
UC Merced
Proceedings of the Annual Meeting of the Cognitive Science 
Society

Title
Generalization, Representation, and Recovery in a Self-Organizing Feature-Map Model of 
Language Acquisition

Permalink
https://escholarship.org/uc/item/4b45n661

Journal
Proceedings of the Annual Meeting of the Cognitive Science Society, 21(0)

Author
Li, Ping

Publication Date
1999
 
Peer reviewed

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/4b45n661
https://escholarship.org
http://www.cdlib.org/


General izat ion ,  Representat ion ,  a n d R e c o v e r y 

i n a  Self-Organizin g F e a t u r e - M a p M o d e l  o f  L a n g u a g e Acquisitio n 

Pin g L i  (Ping@Cogsci.Richmond.Edu ) 
Departmen t  o f  Psycholog y 

Universit y o f  R ichmon d 
Richmond .  V A 23173 ,  U S A 

Abs t rac t 

Thi s stud y explore s th e self-organizin g neura l  networ k a s a 
model  o f  lexica l  an d morphologica l  acquisition .  W e exam -
ine d issue s o f  generalization ,  representation ,  an d recover y 
i n a  multipl e feature-ma p model .  Ou r  result s indicat e tha t 
self-organizatio n an d Hebbia n learnin g ar e tw o importan t 
computationa l  principle s tha t  ca n accoun t  fo r  th e psycho -
linguisti c processe s o f  semanti c representation ,  morpho -
logica l  generalization ,  an d recover y from  generalization s 
i n th e acquisitio n o f  reversiv e prefixe s suc h a s un -  an d dis- . 
Thes e result s attes t  t o th e utilit y  o f  self-organizin g neura l 
network s i n th e stud y o f  languag e acquisition . 

Introduction 

Languag e learnin g i s characterize d b y th e learner' s abilit y t o 
generaliz e beyon d wha t  i s  hear d i n th e input .  O n e curren t 
debat e o n connectionis t  model s o f  languag e acquisitio n con -
cern s th e issu e o f  generalizatio n (Elman ,  1998) .  Probabl y 
th e best-know n exampl e i n thi s debat e ha s t o d o wit h th e 
acquisitio n o f  th e Englis h pas t  tense :  childre n generaliz e -e d 
t o irregula r  verbs ,  producin g error s lik e failed ,  breaked ,  arx l 
corned .  Connectionis t  researcher s argu e tha t  thei r  networks , 
lik e h u m a n children ,  displa y generalization s i n a  U-shape d 
patter n o f  learnin g (Rumelhar t  &  McClelland ,  1986 ; 
M a c W h i n n e y &  Leinbach ,  1991 ;  Plunket t  &  Marchman , 
1991) .  I n contrast ,  symboli c theorist s argu e tha t  generaliza -
tio n i s rule-base d (Pinker ,  1991 ;  Pinke r  &  Prince ,  1988) . 

M o st  o f  thi s debat e ha s revolve d aroun d a  specifi c  cluste r 
of  connectionis t  models ,  th e back-propagatio n networ k a s a 
model  o f  languag e acquisition .  Severa l  limitation s ar e 
k n o w n t o th e back-propagatio n algorithm ,  especiall y i n th e 
contex t  o f  languag e acquisition :  i n particular ,  back -
propagatio n relie s o n a  gradient-descen t  weigh t  adjustmen t 
proces s t o reduc e th e erro r  betwee n desire d an d actua l  out -
puts .  Accordin g t o th e well-know n "n o negativ e evidence " 
argumen t  (Baker ,  1979 ;  B o w e r m a n ,  1988) ,  childre n d o no t 
receiv e constan t  feedbac k abou t  wha t  i s  incorrec t  i n thei r 
speech ,  o r  receiv e th e kin d o f  erro r  correction s o n a  word-by -
wor d basi s a s provide d t o th e back-propagatio n network . 

I n thi s study ,  w e explor e self-organizin g neura l  networks , 
i n particular ,  th e self-organizin g featur e m a p s a s a  potentia l 
clas s o f  model s o f  languag e acquisition .  I n contras t  t o bac k 
propagation ,  self-organizin g network s us e unsupervise d 
learnin g tha t  require s n o presenc e o f  a  superviso r  o r  a n ex -
plici t  teacher ;  learnin g i s achieve d entirel y b y th e system' s 
self-organizatio n i n respons e t o th e input .  Th e self -
organizin g proces s extract s a n efficien t  an d compresse d in -
terna l  representatio n fro m a  high-dimensiona l  inpu t  spac e 

and expresse s thi s n e w representatio n i n a  m a p structur e 
(Kohonen ,  1989) .  Ther e ar e thre e importan t  propertie s o f 
self-organizin g featur e m a p s tha t  m a k e the m particularl y 
wel l  suite d t o th e stud y o f  languag e acquisition . 

(1 )  Self-organization .  Self-organizatio n i n thes e net -
work s typicall y occur s i n a  two-dimensiona l  map ,  wher e 
eac h uni t  i s a  locatio n o n th e m a p tha t  ca n uniquel y repre -
sen t  on e o r  severa l  inpu t  patterns .  A t  th e beginnin g o f  learn -
ing ,  a n inpu t  patter n randoml y activate s on e o f  th e man y 
unit s o n th e m a p ,  accordin g t o h o w simila r  b y chanc e th e 
inpu t  patter n i s t o th e weigh t  vector s o f  th e units .  Onc e a 
uni t  become s activ e i n respons e t o a  give n input ,  th e weigh t 
vector s o f  th e uni t  an d it s neighborin g unit s ar e adjuste d s o 
tha t  the y becom e mor e simila r  t o th e inpu t  an d wil l  there -
for e respon d t o th e sam e o r  simila r  input s mor e strongl y th e 
nex t  time .  I n thi s way ,  ever y tim e a n inpu t  i s presented ,  a n 
are a o f  unit s wil l  becom e activate d o n th e m a p (th e activit y 
"bubbles") ,  an d th e maximall y activ e unit s ar e take n t o rep -
resen t  th e input .  Initiall y  activatio n occur s i n larg e area s i n 
th e m a p ,  bu t  graduall y learnin g become s mor e focuse d s o 
tha t  onl y th e maximall y respondin g unit s ar e active .  Thi s 
proces s continue s unti l  al l  th e input s hav e foun d som e 
maximall y respondin g units . 

(2 )  Representation .  A s a  resul t  o f  thi s self-organizin g 
process ,  th e statistica l  structure s implici t  i n th e high -
dimensiona l  spac e o f  th e inpu t  ar e represente d a s topologica l 
structure s o n a  two-dimensiona l  space .  Becaus e th e networ k 
develop s activit y bubble s t o captur e th e inpu t  space ,  simila r 
input s wil l  en d u p activatin g th e sam e unit s o r  unit s i n 
nearb y regions ,  yieldin g a  n e w similarit y structur e tha t  be -
comes clearl y visibl e o n th e map .  Thi s self-organize d repre -
sentatio n ha s clea r  implication s fo r  languag e acquisition :  th e 
formatio n o f  activit y bubble s m a y captur e critica l  processe s 
of  th e emergenc e o f  lexica l  categorie s i n children' s acquisi -
tio n o f  th e lexicon .  I n particular ,  th e networ k organize s in -
formatio n firs t  i n larg e area s o f  th e m a p an d graduall y zero s 
i n o n smal l  areas ;  thi s zero-i n proces s i s a  proces s fro m dif -
fus e t o focuse d pattern s o f  activit y tha t  lead s t o continuou s 
adaptatio n o f  th e network' s representation .  Thi s proces s ca n 
naturall y explai n m a n y generalizatio n error s reporte d i n th e 
literature :  fo r  example ,  substitution s o f  pu t  fo r  giv e ("pu t 
me th e bread" )  o r  fal l  fo r  dro p (" I  faile d it" )  reflect s th e 
child' s recognitio n o f  diffus e lexica l  similaritie s bu t  no t  th e 
focuse d fin e distinction s betwee n word s (Bowerman ,  1982) . 
Miikkulaine n (1997 )  showe d tha t  i n a  lesione d self -
organizin g featur e m a p ,  behavior s o f  dyslexi a (e.g. ,  produc -
in g do g i n respons e t o sheep )  ca n resul t  fro m partia l  damag e 
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t o th e semanti c representatio n (i n effec t  a  diffus e representa -
tio n o f  meaning) . 

(3 )  Hebbia n learning .  Hebbia n learnin g i s essentiall y  a 
co-occurrenc e learnin g mechanism ,  accordin g t o whic h th e 
associativ e strengt h betwee n tw o neuron s i s increase d i f  th e 
neuron s ar e bot h activ e a t  th e sam e tim e (Hebb ,  1949) .  Th e 
amount  o f  increas e i s proportionall y t o th e leve l  o f  activa -
tio n o f  th e tw o neurons .  Differen t  self-organizin g map s ca n 
be connecte d vi a Hebbia n learning ,  suc h a s i n Miikku -
lainen' s (1997 )  multipl e feature-ma p model :  initiall y  al l 
unit s o n on e m a p ar e connecte d t o al l  unit s o n th e othe r 
map;  a s self-organizatio n take s place ,  th e association s be -
come mor e focused ,  s o tha t  i n th e en d onl y th e maximall y 
activ e unit s o n th e tw o (o r  more )  m a p s ar e associated .  Heb -
bia n learnin g ha s stron g implication s fo r  languag e acquisi -
tio n i n tha t  i t  ca n accoun t  fo r  h o w th e chil d abstract s rela -
tionship s betwee n phonological ,  semantic ,  an d morphologi -
cal  propertie s o f  word s o n th e basi s o f  h o w ofte n thes e prop -
ertie s co-occu r  an d h o w strongl y the y ar e co-activate d i n th e 
representation . 

Becaus e o f  thes e properties ,  self-organizin g network s (a ) 
allo w u s t o trac k th e developmen t  o f  th e lexico n a s a n emer -
gent  proces s mor e clearl y i n th e network' s self-organizatio n 
(fro m diffus e t o focuse d pattern s o r  fro m incomplet e t o 
complet e associativ e links) ;  (b )  allo w u s t o mode l  one-to -
many o r  many-to-man y association s betwee n form s an d 
meaning s i n th e developmen t  o f  th e lexico n an d morphol -
ogy ,  an d (c )  provid e u s wit h a  se t  o f  biologicall y mor e plau -
sibl e an d computationall y mor e relevan t  principle s t o stud y 
languag e acquisitio n withou t  relyin g o n negativ e evidenc e t o 
learn .  The y ar e biologicall y mor e plausibl e becaus e on e 
coul d conceiv e o f  th e h u m a n cerebra l  corte x a s essentiall y  a 
self-organizin g m a p (o r  multipl e maps )  tha t  compresse s 
informatio n o n a  two-dimensiona l  spac e (Spitzer ,  e t  al. , 
1998) .  The y ar e computationall y mor e relevan t  becaus e on e 
coul d argu e tha t  chil d languag e acquisitio n i n th e natura l 
settin g (especiall y organizatio n an d reorganizatio n o f  th e 
lexicon )  i s largel y a  self-organizin g proces s tha t  proceed s 
withou t  explici t  teachin g (MacWhinney ,  1998) . 

I n thi s pape r  I  focu s o n th e proble m o f  th e Englis h rever -
siv e prefixe s tha t  ha s bee n discusse d b y Whor f  (1956 )  an d 
Bowerman(1982 )  i n th e contex t  o f  morphologica l  generali -
zation .  I n English ,  on e ca n us e th e prefi x un -  t o indicat e th e 
reversa l  o f  a n actio n i n verb s lik e unbuckle ,  uncoil ,  undress , 
unfasten ,  an d untie ,  bu t  no t  *unfill ,  *unhang ,  *unkick , 
*unpush ,  o r  *  unsqueeze .  W h y i s un -  allowe d wit h som e 
verb s bu t  no t  wit h others ? Whor f  hypothesize d tha t  ther e i s 
some underlyin g semanti c categor y tha t  license s th e us e o f 
un-  (roughl y " a covering ,  enclosing ,  an d surface-attachin g 
meaning") .  Becaus e thi s categor y function s onl y covertl y 
(i.e. ,  b y th e restriction s i t  place s o n un-) ,  h e calle d i t  a 
"cryptotype" .  T o Whorf ,  th e proble m i s tha t  th e precis e 
meanin g o f  th e cryptotyp e i s "subtle "  o r  eve n "intangible" , 
but  th e prefi x tha t  i t  license s i s productive .  Bowerma n ar -
gued tha t  th e notio n o f  cryptotype ,  thoug h elusive ,  migh t 
pla y a n importan t  rol e i n children' s acquisitio n o f  un- .  He r 
dat a showe d tha t  childre n produc e generalizatio n error s lik e 
*unbury ,  *unhang ,  *unhate ,  *unopen ,  *unpress ,  *unspill , 
or  *unsqueez e startin g fro m abou t  ag e 3 .  Sh e ha d tw o hy -
pothese s o n th e rol e o f  cryptotype ;  (a )  "generalizatio n vi a 

cryptotype" ,  i.e. ,  recognitio n o f  th e cryptotyp e lead s t o 
overl y genera l  use s (overgeneralizations) ;  e.g. ,  bur y fit s  th e 
cryptotyp e jus t  a s cove r  does ,  s o sa y *unbury .  (b )  "recover y 
vi a cryptotype" ,  i.e. ,  childre n us e th e cryptotyp e t o recove r 
fro m overgeneralizatio n errors ;  e.g. ,  hat e doe s no t  fi t  th e 
cryptotyp e meanin g an d onl y verb s i n th e cryptotyp e ca n 
tak e un- ,  s o sto p sayin g *unhate . 

But  h o w coul d th e chil d extrac t  th e cryptotyp e an d us e i t 
as a  basi s fo r  morphologica l  generalizatio n o r  recovery , 
when th e cryptotyp e i s intangibl e eve n t o linguist s lik e 
Whorf ? I n L i  (1993 )  L i  &  M a c W h i n n e y (1996 )  w e at -
tempte d t o answe r  thi s questio n b y simulatin g un -  an d it s 
cryptotyp e i n a  back-propagatio n network .  W e hypothesize d 
tha t  cryptotype s ar e intangibl e onl y becaus e traditiona l  sym -
boli c method s ar e les s effectiv e fo r  analyzin g th e comple x 
semanti c structure :  word s i n a  cryptotyp e var y i n th e numbe r 
of  relevan t  semanti c features ,  th e strengt h o f  activatio n o f 
eac h feature ,  an d th e degre e o f  overla p o f  features .  Thes e 
comple x structura l  propertie s len d themselve s naturall y t o 
distribute d representation s an d connectionis t  learning .  W e 
traine d a  networ k t o m a p semanti c feature s o f  verb s t o thre e 
prefixatio n patterns :  un- ,  it s  competito r  dis- ,  an d no -
prefixation .  Ou r  result s indicate d tha t  (a )  th e networ k forme d 
interna l  representation s o f  semanti c categorie s tha t  corre -
sponde d roughl y t o W h o r f  s  cryptotype ,  o n th e basi s o f 
learnin g limite d semanti c feature s o f  verb s an d morphologi -
cal  classes ;  (b )  th e networ k produce d overgeneralizatio n er -
ror s simila r  t o thos e reporte d b y B o w e r m a n (1982) ,  Clar k e t 
al  (1995) ,  an d thos e observe d i n th e C H I L D E S database . 

I n thi s study ,  w e examin e th e representatio n o f  crypto -
types ,  th e generalizatio n o f  prefixes ,  an d th e recover y fro m 
generalization s i n a  self-organizin g feature-ma p model .  A s 
discusse d above ,  self-organizin g featur e m a p s lear n o n th e 
basi s o f  self-organization ,  produc e representation s i n a  m a p 
structure ,  an d for m associativ e connection s vi a Hebbia n 
learning .  Thes e propertie s hav e recentl y bee n implemente d 
i n D I S L E X ,  a  multipl e feature-ma p mode l  o f  th e lexico n 
(Miikkulainen ,  1997) .  I n thi s study ,  w e us e D I S L E X a s a 
basi s t o simulat e generalization ,  representation ,  an d recov -
ery .  W e thin k tha t  th e self-organizin g an d Hebbia n learnin g 
processe s a s simulate d i n D I S L E X ca n hel p u s t o understan d 
th e representationa l  basi s o f  morphologica l  generalizatio n 
and th e learner' s recover y fro m generalizations . 

Method 

Network Architecture 

D I S L E X i s a  multipl e feature-ma p mode l  o f  th e lexicon ,  i n 
whic h differen t  self-organizin g m a p s dedicate d t o differen t 
type s o f  linguisti c informatio n (orthography ,  phonology ,  o r 
semantics )  ar e connecte d throug h associativ e link s vi a Heb -
bia n learning .  Durin g learning ,  a n inpu t  patter n activate s a 
uni t  o r  a  grou p o f  unit s o n on e o f  th e inpu t  maps ,  an d th e 
resultin g bubbl e o f  activit y propagate s throug h th e associa -
tiv e link s an d cause s a n activit y bubbl e t o for m i n th e othe r 
map.  I f  th e directio n o f  th e associativ e propagatio n i s fro m 
phonolog y o r  orthograph y t o semantics ,  comprehensio n i s 
modeled ;  productio n i s modele d i f  i t  goe s fro m semantic s t o 
phonolog y o r  orthography .  T h e activatio n o f  co-occurrin g 
lexica l  an d semanti c representation s lead s t o continuou s or -
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ganizatio n i n thes e m a p s ,  an d t o adaptiv e formation s o f  as -
sociativ e connection s b e t w e e n th e m a p s .  Figur e 1  present s a 
schemati c d iagra m o f  th e architectur e o f  th e m o d e l . 

OwdrtpN c 

fTwmcf y 

Figur e 1 :  A  multipl e feature-ma p mode l  o f  th e lexico n (Miik -
kulainen ,  1997 ) 

In this study, we applied DISLEX to the examination of 
lexica l  aix l  morphologica l  acquisition .  W e constructe d t w o 
self-organizin g m a p s ,  eac h o f  th e siz e o f  2 5 x  2 5 units ,  o n e 
fo r  th e organizatio n o f  phonologica l  inpu t  (hencefort h th e 
phonologica l  m a p ) ,  an d th e othe r  fo r  th e organizatio n o f 
semanti c inpu t  (th e semanti c  m a p ) .  W e use d n o orthographi c 
m a ps sinc e w e wer e mode l i n g acquisitio n i n y o u n g childre n 
w h o ar e preliterate . 

Input Representations 

T h e inpu t  dat a t o ou r  networ k wer e 22 8 verb s base d o n L i 
(1993 )  an d L i  an d MacWhinne y (1996) .  Forty-nin e o f  the m 
wer e verb s wit h th e prefi x mh- ,  1 9 o f  the m wer e verb s wit h 
th e competito r  prefi x  dis- ,  an d th e remainin g 16 0 wer e verb s 
wit h n o prefixe s {un -  an d dis -  bot h indicat e th e reversa l  o f 
th e actio n o f  th e verb ,  a s i n unti e an d disassemble) .  Th e 
relativ e highe r  proportio n o f  th e las t  typ e o f  verb s (i.e. ,  zer o 
verbs )  a s compare d wit h un -  aiu d dis -  verb s wa s intende d t o 
reflec t  th e distributio n o f  thes e form s i n th e inpu t  t o chil -
dren . 

Previou s connectionis t  model s o f  languag e acquisitio n 
hav e ofte n reUe d o n th e us e o f  artificia l  input/outpu t  repre -
sentation s (e.g. ,  randoml y generate d pattern s o f  phonologica l 
or  semanti c representations )  o r  representation s tha t  ar e con -
structe d a d ho c b y th e modeler .  Fo r  example ,  i n ou r  previou s 
studie s w e represente d eac h ver b a s a  patter n o f  2 0 semanti c 
features ,  selecte d o n th e basi s o f  ou r  linguisti c analyse s (se e 
Li ,  1993 ;  L i  &  MacWhinney ,  1996) .  However ,  th e us e o f 
thi s typ e o f  representatio n i s subjec t  t o th e criticis m tha t  th e 
model  work s jus t  becaus e o f  th e presenc e o f  thes e feature s i n 
th e representation .  I n thi s study ,  w e wante d t o us e mor e 
linguisticall y gtx^unde d inpu t  dat a t o simulat e lexica l  an d 
morphologica l  acquisition .  Thus ,  w e represente d ou r  input s 
as follows . 

Phonologica l  representation s t o ou r  networ k wer e 
base d o n a  syllabi c templat e codin g develope d b y MacWhin -
ney an d Leinbac h (1991) .  Instea d o f  a  simpl e phonemi c rej> 
resentation ,  thi s representatio n reflect s curren t  autosegmenta l 
approache s t o phonology ,  accordin g t o whic h th e phonolog y 

of  a  wor d i s mad e u p b y combination s o f  syllable s i n a  met -
rica l  grid ,  an d th e slot s i n eac h gri d mad e u p b y bundle s o f 
feature s tha t  correspon d t o phonemes ,  C' s (consonants )  an d 
V' s (vowel) .  Th e MacWhinney-Leinbac h mode l  use d 1 2 C -
slot s an d 6  V-slot s tha t  allowe d fo r  representatio n o f  word s 
up t o thre e syllables .  Fo r  example ,  th e 18-slo t  templat e 
C CC V V C C C V V C C C V V C C C represent s a  ful l  tri -
syllabi c structur e i n whic h eac h C C C V V i s a  syllabl e (th e 
las t  C C C represent s th e consonan t  endings) .  Eac h C  i s rep-
resente d b y a  se t  o f  1 0 featur e units ,  an d eac h V  b y a  se t  o f  8 
featur e units . 

Semant i c representation s t o ou r  networ k wer e base d 
on th e lexica l  co-occurrenc e analyse s i n th e Hyperspac e Ana -
logu e t o Languag e ( H A L )  mode l  o f  Burges s an d Lun d 
(1997) .  H A L represent s wor d meaning s throug h multipl e 
lexica l  co-occurrenc e constraint s i n larg e tex t  corpora .  I n thi s 
representation ,  th e meanin g o f  a  wor d i s determine d b y th e 
word' s globa l  lexica l  co-occurrence s i n a  high-dimensiona l 
space ;  a  wor d i s anchore d wit h referenc e no t  onl y t o othe r 
word s immediatel y precedin g o r  followin g it ,  bu t  als o t o 
word s tha t  ar e furthe r  awa y fro m i t  i n a  variabl e co -
occurrenc e window ,  wit h eac h slo t  (occurrenc e o f  a  word )  i n 
th e windo w actin g a s a  constrain t  dimensio n t o defin e th e 
meanin g o f  th e targe t  word .  Thus ,  a  wor d i s represente d a s a 
vecto r  tha t  encode s th e multipl e constraint s (dimensions )  i n 
a high-dimensiona l  spac e o f  languag e use .  W e use d 10 0 di -
mension s fo r  th e uni t  lengt h o f  th e vectors . 

Task and Procedure 

U p on trainin g o f  th e network ,  a  phonologica l  inpu t  rqjre -
sentatio n o f  th e ver b wa s inputte d t o th e network ,  an d si -
multaneously ,  th e semanti c representatio n o f  th e sam e inpu t 
was als o presente d t o th e network .  B y wa y o f  self -
organization ,  th e networ k forme d a n activit y o n th e 
phonologica l  m a p i n respons e t o th e phonologica l  input , 
and a n activit y o n th e semanti c m a p i n respons e t o th e se -
manti c input .  Dependin g o n whethe r  th e ver b i s prefix-abl e 
wit h un -  o r  dis- ,  th e phonologica l  representatio n o f  un -  o r 
dis -  wa s als o co-activate d wit h th e phonologica l  an d th e se -
manti c representation s o f  th e ver b stems .  A t  th e sam e time , 
throug h Hebbia n learnin g th e networ k formed  association s 
betwee n th e tw o map s fo r  al l  th e activ e unit s tha t  responded 
t o th e input .  Th e network' s tas k wa s t o creat e ne w represen -
tation s i n th e correspondin g map s fo r  al l  th e inpu t  word s an d 
t o b e abl e t o m a p th e semanti c propertie s o f  a  ver b t o it s 
phonologica l  shap e an d it s morphologica l  pattern . 

T o observ e effect s o f  learnin g o n th e network' s representa -
tion ,  generalization ,  an d recovery ,  w e designe d fou r  stage s t o 
trai n th e network .  (1 )  A  verb' s phonologica l  representatio n 
was co-activate d wit h it s semanti c representatio n o n a  one -
to-on e basis ,  whic h mean s tha t  th e networ k sa w onl y th e 
verb' s phonologica l  representatio n an d it s semanti c represen-
tatio n simultaneously .  Thi s wa s don e t o mode l  th e whole -
wor d learnin g stage ,  a t  whic h childre n hav e no t  analyze d 
morphologica l  device s a s entitie s separat e fro m th e ver b 
stem s (Bowerman ,  1982) .  (2 )  One-to-on e mappin g wa s re-
laxed ,  s o tha t  th e phonologica l  an d semanti c representation s 
of  ver b stem s (e.g. ,  tie ,  connect) ,  prefixe d verb s {untie ,  dis -
connect) ,  an d th e prefixe s themselve s (un- ,  dis- )  wer e al l  co -
activate d i n th e network .  (3 )  Twenty-fiv e nove l  verb s wer e 
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introduce d t o th e networ k i n orde r  t o tes t  whethe r  generaliza -
tion s woul d occu r  i n ou r  networ k a s i n children' s speech . 
Thes e wer e verb s o n whic h previou s studie s hav e reporte d 
children' s generalization s (e.g .  *ungrip ,  *unpress ,  an d 
*untighten ;  se e Bowerman ,  1982 ;  Clar k e t  al. ,  1995) .  Ge n 
eralizatio n wa s teste d b y inputtin g th e verb s t o th e networ k 
withou t  havin g th e networ k self-organiz e th e verb s o r  lear n 
th e phonological-semanti c associations .  (4 )  Self -
organizatio n an d Hebbia n learnin g resume d fo r  th e nove l 
verb s introduce d a t  Stag e 3  i n orde r  t o tes t  i f  th e networ k 
coul d recove r  fro m generalizations . 

Al l  simulation s wer e ru n o n a  S U N Ultr a 1  workstation , 
usin g th e D I S L E X code s configure d b y Miikkulaine n 
(1999) . 

Results and Discussion 

To analyz e th e simulatio n results ,  w e focu s her e o n thre e 
level s o f  analysis :  th e network' s representatio n o f  ver b se -
mantics ,  it s pattern s o f  morphologica l  generalization ,  an d it s 
abilit y  t o recove r  fro m generalizatio n errors . 

The Representation of Cryptotype 

I n thi s study ,  w e wante d t o analyz e whethe r  ou r  networ k 
develope d structure d representatio n a s a  functio n o f  th e self -
organizatio n o f  ver b semantics .  I n particular ,  w e wante d t o 
see h o w th e pattern s o f  activit y forme d i n th e map s ca n cap -
tur e W h o r f  s  notio n o f  cryptotype . 

As discusse d earlier ,  a  distinc t  propert y o f  self-organizin g 
featur e map s i s tha t  th e structure s i n th e network' s n e w rep -
resentatio n ar e clearl y visibl e a s activit y bubble s o r  pattern s 
of  activit y o n th e two-dimensiona l  m a p ;  thi s propert y obvi -
ate s th e nee d o f  extr a step s o f  mathematica l  analysi s (e.g. , 
cluste r  analysi s o r  principa l  componen t  analysis )  a s require d 
i n othe r  connectionis t  networks .  I n ou r  network ,  th e self -
organizatio n proces s extracte d th e semanti c structure s fro m 
th e high-dimensiona l  spac e o f  th e H A L semanti c vector s an d 
expresse d the m o n th e two-dimensiona l  m a p a s concentrate d 
pattern s o f  activity .  Figur e 2  present s a  snapsho t  o f  th e net -
work' s self-organizatio n o f  12 0 verb s afte r  th e networ k wa s 
traine d fo r  60 0 epoch s a t  Stag e 1 . 

An examinatio n o f  th e semanti c m a p show s tha t  th e net -
wor k ha s clearl y develope d form s o f  representatio n tha t  cor -
respon d t o th e categor y o f  cryptotyp e tha t  Whor f  believe d 
govern s th e us e o f  un- .  I n L i  an d MacWhinne y (1996 )  w e 
suggeste d tha t  a  connectionis t  mode l  provide s a  forma l 
mechanis m t o captur e W h o r f  s  cryptotype ,  i n tha t  ther e ca n 
be severa l  "mini-cryptotypes "  tha t  wor k collaborativel y a s 
interactiv e "gangs "  (McClellan d &  Rumelhart ,  1981 )  t o 
suppor t  th e formatio n o f  th e large r  cryptotype .  Th e ide a o f 
"mini-cryptotype "  i s realize d mos t  clearl y i n th e emergin g 
structur e o f  th e self-organizin g map . 

Our  network ,  withou t  th e us e o f  a d ho c semanti c features , 
forme d clea r  "mini-cryptotypes "  b y mappin g simila r  word s 
ont o nearb y region s o f  th e map .  Fo r  example ,  toward s th e 
lowe r  right-han d comer ,  verb s lik e lock ,  clasp ,  latch ,  lease , 
and butto n ar e mappe d t o th e sam e regio n o f  th e m a p ,  an d 
thes e verb s al l  shar e th e "binding/locking "  meaning .  A  simi -
la r  mini-cryptotyp e als o occur s toward s th e lowe r  left-han d 
corner ,  includin g verb s lik e snap ,  mantle ,  tangle ,  ravel , 
twist ,  tie ,  an d bolt .  Stil l  a  thir d mini-cryptotyp e ca n b e 
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Figur e 2 :  Phonologica l  an d semanti c representation s i n 
DISLE X afte r  th e networ k wa s trame d o n 12 0 verb s fo r  60 0 
epochs .  Th e uppe r  pane l  i s  th e phonologica l  ma p (i n capita l 
letters) ,  an d th e lowe r  pane l  th e semanti c map .  Word s longe r 
tha n fou r  letter s ar e truncated . 

found in the upper left-hand comer, including hear, say, 
speak ,  see ,  an d tell ,  verb s o f  perception s an d audition .  Fi -
nally ,  on e ca n observ e tha t  embark ,  engage ,  integrate ,  as -
semble ,  an d unit e ar e bein g mappe d towar d th e uppe r  right -
han d come r  o f  th e map ,  whic h al l  see m t o shar e th e "con -
necting "  o r  "putting-together "  meanin g an d interestingly , 
thes e ar e th e verb s tha t  ca n tak e th e prefi x  dis- .  O f  course , 
th e network' s representatio n a t  thi s poin t  i s  stil l  incomplete , 
as self-organizatio n i s movin g fro m diffus e t o mor e focuse d 
pattern s o f  activity ;  fo r  example ,  th e ver b show ,  whic h 
share s similarit y wit h non e o f  th e abov e mini-cryptotypes , 
i s groupe d wit h th e binding/lockin g verbs .  W h a t  i s  cmcial , 
however ,  i s  tha t  thes e mini-cryptotype s for m th e semanti c 
basi s fo r  th e large r  cryptotyp e o f  un -  verbs .  A s show n i n 
th e figure ,  th e networ k ha s mappe d mos t  verb s i n th e cryp -
totyp e t o th e botto m laye r  o f  th e semanti c m a p ,  an d thes e 
ar e th e verb s tha t  ca n tak e th e prefi x un- . 

Representation and Generalization 

Neura l  network s ar e considere d t o b e abl e t o generaliz e t o 
nove l  pattem s (Elman ,  1998) .  Bu t  d o the y sho w th e sam e 
type s o f  generalizatio n a s childre n do ? A n d o n wha t  basi s d o 
the y generalize ? Ou r  simulatio n result s indicat e tha t  ou r 
networ k wa s no t  onl y abl e t o captur e th e elusiv e cryptotyp e 
categor y b y wa y o f  self-organization ,  bu t  als o abl e t o gener -
aliz e o n th e basi s o f  it s representatio n o f  th e cryptotype .  Fo r 
example ,  th e networ k produce d overgeneralizatio n error s tha t 
matc h u p wit h empirica l  dat a whe n teste d fo r  generalizatio n 
at  Stag e 3 ,  includin g *unbreak ,  *uncapture ,  *unconnect , 
*unfreeze ,  *ungrip ,  *unpeel ,  *unplant ,  *unpress ,  *unspill , 
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*uristick ,  *untighten ,  etc .  Thes e overgeneralization s wer e 
based  bot h o n th e network' s representatio n o f  th e meanin g 
of  verb s an d o n th e associativ e connection s tha t  th e networ k 
forme d throug h Hebbia n learnin g i n th e semantics -
phonolog y mappin g process . 

First ,  mos t  o f  thes e overgeneralization s involv e verb s tha t 
fal l  withi n th e un -  cryptotype .  Thes e verb s (e.g. ,  connect , 
freeze ,  grip ,  peel ,  plant ,  press ,  spill ,  stick ,  an d tighten )  wer e 
mapped t o th e botto m laye r  o n th e semanti c m a p withi n 
whic h w e identifie d th e network' s representatio n o f  th e cryp -
totype .  Earlier ,  w e pointe d ou t  tw o hypothese s regardin g th e 
rol e o f  cryptotyp e i n children' s acquisitio n o f  un -  accordin g 
t o Bowerman :  "generalizatio n vi a cryptotype "  an d "recover y 
vi a cryptotype" .  Ou r  result s her e ar e consisten t  wit h th e 
generalizatio n vi a cryptotyp e hypothesis ,  tha t  is ,  th e repre -
sentatio n o f  cryptotyp e lead s t o overl y genera l  use s o f  un. -
(se e als o discussio n o f  th e clenc h exampl e below) .  Consis -
ten t  wit h ou r  previou s simulations ,  w e foun d n o flagran t 
violation s o f  th e cryptotyp e i n th e network' s generalization s 
suc h a s *unhat e o r  *untak e (a s i n Bowerman' s data) ;  henc e 
ther e wa s n o basi s fo r  th e recover y vi a cryptotyp e hypothe -
sis ,  tha t  is ,  tha t  th e learne r  ca n us e th e representatio n o f 
cryptotyp e t o recove r  fi-om  overgeneralizations . 

Second ,  al l  th e abov e generalization s wer e simulate d pro -
ductio n errors ,  i n whic h cas e pattern s o f  activit y i n th e se -
manti c m a p wer e propagate d throug h associativ e link s t o th e 
phonologica l  m a p .  Th e abilit y  t o simulat e bot h comprehen -
sio n an d productio n throug h associativ e connection s i s a 
distinc t  propert y o f  D I S L E X (se e Networ k Architecture) . 
Th e associativ e connection s forme d vi a Hebbia n learnin g 
provid e th e basi s fo r  th e productio n o f  overgeneralizatio n 
errors .  Fo r  example ,  th e semanti c propertie s o f  tighte n an d 
clenc h ar e simila r  an d the y wer e mappe d ont o nearb y region s 
of  th e semanti c m a p .  Durin g learning ,  th e semantic s o f 
clenc h an d unclenc h wer e co-activated ,  an d th e phonolog y o f 
clench ,  unclench ,  an d un -  wer e als o co-activated .  W h e n th e 
semantic s an d th e phonolog y o f  thes e item s wer e associate d 
throug h Hebbia n learning ,  th e networ k ca n associat e th e 
semantic s o f  tighte n wit h un -  becaus e o f  clench ,  eve n 
thoug h th e networ k learne d onl y th e associatio n fo r  un -
clenc h an d no t  un-tighte n (i.e. ,  a t  a n earlie r  stag e tighte n 
was no t  include d i n th e training) .  Thi s associativ e proces s o f 
correlatin g semanti c features ,  lexica l  forms ,  an d morpho -
logica l  device s simulate s th e proces s o f  learnin g an d gener -
alizatio n i n children' s productiv e speech ,  an d show s tha t 
overgeneralization s ca n naturall y resul t  fro m th e semanti c 
structure s i n th e lexica l  representatio n (whic h i n tur n i s a 
resul t  o f  self-organization )  an d fro m th e associativ e learnin g 
of  semantic s an d phonology . 

Finally ,  generalizatio n error s i n ou r  dat a wer e no t  limite d 
onl y t o morphologica l  generalizations .  W e als o foun d lexi -
cal  generalization s simila r  t o thos e reporte d b y Bowerma n 
(1982 )  an d Miikkulaine n (1997 )  (se e Introduction) .  Mos t 
important ,  thes e generalization s demonstrat e furthe r  th e in -
timat e relationshi p betwee n representatio n an d generaliza -
tion .  Fo r  example ,  ou r  networ k produce d se e i n respons e t o 
say ,  detac h i n respons e t o delete ,  begi n i n respons e t o be -
come,  du e t o it s representatio n o f  thes e pair s o f  word s i n th e 
same regio n o n th e phonologica l  map .  Thes e generalization s 
wel l  resembl e lexica l  error s i n surfac e dyslexi a (Miikku -

lainen ,  1997) .  Similarly ,  th e networ k comprehende d se e a s 
speak ,  a r m a s clasp ,  an d unscre w a s hook ,  du e t o it s  repe -
sentatio n o f  thes e pair s o f  word s i n th e sam e regio n o n th e 
semanti c m a p ,  an d thes e generalization s resembl e lexica l 
error s i n dee p dyslexia .  Again ,  self-organizatio n o f  lexica l 
informatio n an d Hebbia n learnin g o f  associativ e connection s 
accoun t  fo r  th e origi n o f  thi s typ e o f  lexica l  generalizations . 

Mechanisms of Recovery from Generalizations 

Our  las t  analysi s o f  th e simulatio n result s involve s th e net -
work' s abilit y  t o recove r  fro m generalizatio n errors .  Th e 
networ k i n L i  (1993 )  an d L i  an d MacWhinne y (1996 )  suf -
fered ,  b y an d large ,  fro m th e failur e t o recove r  fro m overgen -
eralizatio n errors .  Thi s failure ,  w e hypothesized ,  wa s du e t o 
th e gradient-descen t  error-adjustmen t  proces s use d i n back -
propagation .  C a n ou r  self-organizin g networ k recove r  fro m 
generalizations ? I f  so ,  wha t  computationa l  mechanism s 
permi t  it s recovery ? 

Our  networ k displaye d a  significan t  abilit y  o f  recover y 
from  generalizatio n errors .  W h e n teste d fo r  generalization s a t 
Stag e 3 ,  n o learnin g too k plac e i n th e networ k fo r  self -
organizatio n o r  associativ e connection .  W h e n teste d fo r  re -
cover y a t  Stag e 4 ,  self-organizatio n an d Hebbia n learnin g 
resumed .  Withi n 2(X )  epoch s o f  ne w learnin g durin g thi s 
stage ,  ou r  networ k recovere d from  th e majorit y o f  th e over -
generalization s teste d a t  Stag e 3 .  Recover y i n thi s cas e i s a 
proces s o f  restructurin g o f  th e mappin g betwee n 
phonological ,  semantic ,  an d morphologica l  patterns ,  an d th e 
restructurin g i s base d o n th e network' s abilit y  t o reconfigur e 
th e associativ e link s throug h Hebbia n learning ,  i n particular , 
th e abilit y  t o for m n e w association s betwee n prefixe s an d 
verb s an d th e abilit y  t o eliminat e ol d association s tha t  wer e 
th e basi s o f  erroneou s generalizations . 

As discusse d earlier ,  adjustmen t  o f  associativ e connection s 
vi a Hebbia n learnin g i n D I S L E X i s proportiona l  t o ho w 
strongl y th e unit s i n th e associate d map s (phonologica l  an d 
semanti c map s i n thi s case )  ar e co-activated .  W h e n a  give n 
phonologica l  uni t  an d a  give n semanti c uni t  hav e fewe r 
chance s t o becom e co-activated ,  th e strength s o f  thei r  asso -
ciativ e link s ar e correspondingl y decreased .  Fo r  example ,  un -
and tighte n wer e co-activate d becaus e o i  clenc h a t  Stag e 3 ;  a t 
Stag e 4  un -  an d clenc h continu e t o b e co-activated ,  bu t  un -
and tighte n d o no t  ge t  co-activated .  Hebbia n learnin g deto- -
mine s tha t  th e associativ e connectio n betwee n un -  an d 
clenc h remain s t o b e strong ,  bu t  tha t  betwee n un -  an d 
tighte n get s eliminated ,  thereb y simulatin g wha t  happen s a t 
th e fina l  phas e o f  th e U-shape d learnin g whe n error s disap -
pear .  Thi s resul t  model s th e proces s tha t  children' s overgen -
eralization s ar e graduall y eliminate d whe n ther e i s n o audi -
tor y suppor t  i n th e inpu t  abou t  specifi c  co-occurrence s tha t 
the y expec t  (MacWhinney ,  1997) .  O f  course ,  i n th e rea l 
learnin g situation ,  th e strengt h o f  th e connectio n betwee n 
un-  an d tighte n m a y als o b e reduce d b y a  competin g for m 
suc h a s loose n tha t  function s t o expres s th e meanin g o f 
*untighte n (e.g. ,  Clark ,  1987 ,  MacWh inney ,  1987) . 

Hebbia n learnin g couple d wit h self-organizatio n provide s a 
simpl e bu t  powerfu l  computationa l  principl e t o accoun t  fo r 
th e recover y process .  Restructurin g o f  associativ e connec -
tion s ofte n goe s hand-in-han d wit h th e reorganizatio n o f  th e 
correspondin g maps .  Fo r  example ,  a t  Stag e 4 ,  th e networ k 
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develope d fine r  representation s fo r  verb s suc h a s clenc h an d 
tighten :  a s th e associativ e strength s o f  thes e verb s t o un -
varied ,  thei r  representation s als o becam e mor e distinct .  Thi s 
proces s i n ou r  simulatio n i s consisten t  wit h th e criteri a ap -
proac h o f  Pinke r  (1989 )  whic h argue s tha t  childre n recove r 
fro m generalization s b y recognizin g fine  an d subtl e semanti c 
and phonologica l  propertie s o f  verb s (althoug h w e d o no t 
assume a s Pinke r  doe s tha t  fine  distinction s amon g verb s 
rel y o n th e child' s innat e capacity) .  Interestingly ,  i n th e fe w 
case s i n which  ou r  networ k di d no t  recove r  from  generaliza -
tions ,  th e networ k wa s unabl e t o mak e th e fine  distinction s 
betwee n verb s o n th e basi s o f  meanings ;  fo r  example ,  be -
caus e i t  wa s unabl e t o separat e o n th e semanti c ma p stic k 
fro m screw ,  pres s fro m zip ,  an d freeze  fro m bolt ,  i t  contin -
ued t o produc e th e erroneou s *  unstick ,  *unpress ,  an d 
ûnfreeze .  Thi s inabilit y  migh t  b e du e t o resourc e limita -

tion s (i.e. ,  siz e o f  th e map) ;  w e ar e currentl y investigatin g 
thi s proble m usin g muc h large r  featur e map s (e.g. ,  ma p o f 
50 X  5 0 units) . 

Conclusion 

I n thi s pajje r  I  showe d tha t  self-organizin g neura l  network s 
can b e use d successfull y t o mode l  an d provid e insight s int o 
languag e acquisition ,  particularl y wit h respec t  t o issue s o f 
generalization ,  representation ,  an d recovery .  Ou r  simulate d 
DISLE X model ,  withou t  receivin g hand-crafte d features ,  wa s 
abl e t o captur e elusiv e semanti c categorie s suc h a s Whor f  s 
cryptotype ,  displa y overgeneralizatio n error s a s childre n do , 
and recove r  significantl y fro m overgeneralizations .  Althoug h 
th e simulatio n result s presente d her e ar e preliminary ,  w e 
thin k tha t  the y serv e t o deepe n th e lin k betwee n previou s 
empirica l  an d modelin g result s an d ne w model s i n neura l 
networks .  Futur e researc h i n thi s directio n wil l  involv e th e 
developmen t  o f  mor e realisti c trainin g schedule s (e.g. ,  in -
crementa l  learning) ,  th e us e o f  inpu t  representation s tha t  ar e 
grounde d i n children' s languag e (e.g. ,  semanti c vector s base d 
on lexica l  co-occurrenc e analysi s o f  th e C H I L D E S database) , 
and th e developmen t  o f  networ k architectur e tha t  i s bette r 
suite d t o th e tas k o f  morphologica l  acquisitio n (e.g. ,  us e o f 
separat e morphologica l  map s tha t  allo w th e interactio n 
among morpheme s an d ver b stem s o n bot h phonologica l  an d 
semanti c levels) . 
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