e gam e (McClellan d an d 
Rumelhart ,  1986 )  an d th e spreadin g o f  activatio n i n a  se -
manti c networi c (ColUn s an d Loftus ,  1975) .  Unconstraine d 
representationa l  power ,  however ,  i s  no t  withou t  it s costs . 
Sinc e individua l  element s o f  a  rang e o f  n  unit s ca n b e ade -
quatel y represente d wit h a  binar y patter n o f  lengt h lg(n) , 
usin g n  unit s i s  exponentiall y  mor e expensiv e tha n a  se -
quentia l  retrieva l  model . 

A possibl e circumventio n t o thi s exponentia l  explosio n i s 
t o limi t  th e siz e o f  th e subset s o f  th e rang e b y allocatin g a 
fixed  numbe r  o f  outpu t  fields  (slots ,  registers ,  o r  buffers )  t o 
hol d th e representation s o f  th e elements .  Figur e I d illus -
trate s a  syste m capabl e o f  outputtin g a t  mos t  thre e rang e el -
ement s fo r  a  give n domai n element .  Bu t  determinin g th e 
neede d resource s a  prior i  ma y b e difficult ,  o r  i n principl e 
impossible :  What' s th e m a x i m u m numbe r  o f  possibl e 
moves fro m an y give n ches s boar d configuration ,  o r  th e 
m a x i m u m numbe r  o f  word s i n a  sentence ? Overestimatio n 
waste s resource s an d underestimatio n migh t  fai l  a t  a  critica l 
point . 

Enumerativ e approache s bypas s thi s storag e proble m b y 

Range C R a n g e Se t  )  Rang e Rang e _ 

A A a T a A A A ^''^" '  ^'p!" '  '̂!I '̂" ' 
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Power  Se t  Approac h Fiel d Approac h 

not explicitly operating on the possible responses them-
selves ,  rathe r  the y calculat e th e desire d response s sequen -
tially .  Sinc e onl y on e rang e elemen t  ha s t o b e store d a t  a 
time ,  memor y usag e wil l  b e lower .  Suc h a  syste m mus t 
hav e a n "interna l  state "  (o r  counter )  tha t  ca n b e use d t o 
kee p trac k o f  th e enumeratio n algorithm ,  an d suitabl y pow -
erfii l  computationa l  mean s t o comput e th e outpu t  set . 

Connectionist Implementations 

A connectionis t  implementatio n o f  Multiassociativ e M e m o-
r y ( M M )  usin g enumeratio n woul d hav e a n underlyin g stat e 
machine ,  whic h ca n b e implemente d a s a  recurren t  network . 
M a ny suc h network s exis t  (e .  g .  Jordan ,  1987 ;  Elman ,  1988 ; 
Pollack ,  1987 )  an d alread y exhibi t  man y t o man y mappin g 
ability .  W h e n th e inpu t  remain s stabl e lon g enoug h t o estab -
lis h a n periodi c attracto r  ( a fixed  poin t  o r  limi t  cycle )  i n th e 
ou^ut ,  eac h elemen t  o f  th e attracto r  correspond s t o on e o f 
th e correc t  association s t o th e inpu t  pattern .  Suc h a  "tempo -
ra l  M M "  accesse s th e rang e se t  i n a  particula r  orde r  fo r  eac h 
input ,  wherea s a n "atempora l  M M "  jus t  guarantee s acces s 
t o th e prope r  rang e subset s throug h a n aperiodi c attracto r 
(ak a strang e attractor) . 

To illustrat e temporal/atempora l  distinction ,  conside r  a n 
implementatio n o f  a  man y t o man y mappin g usin g a  recur -
siv e auto-associativ e memor y ( R A A M )  (Pollack ,  1990b) .  A 
R A AM consist s o f  tw o functions ,  a n encode r  an d a  decoder . 
Th e encode r  take s tw o inpu t  pattern s an d combine s the m 
int o a  singl e outpu t  pattern .  Th e decode r  take s on e inpu t 
patter n an d generate s th e tw o pattern s th e encode r  use d t o 
buil d it .  Sinc e al l  pattern s hav e th e sam e size ,  th e strategi c 
applicatio n o f  th e encode r  an d decode r  ca n construc t  repre -
sentation s o f  recursiv e dat a structure s suc h a s tree s an d 
stacks .  A  M M ca n b e buil t  aroun d a  R A A M b y assignin g 
non-termina l  symbol s t o th e domai n element s whic h even -
tuall y decod e int o element s i n th e imag e (se e Figur e 2) .  A 
counter ,  o r  rando m numbe r  generator ,  coul d b e use d a s th e 
interna l  stat e mechanis m specifyin g a  uniqu e decodin g 

paths ,  / .  e .  whethe r  th e lef t  o r  righ t  decodin g woul d b e re -
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non termina l  patter n o f  A 

A->{A,B.C.D } 

Termina l  Patterns :  A B C D 

Stat e Outpu t 
00 A 
01 B 
10 C 
11 D 

Figur e 2 :  Usin g a  R A A M fo r  Multiassociativ e M e m o r y 

Stat e Outpu t  Node s Outpu t  Node s 

Contex t 

Nodes 

I 

Weight s 

Inpu t  Node s 

Figur e 3 :  A  Sequentia l  Cascade d Networ k S C N 

taine d fo r  furthe r  expansion.  Th e counte r  implementatio n 
introduce s tempora l  relationship s betwee n output s sinc e i t 
woul d periodicall y visi t  ever y decodin g path ,  whil e th e ran -
d o m numbe r  generato r  ensure s littl e o r  n o correlatio n be -
twee n tw o successiv e output s b y randoml y varyin g th e 
paths . 

A drawbac k o f  thi s implementatio n i s tha t  ffee  structur e 
and stat e organizatio n mus t  b e specifie d a  priori .  A  mor e 
interestin g approac h involve s th e evolutio n o f  stat e organi -
zatio n throug h learning .  Learning ,  fo r  a  M M problem ,  ha s 
tw o constraints .  First ,  n o "reset "  informatio n ca n b e provid -
ed t o th e networ k betwee n changin g inputs .  Second ,  onl y a 
smal l  numbe r  o f  example s wil l  b e availabl e t o th e learnin g 
procedure .  Th e syste m mus t  b e abl e t o generaliz e it s inter -
nal  stat e machin e t o hav e acceptabl e behavio r  ove r  finite 
but  unbounde d sequence s o f  inputs .  Sequentia l  cascade d 
network s hav e exhibite d suc h inductiv e capabilities ,  a s 
demonstrate d i n (Pollack ,  i n press) ,  an d therefor e bee n se -
lecte d fo r  thi s initia l  study . 

The sequentia l  cascade d networ k (SCN )  i s a  highe r  orde r 
(sigma-pi )  recurren t  network .  Th e weight s ar e store d i n a 
three- d arra y (Contex t  Netwoik )  tha t  i s  multiplie d b y th e 
curren t  stat e yieldin g a  weigh t  matrix .  Thi s matrix ,  calle d 
th e Functio n Network ,  i s  multiplie d b y th e inpu t  vecto r  re -
sultin g i n a  ne t  inpu t  vector .  A  sigmoi d functio n i s applie d 
t o element s o f  thi s vector ,  yieldin g th e nex t  stat e an d outpu t 
vectors .  SCN' s wer e originall y use d i n a  forma l  languag e 
decisio n task ,  i n whic h th e networ k observe d a  sequenc e o f 
symbol s fi-om  a  tw o symbo l  alphabe t  ( 0 an d 1 )  an d calculat -
ed a  singl e outpu t  valu e plu s a  recurren t  stat e vector .  Th e 

desire d outpu t  valu e wa s 1  i f  th e inpu t  strin g see n s o fa r  wa s 
containe d i n th e language ,  an d 0  otherwise .  Figur e 3  con -
tain s a  schemati c representatio n o f  a  S C N . 

Thi s pape r  extend s th e sequentia l  usag e o f  th e cascade d 
networ k b y utilizin g a n outpu t  vecto r  longe r  tha n a  singl e 
elemen t  Increasin g th e outpu t  widt h fro m a  singl e valu e 
necessitate s a  sligh t  modificatio n t o th e learnin g rule s de -
scribe d i n (Pollack ,  1990) .  Mor e outpu t  node s impl y eac h 
wil l  contribut e erro r  t o th e contex t  nod e error .  Th e n e w er -
ro r  functio n derivativ e wit h respec t  t o th e weight s feedin g 
int o th e stat e outpu t  node s i s 

3£ 

aw ij k 
= ( £ i^a(")-da)8(2a(n))(^y^n)^alk) ) 

<•€ A 
8(2.(n-l))yj{n-l)z,(n-2 ) 

and th e erro r  derivativ e fo r  th e weight s leadin g t o th e outpu t 
unit s i s 

d E 
^ - — =  (z^(n)-dj8(z^{n))y/.n)z,(n-l) . 

In both equations, z-(n) is the output of unit i at time n, 
yfji )  i s th e i' *  inpu t  a t  tim e n ,  g { x )  i s th e derivativ e o f  th e 
nonlinea r  squashin g functio n i n term s o f  th e activatio n o f 
th e unit ,  d ^  i s th e desire d outpu t  fo r  outpu t  uni t  a  fro m th e 
set  A  o f  outpu t  nodes ,  an d E  i s th e standar d su m o f  square d 
erro r  function .  Th e simulation s belo w us e baselin e bac k 
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Inpu t  Sequences :  A A A A b b b b C C CC D D DD 

Training Sequences: BCBC DEDE EFEF EFEF 

Figure 4a: Sample MM training set 

Input 

S e q u e n c e : A A * * A A B B * * B B C C * * C C D D * * D D A A * * A A 

Output: BCBCBCDEDEDEEFEFEFEFEFEFBCBCBC 

* *  Stand s fo r  1 6 mor e inpu t  cycle s 

Figure 4b: Output From SCN as a MM 

propagation (gradient descent with momentum) to modity 
th e weight s i n th e network . 

The trainin g paradig m use d i n thi s pape r  attempt s t o ex -
ploi t  th e inductiv e abilit y o f  thi s syste m b y limitin g th e 
number  o f  exempla r  sequences .  O n e wa y t o develo p a n 
S CN trainin g se t  fo r  a  particula r  mappin g i s t o trai n th e net -
wor k sequenc e throug h th e associate d rang e element s whil e 
th e inpu t  t o th e S C N remain s constan t  wit h th e inpu t  vecto r 
fo r  th e domai n elemen t  Fo r  instance ,  th e associatio n A  - > 
{B ,  C )  giv e ris e t o th e sequence s 

Input : A A A A A A A A A A A A . .. 

Output :  B C B C B C B C B C B C.  .  . 

Since SCN's have shown induction of similarly un-
bounde d sequence s fro m shor t  initia l  sequences ,  onl y tw o 
suc h cycle s fo r  eac h domai n elemen t  ar e presente d t o th e 
networ k durin g training .  Figur e 4 a show s th e trainin g se -
quence s use d t o captur e a  smal l  man y t o man y mapping . 
Thi s trainin g set ,  alon g wit h domai n an d rang e elemen t  pat -
ter n vectors ,  wa s presente d t o th e S C N learnin g progra m 
and afte r  1 0 passe s throug h th e trainin g se t  (weigh t  updat e 
occurre d afte r  presentatio n o f  al l  sequences )  th e networ k 
demonstrate d tha t  i t  coul d reproduce  th e trainin g se t  withi n 
tolerance .  Toleranc e wa s on e hal f  th e differenc e o f  th e max -
imu m an d min imu m values .  Tabl e 1  describe s networ k pa -
rameter s use d fo r  thi s experimen t  an d th e next .  I n thi s 
experiments ,  th e inpu t  an d outpu t  symbol s wer e converte d 
t o fixed  widt h rando m binar y patterns .  A t  thi s poin t  th e net -
wor k capture s onl y th e explici t  sequence s i n th e trainin g 
se t  T o generalize ,  th e learnin g progra m mus t  overtrai n th e 
network .  Overtrainin g force s th e networ k t o g o throug h 
phas e changes ,  drasti c alteration s i n it s behavior ,  a s i t  trie s 
t o separat e th e output s mor e an d more .  Pollac k (I n press ) 
demonstrate s th e characteristi c shif t  i n behavio r  wit h a  net -
wor k whic h learn s successivel y large r  finite  subset s o f  th e 
parit y languag e (eve n numbe r  o f  1  ' s  i n th e inpu t  string )  un -
ti l  i t  suddenl y acquire s th e parit y languag e fo r  an y lengt h 
inpu t  string .  I n thi s experiment ,  th e learnin g procedur e 
stoppe d onl y whe n 1 0 consecutiv e overtrainin g passe s oc -

curred. ^  Figur e 4 b illustrate s th e respons e o f  th e S C N t o th e 

strin g a20b20c20d20a20 . 

Learnin g rat e 
M o m e n t u m rat e 
Overtrainin g 
Hig h Symbo l  Valu e 
Lx) w Symbo l  Valu e 
Squashin g Functio n 
Erro r  Toleranc e 
Stat e Widt h 
Patter n Widt h 
Initia l  Slat e Valu e 

Letter s 
0. 1 
0. 3 
10 
1. 0 

-1. 0 
tan h 
1. 0 
3 
3 

0. 9 

Figure s 
0, 1 
0. 4 
20 

1. 0 &  se e fig.  4 
-1. 0 &  se e fig.  4 

tan h 
0.12 5 

4 
2 

0.2 5 

Tabl e 1 :  Trainin g Parameter s 

The nex t  experimen t  demonstrate s th e possibilit y  o f  stor -
in g visua l  image s a s man y t o man y mappings .  Th e domai n 
of  ihi s mappin g i s th e se t  { T R I A N G L E ,  S Q U A R E ) ,  repre -
sente d a s binar y patterns ,  {(0,1) ,  (1,0)) .  Th e rang e se t  o f 
eac h o f  thes e symbol s i s th e vertice s o f  tha t  objec t  a s show n 
i n Figure s 5 a an d 5b .  A  simila r  trainin g metho d wa s em -
ploye d an d Figure s 5c ,  5d ,  an d 5 e illustrat e th e result s o f 
presentin g th e inpu t  strin g T R I A N G L E ^ S Q U A R E ^ T R I -
ANGLÊ  

Discussio n an d Conclusio n 

2.  Durin g a n overtrainin g pas s weight s ar e modified ,  eve n 
thoug h th e al l  o f  th e output s ar e wit h toleranc e o f  thei r  de -
sire d values . 

I n bot h studies ,  th e networ k create d fo r  itsel f  a  periodi c out -
put  attracto r  fo r  eac h inpu t  patter n utilizin g hidde n stat e in -
formatio n (whic h wil l  b e explore d i n a  longe r  paper) .  W e 
observe d differen t  organization s o f  interna l  stat e i n differ -
ent  trainin g run s du e t o bac k propagation' s sensitivit y t o th e 
initia l  weight s (Kole n &  Pollack ,  1990) .  I n mos t  cases ,  w e 
als o observe d tha t  quickl y switchin g betwee n symbol s ca n 
lea d t o severa l  cycl e delay s o f  th e correctnes s conditio n a s 
th e outpu t  dance s aroun d th e targe t  response .  W e believ e 
thi s parallel s th e "ti p o f  th e tongue "  phenomen a an d sug -
gest s tha t  enumerativ e multiassociativ e memorie s coul d 
provid e a  usefu l  foundatio n fo r  modelin g thi s psychologica l 
phenomen a an d others .  Nature' s solutio n t o th e scalin g is -
sue ,  whic h affect s al l  connectionis t  models ,  ma y tur n ou t  t o 
be tie d t o th e distinctio n betwee n recal l  an d recognition.  A s 
has bee n pointe d ou t  i n th e past ,  invertin g a  categorizatio n 
model  o r  a n associativ e memor y i s a  difficul t  problem ,  be -
caus e i t  require s a  many-to-man y mapping ,  no t  supplie d b y 
th e standar d architecture s (Williams ,  1986) .  Th e inversio n 
of  a  multiassociativ e memor y woul d remai n a  multiassocia -
tiv e memory . 

The mai n difficult y wit h ou r  initia l  M M model ,  an d wit h 
most  recurren t  bac k propagatio n system s i s th e relianc e o n 
globa l  stat e informatio n an d synchronou s updat e o f  tha t  in -
formatio n (Grossberg ,  1987) .  A s natur e teache s us ,  i t  i s 
much cheape r  t o buil d asynchronou s an d loca l  paralle l  pro -
cessing ,  whic h unfortunatel y ca n b e quit e unstable .  Th e 
multiassociativ e tas k i s well-suite d fo r  a n asynchronou s an d 
loca l  treatmen t  Followin g Hanso n 1990 ,  w e hav e bee n ex -
perimentin g wit h a  mode l  i n whic h eac h weigh t  i n a  syste m 
i s a  dynamica l  system ,  loosel y couple d t o nearb y connec -
tions ,  asynchronousl y changin g ove r  time .  Learnin g doe s 
not  constrai n th e networ k t o takin g o n particula r  values ,  bu t 
of  meetin g th e necessar y functionalit y o f  th e networ k i n 
term s o f  a n atemporall y multiassociativ e memory . 

By focusin g o n th e many-to-man y mappin g a s a  cogni -
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Figur e 5c :  cycle s 1-2 0 Figur e 5d :  cycle s 21-4 0 Figur e 5e :  cycle s 41-6 0 

Figur e 5 :  Trainin g Set s an d Outpu t  display s fo r  th e ( T R I A N G L E ,  S Q U A R E}  problem . 

tiv e task ,  implemente d i n a n enumerativ e rathe r  tha n ex -
plici t  storag e memory ,  w e se e a  ne w general-purpos e 
connectionis t  mode l  beyon d th e categorizatio n an d associa -
tiv e memor y o f  feed-forwar d an d relaxatio n models ,  an d 
th e predictio n an d sequenc e generatio n o f  recurren t  net -
works . 
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