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Abstrac t 

One argument in favor of current PDP models has been that the availability of "hid-

den units "  allow s th e syste m t o creat e a n interna l  representatio n o f  th e inpu t  domain , 

and t o us e thi s representatio n i n producin g outpu t  weights .  Th e "microfeatures "  learne d 

by set s o f  hidde n units ,  i t  ha s bee n argued ,  provid e a n alternativ e t o symbol s fo r  certai n 

reasonin g tasks .  I n thi s pape r  w e tr y t o furthe r  thi s argumen t  b y demonstratin g severa l 

result s tha t  indicat e tha t  suc h representation s ar e formed .  W e sho w tha t  b y usin g a 

spreadin g activatio n mode l  ove r  th e weight s learne d b y network s traine d vi a backprop -

agation ,  w e ca n mode l  certai n cognitiv e effects .  I n particular ,  w e sho w som e result s 

i n th e area s o f  modelin g phonem e confusion s an d handlin g word-sens e disambiguation , 

and som e preliminar y result s demonstratin g tha t  primin g effect s ca n b e modele d b y 

thi s activatio n spreadin g approach . 

1 Introduction 

A primary difference between the neural networks of 20 years ago and the current generation 

of  connectionis t  model s i s th e additio n o f  mechanism s whic h permi t  th e syste m t o creat e 

an interna l  representation .  Thes e "subsymbolic, "  semanticall y unnameable ,  feature s whic h 

ar e induce d b y connectionis t  learnin g algorithm s hav e bee n discusse d a s bein g o f  impor t 

bot h i n structure d an d distribute d connectionis t  network s (cf .  Feldma n an d Ballard ,  1982 ; 

Rumelhar t  an d McClelland ,  1986) .  Th e fac t  tha t  networ k learnin g algorithm s ca n creat e 

thes e microfeature s i s not ,  however ,  enoug h i n itsel f  t o accoun t  fo r  ho w cognitio n works . 

Most  o f  wha t  w e cal l  intelligen t  though t  derive s fro m bein g abl e t o reaso n abou t  th e relation s 

betwee n objects ,  t o hypothesiz e abou t  event s an d objects ,  etc .  I f  P D P model s ar e t o b e 

use d fo r  cognitiv e modelin g w e mus t  complet e th e stor y b y explainin g ho w network s ca n 

reaso n i n th e wa y tha t  humaji s (o r  othe r  intelligen t  beings )  do . 

To b e abl e t o clai m tha t  th e interna l  representation s learne d b y connectionis t  network s 

ca n provid e a  substrat e o n wliic h suc h symboli c reasonin g ca n b e performed ,  w e mus t  b e 

'Als o affiliate d wit h Uj « U M Institut e fo r  Advance d Compute r  Studie s an d th e System s Reseairc h Center . 
Partia l  suppor t  fo r  thi s wor k wa s provide d b y th e Offic e o f  Nava l  Researc h contrac t  N00014-88-K-056 0 an d 
NSF gran t  IRI-8907890 .  Thi s wor k wa s performed ,  i n part ,  a t  th e Internationa l  Compute r  Scienc e Institut e 
i n Berkeley ,  Ca . 
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abl e t o demonstrat e tha t  thi s representation ,  whe n remove d fro m a n inpu t  mapping ,  ca n 

allo w outpu t  concept s t o b e relate d together .  Thus ,  fo r  example ,  t o accoun t  fo r  th e sort s 

of  task s whic h hav e motivate d traditiona l  A I  models ,  suc h a s natura l  languag e processin g 

and plannin g systems ,  a  syste m mus t  b e abl e t o reaso n abou t  "grandma "  withou t  havin g 

grandm a (o r  someon e wh o look s lik e her )  physicall y availabl e t o th e perceiver ^  I n a  multi -

laye r  P D P network ,  thi s minimall y require s th e abilit y  t o abstrac t  relationship s betwee n 

th e outpu t  unit s withou t  directl y activatin g inpu t  units . 

I n humans ,  thi s relatednes s o f  concept s i s usuall y teste d vi a experimenta l  paradigm s 

tha t  ar e base d o n a  mode l  i n whic h activatio n spread s throug h a n associativ e networ k 

relatin g concept s whic h ar e eithe r  perceptuall y o r  semanticall y linked .  A n examinatio n 

of  th e sprea d o f  activatio n throug h semanticall y relate d concept s ha s bee n th e focu s o f 

much wor k i n categorizatio n an d lexica l  access^ .  Coul d thi s model ,  i n whic h activatio n 

spread s betwee n relate d concept s (represente d b y outpu t  concepts) ,  b e realize d usin g th e 

sort s o f  microfeature-base d representation s (encode d i n th e "hidden "  units )  learne d b y P D P 

models ? 

I n thi s paper ,  w e wil l  demonstrat e som e evidenc e tha t  thi s sor t  o f  mode l  can ,  i n fact , 

be realize d i n P D P model s b y usin g a  direc t  analo g o f  spreadin g activation .  Essentially , 

activatio n a t  th e outpu t  node s i s sprea d throug h th e networ k o f  weight s betwee n hidde n an d 

outpu t  unit s i n a  three-laye r  networ k traine d b y th e classica l  erro r  back-propagatio n method . 

Usin g thi s technique ,  describe d i n mor e detai l  i n th e nex t  section ,  w e ar e abl e t o demonstrat e 

tha t  meaningfu l  relationship s betwee n outpu t  unit s ca n b e found .  Followin g thi s w e describ e 

thre e result s o f  thi s work :  som e result s i n th e area s o f  modelin g phonem e confusion s (sectio n 

3)  an d handlin g word-sens e disambiguatio n (sectio n 4) ,  an d som e preliminar y result s i n 

demonstratin g tha t  primin g effect s ca n b e demonstrate d durin g thi s activatio n spreadin g 

(sectio n 5) . 

I t  shoul d b e noted ,  however ,  tha t  th e evidenc e presente d i n thi s pape r  shoul d no t  b e 

take n a s a  direc t  mode l  o f  huma n cognitiv e processin g an d activatio n spread .  Th e differ -

ence s betwee n multiple-layer ,  bac k propagatio n trained ,  P D P network s an d th e eithe r  th e 

hardwar e o f  th e huma n brai n o r  th e huma n cognitiv e apparatu s ar e many .  Al l  w e wis h t o 

do i n thi s pape r  i s t o demonstrat e tha t  distribute d representations ,  suc h a s thos e learne d 

by thes e networks ,  coul d accoun t  fo r  activatio n spreadin g effects .  Thus ,  thi s wor k (an d 

numerou s extension s thereto )  i s necessar y t o demonstratin g tha t  a  subsymboli c substrat e 

coul d implemen t  human-lik e cognition ;  howeve r  i t  i s  fa r  fro m sufficient . 

2 Activation Spread 

Our system starts by assuming an activation pattern is started at one or more of the output 

node s o f  th e P D P network .  Thi s activatio n the n spread s t o th e hidde n uni t  an d bac k t o 

th e outpu t  units .  I n thi s way ,  thos e unit s whic h shar e th e mos t  "microfeatures "  i n c o m m o n 

'Similarly ,  on e ca n tes t  thi s effec t  simpl y b y closin g one' s eye s a.n d thinUnj? ;  abou t  "grandma "  o r  an y 
othe r  symboli c entity . 

^A complet e lis t  o f  citailion s i s beyon d «J w lengt h Bmi t  o n thi s paper .  A  lon g discussio n o f  spreadin g 
activatio n model s i n A I  afj d i n psychoiog y ca a b « foun d i n (Hendler ,  1987 ;  Chapte r  8) . 
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wil l  gai n th e mos t  activation'' . 

Th e sprea d o f  activatio n betwee n th e outpu t  an d hidde n unit s i n a  P D F networ k i s 

easil y modeled .  Conside r  a  network ,  alread y trained ,  i n whic h w e hav e tw o outpu t  nodes , 

j  an d k .  I f  j  i s  activate d wit h som e energy ,  tha t  energ y wil l  pas s t o eac h hidde n nod e 

i n proportio n t o th e weigh t  betwee n j  an d tha t  node .  Eac h o f  thes e nodes ,  i n turn ,  pas s 

activatio n t o th e outpu t  node s i n proportio n t o th e weight s t o thos e outpu t  nodes .  Thus , 

k wil l  gai n activatio n fro m j  give n by : 

/ 

t=l 

wher e Vj k ca n b e considere d a s a  weigh t  betwee n outpu t  unit s k  an d i .  I n thes e networks , 

we trea t  th e weight s a s symmetric ,  s o tha t  Vj k =  Vkj .  Wher e thi s symmetr y holds ,  V  = 

[vjk]iij, k  =  l,...,iV )  (wher e N  i s th e numbe r  o f  outpu t  units )  i s  recognize d t o be ,  b y 

definition ,  th e mathematica l  covarianc e matri x o f  th e weight s betwee n th e hidde n laye r  an d 

th e outputs .  Thus ,  a  traditiona l  vie w o f  activatio n spreading ,  applie d t o thes e networks ,  i s 

modele d b y th e well-behave d mathematica l  relationshi p o f  covariance' * 

Whil e th e covarianc e number s ar e directl y relate d t o th e pattern s learne d b y th e P D F 

network ,  the y ar e unbounded ,  makin g the m difficul t  t o wor k wit h i n modeling .  A s i t  i s 

preferabl e t o handl e bounde d numbers ,  i n th e experiment s describe d i n thi s paper ,  w e 

replac e th e covarianc e matri x V  b y th e mathematicall y ''equivalent, "  althoug h bounde d 

matri x o f  correlatio n coefficient s C  =  [cki ]  compute d as : 

(Tk i 
Ckl  = 

<̂kl  =  - J Yl̂ '̂ i k  -  Wk)iWi i  -  wi) , 

1=1 

and ,  consequently : 

/  Cfcf c =  1 

\  - l < C k i < + l . 

The value s Ck i  ar e bounde d an d reflec t  th e correlation ,  base d o n th e parameter s o f  th e 

network ,  betwee n outpu t  unit s k  an d / ,  + 1 standin g fo r  th e m a x i m u m positiv e correla -

tio n (i.e .  virtuall y identica l  classes )  an d —1 fo r  th e m a x i m u m negativ e correlatio n (i.e . 

completel y different) . 

I n th e remainde r  o f  thi s paper ,  w e wil l  examin e wha t  happen s whe n thi s mode l  o f 

activatio n i s applie d t o severa l  specifi c  networks .  W e wil l  describ e th e trainin g o f  th e P D F 

models ,  an d describ e ho w th e correlation-coefficien t  modeled ,  activation-spreadin g proces s 

can b e use d t o sho w interestin g aspect s o f  th e representation s learne d b y P D F networks . 

^This effect was first demoast/ated ui a hybrid system merging a local connectionist model and a symbolic 
marker-passer .  Detail s  o f  tIjA t  woi k ca n b e foun d i n (Hendler ,  1989) . 

*Othersiiv « modele d th e sprea d o f  activatio n throug h a  semanti c memor y usin g mor e comple x functions . 
The bes t  know n o f  thi s wor k i s th e ACT *  mode l  discusse d i n Anderso n (1983) ,  whic h als o present s a  revie w 
of  othe r  system s usin g simila r  techniques . 
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3 P h o n e m e C o n f u s i o n 

Many phenomena needing to be explained by the cognitive scientist have their roots in the 

perceptua l  similaritie s betwee n variou s object s a s viewe d b y th e huma n cognitiv e apparatus . 

Some example s include : 

1. Categorization, where humans can classify objects as better and worse examples of 

some categor y (fo r  example ,  "sparrow "  i s consistentl y rate d a s a  bette r  "bird "  tha n 

"turkey") . 

2. Priming where the priming occurs for perceptually similar objects. An example of 

thi s i s "rhymin g priming, "  reporte d i n numerou s lexica l  acces s experiments ,  i n whic h 

word s whic h rhym e demonstrat e primin g effects . 

3. Functional identification in which objects which have perceptual features in common 

ar e use d t o perfor m function s associate d wit h eac h othe r  (fo r  example ,  substitutin g a 

roc k fo r  a  hammer  du e t o a  similarit y i n mass) . 

Traditional symbolic modeling, in the AI and cognitive psychology communities, has been 

unabl e t o offe r  a n explanatio n o f  thes e effects . 

I n th e huma n perceptua l  system ,  on e o f  th e "earliest "  place s i n whic h similarit y ef -

fect s ca n b e see n i s i n th e perceptio n o f  phoneme s i n continuou s speech .  Experimentatio n 

(Aubert ,  1988 )  ha s show n tha t  wor d confusion s ma y aris e fro m phonem e confusion s oc -

curin g durin g speec h perception .  Thus ,  fo r  example ,  th e phonem e fo r  th e "shor t  a "  (Ahh ) 

soun d wil l  b e mor e likel y t o b e confuse d wit h th e perceptuall y relate d "shor t  e "  (ehh )  soun d 

tha n wit h th e les s relate d "har d g "  (Guh )  sound .  Base d o n experimentation ,  Auber t  pro -

duce d a  matri x o f  confusio n likelihood s (Bounde d fro m 0  t o 1 )  betwee n eac h o f  5 0 phoneme s 

he teste d (thu s producin g a  50x5 0 correlatio n matri x betwee n phonemes ,  base d o n huma n 

data) .  I n hi s matrix ,  19 4 cell s ha d value s differen t  tha n 0  (n o confusion )  o r  1  (th e identit y 

cell s alon g th e mai n diagona l  o f  th e matrix) . 

To se e whethe r  th e activatio n spreadin g mode l  describe d i n sectio n 2  woul d produc e 

a simila r  matri x o f  phonem e confusions ,  a n experimen t  wa s ru n i n whic h a  P D F networ k 

(wit h input ,  hidden ,  an d outpu t  units )  wa s traine d t o d o phonem e identification .  Usin g a 

techniqu e develope d b y Bourlard ,  Morgan ,  an d Welleken s (1989) ,  a  dat a bas e consistin g o f 

100 sentence s wer e use d fo r  trainin g th e networ k t o recogniz e phonemes .  Vector-quantize d 

(13 2 prototypes )  me l  cepstr a wer e use d a s acousti c vectors .  T o simplif y th e representatio n 

of  th e inpu t  data ,  eac h vecto r  wa s replace d b y it s inde x code d b y a  simpl e binar y vecto r 

wit h onl y on e bi t  "on" .  Multipl e frame s wer e use d a s inpu t  t o provid e contex t  ( 9 frames ) 

t o th e network .  Thus ,  th e inpu t  field  containe d 9  X  13 2 =  118 8 units ,  an d th e tota l  o f 

possibl e input s wa s equa l  t o 132^ .  Th e siz e o f  th e outpu t  laye r  wa s kep t  fixed  a t  5 0 units , 

correspondin g t o th e 5 0 phoneme s t o b e recognized .  Ther e wer e 26,76 7 trainin g pattern s 

representin g onl y a  smal l  fractio n o f  th e possibl e inputs .  A  networ k wit h five  hidde n unit s 

was traine d o n thi s set ,  thu s th e networ k ha d 118 8 inputs ,  5  hidden ,  an d 5 0 outpu t  units . 

We compare d th e matri x o f  correlatio n coefficient s (i.e .  th e confusio n matri x C )  t o 

Aubert' s  phonem e conlosio n matrix .  Fo r  th e 39 4 case s wher e th e han d generate d matri x 

containe d non-2er o vajues ,  th e correlatio n wet s p  =  0.365 .  Usin g th e entir e confusio n matri x 

excep t  fo r  th e identit y cases ,  th e correlatio n coefficien t  wa s p  =  0.285 .  I n bot h cases ,  ther e 
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i s  a  statisticall y significan t  ( P >0.001 )  correlatio n betwee n th e hand-generate d confusio n 

matri x an d th e on e obtaine d fro m th e P D P networ k b y th e spreadin g activatio n model . 

4 Word Sense Disambiguation 

At a "later" level of cognition, word sense disambiguation models have been proposed to 

accoun t  fo r  lexica l  acces s dat a foun d i n psychologica l  experiment s (cf .  Swinney ,  1979) .  On e 

suc h mode l  i s a  structure d connectionis t  mode l  develope d b y Gar y Cottrel l  a t  th e Univer -

sit y o f  Rocheste r  (Cottrell ,  1985) .  Cottrell ,  usin g weight s derive d b y hand ,  demonstrate d 

tha t  a  structure d connectionis t  networ k coul d distinguis h bot h word-sens e an d câ e-slo t 

assignment s fo r  ambiguou s lexica l  items ,  i n a  manne r  consisten t  wit h experimenta l  results . 

Presente d wit h th e sentenc e "Joh n thre w th e fight"  th e syste m woul d immediatel y activat e 

bot h meaning s o f  "throw, "  bu t  i n a  shor t  tim e woul d settl e i n a n activatio n patter n i n 

whic h a  nod e correspondin g wit h onl y on e o f  th e meaning s woul d remai n on .  Presente d 

wit h "Joh n thre w th e ball "  i t  settl e o n anothe r  meaning .  Th e node s o f  Cottrell' s  networ k 

include d word s (John ,  Threw ,  etc.) ,  wor d sense s (Johnl ,  Propel ,  etc. )  an d case-slot s ( T A C T 

(agen t  o f  th e throw) ,  P A C T (agen t  o f  th e Propel) ,  etc.) . 

To duplicat e Gary' s networ k vi a training ,  w e use d bac k propagatio n t o trai n a  network , 

usin g a  trainin g se t  i n whic h distribute d patterns ,  ver y loosel y correspondin g t o a  "dictio -

nary "  o f  wor d encodings ^  wer e associate d wit h a  vecto r  representin g eac h o f  th e individua l 

node s whic h woul d b e represente d i n Cottrell' s  system ,  bu t  wit h n o structure .  Thus ,  a 

typica l  elemen t  i n th e trainin g se t  coul d be ,  fo r  example ,  a  1 6 bi t  vecto r  (representin g a 

fou r  wor d sentence ,  eac h wor d a s a  4  bi t  pattern) ,  associate d wit h anothe r  1 6 bi t  vecto r 

representin g th e nodes : 

Bobl  John l  Prope l  Thre w Fight l  Ball l  Pag t  Pob j  Tag t  Tob j  Bo b Joh n Thre w Th e Figh t 

Bal l 

For  thi s example ,  th e syste m wa s traine d o n th e encoding s o f  th e fou r  sentences : 

1. John threw the ball. 

2. John threw the fight. 

3. Bob threw the ball. 

4. Bob threw the fight. 

with the output set high for those objects in the second vector which were appropriately 

associated . 

Upon completio n o f  th e learning ,  th e activatio n spreadin g algorith m wa ^  use d t o deriv e a 

tabl e o f  connectivit y weight s betwee n th e outpu t  units .  Thes e weight s wer e the n transferre d 

int o th e Rocheste r  Connectionis t  Simulato r  (Goddard ,  et.al. ,  1987) ,  th e sam e simulatio n 

metho d use d b y Cottrell ,  an d th e activatio n spreadin g mode l  wa s use d t o examin e th e 

results .  Usin g th e activatio n spreadin g metho d describe d i n sectio n 2 ,  result s simila r  i n 

time-cours e an d behavio r  t o thos e produce d b y Cottrell' s  mode l  wer e seen .  Thus : 

*I n a  realisti c ,  thes e woul d b e replace d b y actua l  signa l  processin g output s o r  othe r  representation s o f 
actua l  wor d pronunciatio n forms .  Thi s techniqu e o f  usin g a  rando m encodin g i s base d o n th e wor k o f  Jef f 
Elman (1988) . 
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1.  Activatio n fro m th e node s correspondin g t o John ,  throw ,  the ,  an d fight  caus e a  positiv e 

activatio n a t  th e nod e fo r  "Throw "  an d a  negativ e activatio n a t  th e nod e fo r  "Propel. " 

2. Activation from j'o/in throw the 6a//spread positively to "Propel" and not to "throw." 

3. Activation at TVlGTand TOBJ spreads positive activation to Throw SiTid not to Propel. 

4. Activation at PACT a,nd POBJ causes a spread to Propel hut not to Throw. 

(We have aJso used this approach to test more complex sentences, still within the framework 

of  Cottrell' s  system .  Simila r  result s hav e consistentl y bee n obtained. ) 

5 Priming Effects 

A consistent effect observed in experimentation with humans has been the priming effects 

tha t  ar e largel y responsibl e fo r  th e belie f  i n a n autonomi c activation-spreadin g system^ . 

Such effects ,  however ,  ar e no t  exhibite d i n eve n th e recurren t  P D P models .  On e partic -

ula r  aspec t  o f  thes e effect s i s th e abilit y  fo r  "semantic "  expectation s t o prim e recognitio n 

and categorizatio n tasks .  Fo r  example ,  whe n expectin g a  "vowel, "  e  wil l  b e mor e quickl y 

recognize d a s a  lette r  tha n i f  prime d t o expec t  a  "number. "  Thus ,  a n activatio n spreadin g 

metho d shoul d allo w prio r  activatio n o f  a  concep t  t o facilitat e recognitio n o f  a n exampl e o f 

th e concep t  (vowel/e ,  etc.) .  Thi s facilitatio n ca n appea r  bot h i n a  shortene d tim e cours e 

t o recognition ,  o r  i n a  preferenc e fo r  a  recognitio n o f  a n ambiguou s signa l  base d o n a n 

expectation . 

We hav e recentl y begu n experimentio n whic h show s tha t  primin g effect s m a y b e induce d 

vi a th e activatio n spreadin g metho d describe d i n sectio n 2 .  Tha t  is ,  give n a  previou s 

activatio n a t  a  particula r  node ,  w e ma y caus e som e othe r  nod e t o "win "  mor e activatio n 

energy ,  faster ,  tha n i t  woul d i f  th e previou s activatio n wa s eithe r  missin g o r  wa s o n som e 

othe r  node . 

To demonstrat e thi s effect ,  w e traine d a  12-4-1 2 auto-associativ e network ^  t o recogniz e 

a trainin g se t  i n whic h th e twelv e input s corresponde d t o th e number s 0  throug h 9 ,  an d tw o 

extr a inputs ,  on e o f  whic h wa s o n whe n a n od d numbe r  wa s presented ,  th e othe r  o n whe n 

an eve n numbe r  wa s presente d (we' U cal l  thes e node s eve n an d od d fo r  simplicity) .  Thus , 

th e numera l  3  woul d b e represente d a s O' s i n position s correspondin g t o othe r  number s an d 

t o even ,  an d I' s  i n th e position s correspondin g t o th e numbe r  itsel f  an d t o odd ,  tha t  i s  " 0 

0 0 1 0 0 0 0 0 0 1 0. "  Afte r  training ,  o n th e encoding s o f  al l  1 0 numerals ,  th e covarianc e 

coefficient s wer e compute d an d transferre d int o th e Rocheste r  Connectionis t  Simulator ,  a s 

i n th e previou s section . 

To tes t  fo r  th e abilit y  t o simulat e priming ,  ambiguou s activatio n pattern s wer e use d t o 

observ e networ k behavior .  Thus ,  th e syste m migh t  hav e th e outpu t  correspondin g t o th e 

numera l  3  activate d a t  a  strengt h o f  .4 ,  an d th e numera l  6  represente d a t  a  valu e o f  .6 .  A s 

th e syste m settled ,  on e o r  th e othe r  o f  thes e node s woiil d becom e positive ,  whil e th e othe r 

* A goo d discussio n o f  thes e effect s an d relate d experiment s ca n b e foun d i n Anderso n an d Bowe r  (1983) . 
t̂ha t  is ,  on e i n whic h th e iupxit s an d output s i n th e trainin g se t  wer e identica l 
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woul d becom e negative .  Wher e n o othe r  activatio n wa s introduced ,  th e nod e wit h highe r 

activatio n woul d wi n ou t  ove r  th e other* . 

Primin g effect s ar e introduce d i n thes e network s b y first  activatin g eithe r  th e nod e od d 

or  th e nod e eve n fo r  a  shor t  time ,  followe d b y th e presentatio n o f  th e ambiguou s input .  I n 

thi s situation ,  th e followin g sort s o f  behavior s ar e seen : 

1. Where the direction (odd or even) and the number with the larger activation are the 

same,  tha t  numbe r  gain s ascendanc y (become s mor e positiv e whil e th e othe r  nod e 

becomes negative )  mor e quickl y tha n wher e n o prio r  activatio n i s used . 

2. Where the direction and the item with less activation (.4) are different, the item with 

les s activatio n wil l  en d u p i n ascendanc y (a s oppose d t o becomin g negativ e a s happen s 

withou t  th e presenc e o f  th e primin g activation) . 

Thus, this activation does correspond well with priming effects. It should be noted that 

as thi s techniqu e ha s onl y bee n use d o n quit e smal l  dat a sets ,  ther e i s a  questio n a s t o 

whethe r  th e result s wil l  scal e fo r  mor e significan t  trials .  Experimentatio n i n thi s directio n 

i s currentl y underway . 

6 Conclusions 

In this paper, we have presented some evidence that the sorts of representations learned, 

vi a training ,  b y connectionis t  networks ,  ma y hav e th e necessar y propertie s t o b e abl e t o 

demonstrat e severa l  effect s know n t o occu r  i n huma n cognition .  Usin g a  spreadin g activa -

tio n mode l  ove r  th e P D P network ,  w e hav e show n evidenc e fo r  th e abilit y  t o mode l  a  simpl e 

recognitio n o f  perceptuall y relate d item s (th e phonem e confusions )  an d linkin g o f  semanti -

call y relate d item s (th e lexica l  item s i n Cottrell' s  model) .  I n addition ,  we'v e discusse d som e 

preliminar y evidenc e tha t  primin g effects ,  a  robus t  phenomen a i n th e activatio n spread -

in g literature ,  ca n b e show n i n thi s spreading-activatio n model .  Thus ,  w e hav e presente d 

evidenc e demonstrate d tha t  distribute d representations ,  suc h a s thos e learne d b y thes e net -

works ,  coul d possibl y accoun t  fo r  activatio n spreadin g effect s a s i s require d t o accoun t  fo r 

many know n psychologica l  results . 

As note d i n th e introduction ,  however ,  th e evidenc e presente d i n thi s pape r  shoul d no t 

be take n a s a  direc t  mode l  o f  huma n cognitiv e processin g an d activatio n spread .  Th e differ -

ence s betwee n multiple-layer ,  bac k propagatio n trained ,  P D P network s an d th e eithe r  th e 

hardwar e o f  th e huma n brai n o r  th e huma n cognitiv e apparatu s ar e many .  Thus ,  th e wor k 

presente d i n thi s paper ,  an d numerou s extension s thereto ,  ar e necessar y t o demonstratin g 

tha t  a  subsymboli c substrat e coul d implemen t  human-lik e cognition ;  howeve r  i t  i s  fa r  fro m 

sufficient .  W e ar e currentl y examinin g th e us e o f  thi s techniqu e i n mor e comple x network s 

tha t  simpl e feed-forward ,  completel y connecte d networks ,  an d believ e tha t  simila r  effect s 

must  b e show n i f  thes e network s ar e t o b e take n seriousl y a s model s underlyin g huma n 

cognition . 

*We shoul d note ,  however ,  tha t  thes e network s ofte n fai l  t o stabilize ,  an d thu s al l  weight s g o t o 0  afte r  a 
relativel y shor t  time .  Thi s i s th e mai n reaso n wh y w e categoriz e thes e result s a s "preliminary. " 
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