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Attentio n a n d U - S h a p e d Learnin g i n th e Acquisitio n o f  th e Pas t  T e n s e 

Dan Jackson *  (jACKSON@LING.UCSD.EDU) 
Garriso n W .  Cottrell ^  ({;ary@CS.UCSD.EDU ) 

'Cognitiv e Scienc e &  Linguistic s 010 8 
Computer  Scienc e &  Engineerin g 011 4 

'•̂Institut e fo r  Neura l  Computatio n 
Universit y  o f  California ,  Sa n Dieg o 

La Jolla,C A 9209 3 US A 

Abstrac t 

Plunkett & Marchman (1993) showed that a neural network 
traine d o n a n incrementall y expande d trainin g se t  wa s abl e 
t o maste r  th e pas t  tens e an d sho w th e U-shape d learnin g 
patter n characteristi c o f  children .  I n Jackson ,  Constands e & 
Cottrel l  (1996 )  w e argue d tha t  Plunket t  &  Marchman' s 
restrictio n o f  th e trainin g se t  wa s unrealisti c an d propose d a 
model  o f  selectiv e attentio n tha t  enable d ou r  networ k t o 
maste r  th e pas t  tens e withou t  externa l  restriction s o n it s 
trainin g set .  Analysi s i n th e presen t  pape r  show s tha t  th e 
networ k i n Jackson ,  Constands e &  Cottrel l  (1996 )  doe s no t 
exhibi t  appropriat e U-shape d learning ,  however .  W e propos e 
a modifie d mode l  o f  selectiv e attentio n tha t  result s i n th e 
master y o f  th e pas t  tens e a s wel l  a s th e kin d o f  U-shape d 
learnin g observe d i n children . 

Introduction 

I n th e proces s o f  learnin g th e pas t  tense ,  childre n typicall y 
sho w wha t  ha s bee n calle d a  "U-shaped "  patter n o f 
development .  Th e first  pas t  tens e form s produce d ar e 
generall y correct ,  regardles s o f  whethe r  o r  no t  thos e form s 
ar e regular .  Afte r  thi s perio d o f  correc t  performance , 
childre n g o throug h a  perio d o f  overregularizatio n i n whic h 
irregula r  form s ar e inflecte d wit h th e regula r  suffi x  (e.g . 
goed) .  Finally ,  childre n see m t o identif y som e form s a s 
exception s t o th e genera l  regula r  pattern ,  an d th e 
overgeneralizatio n error s decrease .  Thi s patter n o f 
acquisitio n ha s bee n calle d "U-shaped, "  fo r  obviou s 
reasons—th e performanc e start s of f  high ,  the n goe s d o w n 
and finally  come s bac k u p again .  Actually ,  thi s i s 
somethin g o f  a  misnome r  becaus e i t  implie s tha t  childre n 
ente r  a  perio d o f  developmen t  i n whic h th e regula r  rul e i s 
consistentl y applie d t o al l  verbs .  I n fact ,  childre n produc e 
correc t  pas t  tens e irregular s a t  th e sam e tim e a s the y 
overregulariz e others ,  an d sometime s alternat e withi n a 
shor t  tim e betwee n th e correc t  an d incorrec t  pas t  tens e for m 
of  th e sam e irregula r  ver b (Kuczaj ,  1977 ,  1978 ;  Bybe e & 
Slobin ,  1982 ;  Plunket t  &  M a r c h m a n ,  1991) .  A t  al l  point s 
i n development ,  overregularization s ar e a  relativel y smal l 
proportio n o f  children' s tota l  pas t  tens e productio n 
(Marchman ,  1988 ;  Marcus ,  Pinker ,  Ullman ,  Hollander , 
Rosen &  X u ,  1992) .  Marcu s e t  al .  (1992 )  investigate d th e 
rat e o f  overregularizatio n show n b y th e childre n i n th e 

Cf f lLDE S databas e (MacWhinney ,  1990) .  The y define d th e 
overregularizatio n rat e a s th e proportio n o f  token s o f 
irregula r  pas t  tens e form s tha t  ar e overregularizations : 

# overregularization tokens 

# overregularizatio n token s +  correc t  irregula r  pas t 
token s 

They graphed 1 overregularization rate for 4 children 
(Adam ,  Eve ,  Sara h an d Abe) .  Fo r  al l  o f  th e childre n bu t 
Abe ,  ther e wa s a n initia l  perio d o f  n o overregularizatio n 
an d th e rat e o f  overregularizatio n wa s smal l  throughou t 
developmen t  (typicall y  < 1 0 % ) .  Figur e 1  show s th e 
overregularizatio n rat e fo r  A d a m .  Not e tha t  th e grap h 
show s 1  -  overregularizatio n rate ,  s o whe n th e grap h i s a t 
1 0 0 %,  th e overregularizatio n rat e i s zero .  Thus ,  th e serie s 
of  point s a t  1 0 0 % i n th e initia l  par t  o f  th e grap h indicat e 
th e initia l  perio d o f  n o overregularization .  W h e n th e 
denominato r  i n th e overregularizatio n rat e i s zero ,  th e poin t 
i s  no t  plotte d i n th e graph . 

Figur e 1 :  (1-overregularizatio n rate )  fo r  A d a m (reproduce d 
fro m Marcu s era/ .  (1992)) . 

Plunkett & Marchman (1991, 1993) (P&M hereafter) 
hav e show n tha t  overregularizatio n behavio r  ca n b e 
modele d usin g a  singl e mechanis m i n th e for m o f  a 

325 

mailto:jACKSON@LING.UCSD.EDU
mailto:ary@CS.UCSD.EDU


conneclionis t  network .  I n respons e t o criticis m o f  th e 
discontinuou s trainin g se t  use d i n Rumelhar t  & 
McClelland' s (1986 )  mode l  o f  th e acquisitio n o f  th e pas t 
tens e (Pinke r  &  Prince ,  1988 ;  Lachte r  &  Bever ,  1988 ; 
Marcu s e t  ai ,  1992) ,  P & M (1991 )  showe d tha t  a  neura l 
networ k wil l  m a k e overregularizatio n error s withou t  suc h 
discontinuitie s i n it s trainin g set .  Unfortunately ,  thei r 
networ k di d no t  hav e th e initia l  perio d o f  n o 
overregularizatio n tha t  i s characteristi c o f  children . 
Furthermore ,  th e final  performanc e reporte d (afte r  5 0 
epochs )  wa s 1 0 0 % correc t  fo r  th e arbitrar y an d identit y 
mappings ,  bu t  onl y 8 0 % fo r  vowe l  chang e verb s an d 8 5 % 
fo r  regulars .  Sinc e adul t  human s ar e capabl e o f  correctl y 
inflectin g nearl y 1 0 0 % o f  regulars ,  th e networ k 
performanc e lef t  somethin g t o b e desired . 

P & M (1993 )  showe d tha t  network s ca n achiev e 
acceptabl e level s o f  performanc e an d sho w th e initia l  stag e 
of  n o overregularizatio n tha t  characterize s U-shape d 
learnin g i f  thei r  trainin g se t  i s expande d incrementally . 
Traine d o n a n incrementall y expande d se t  o f  verbs ,  th e 
networ k describe d b y P & M (1993 )  wa s abl e t o maste r  th e 
vocabular y (correctl y inflectin g 1 0 0 % o f  th e irregula r  verb s 
and 9 7 - 9 8 % o f  th e regulars) .  Th e networ k wa s als o abl e t o 
model  U-shape d learning .  I n particular ,  i t  showe d th e kin d 
of  overregularizatio n behavio r  tha t  Marcu s e t  al .  (1992 ) 
foun d fo r  children :  a n initia l  perio d wher e n o 
overregularizatio n occurred ,  followe d b y a  protracte d 
perio d wher e lo w rate s o f  overregularizatio n wer e observed , 
followe d b y th e correc t  productio n o f  bot h irregula r  an d 
regula r  pas t  tens e forms . 

I n Jackson ,  Constands e &  Cottrel l  (1996 )  w e criticize d 
P & M (1993) ,  claimin g tha t  thei r  trainin g regim e wa s 
unrealistic .  A t  th e outse t  o f  training ,  th e networ k wa s give n 
2 0 verbs ,  o n whic h i t  wa s traine d t o 1 0 0 % accurac y befor e 
expansio n began .  Afte r  that ,  a  ne w ver b wa s introduce d 
ever y 5  epoch s unti l  th e siz e o f  th e trainin g se t  wa s 100 . 
The n on e ne w ver b wa s introduce d pe r  epoc h unti l  th e siz e 
of  th e trainin g se t  wa s 500 .  Childre n ar e expose d t o th e 
entir e adul t  languag e fro m th e beginnin g o f  development , 
so thi s restrictio n o f  th e network' s trainin g se t  i s 
unjustified .  W e develope d a  mode l  o f  selectiv e attentio n i n 
whic h th e networ k traine d o n item s whic h ar e mos t  salient . 
Th e mos t  salien t  item s wer e define d a s sample d item s fo r 
whic h networ k erro r  wa s highest .  Network s wit h thi s 
mechanis m o f  selectiv e attentio n learne d t o inflec t  1 0 0 % o f 
th e verb s correctl y withou t  an y externa l  manipulatio n o f 
thei r  trainin g set .  Analysi s i n thi s paper ,  however ,  show s 
tha t  thes e network s d o no t  sho w appropriat e U-shape d 
learning .  The y begi n overregularizin g a t  th e beginnin g o f 
trainin g an d thei r  overregularizatio n rat e i s muc h highe r 
tha n i s typica l  o f  children . 

I n th e presen t  wor k w e argu e tha t  th e us e o f  erro r  alon e 
t o defin e salienc e i s unrealisti c an d lead s t o th e model' s 
inabilit y  t o sho w appropriat e U-shape d learning .  W e 
implemen t  a  ne w selectiv e attentio n mode l  tha t 
incorporate s frequenc y informatio n int o th e criterio n fo r 
salience .  Thi s mode l  learn s th e entir e trainin g se t  an d 
show s U-shape d learnin g simila r  t o wha t  i s see n i n 
children ,  withou t  an y restriction s o n it s trainin g set . 

Selectiv e A t ten t io n M o d e l 

Th e selectiv e attentio n mode l  i s base d o n th e metho d o f 
activ e selectio n (Plutowsk i  &  White ,  1993) .  Thi s metho d 
was originall y use d fo r  incrementall y growin g a  trainin g se t 
by usin g a  partiall y  traine d networ k t o guid e th e selectio n 
of  ne w examples .  Instea d o f  usin g activ e selectio n fo r 
incrementall y growin g th e trainin g set ,  w e us e i t  t o selec t 
th e trainin g example s fo r  eac h epoch . 

I n th e selectiv e attentio n model ,  th e ver b o n whic h th e 
networ k wil l  trai n i s chose n fro m a  se t  o f  W item s 
randoml y sample d fro m th e targe t  languag e base d o n 
frequency .  Thi s se t  o f  W item s i s calle d th e "sampl e 
window. "  T o selec t  a  ne w exampl e fo r  training ,  th e item s 
fro m th e sampl e windo w ar e compare d wit h th e verb s 
currentl y bein g traine d on .  Th e N  mos t  "salient "  o f  thes e 
ar e selecte d fo r  training .  Fo r  eac h epoch ,  a  ne w se t  o f  W 
item s ar e selecte d fo r  th e sampl e window ,  an d th e trainin g 
queu e i s updated .  I n thi s pape r  w e us e N = l  an d W =  8 .  Th e 
natur e o f  "salience "  i n thi s mode l  wil l  b e addresse d below . 
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Figur e 2 :  Broadben t  (1958 )  mode l  o f  selectiv e attention . 

This model of selective attention is similar to the general 
model  propose d b y Broadben t  (1958) .  Broadbent' s mode l 
(somewha t  simplified )  i s illustrate d i n Figur e 2 .  Item s ar e 
sample d fro m th e environmen t  an d hel d i n a  limite d 
capacit y shor t  ter m memory .  Th e item s fro m thi s shor t  ter m 
memory ar e filtered  fo r  furthe r  processing .  Th e shor t  ter m 
m e m o ry m a y hol d informatio n befor e filtering  a s wel l  a s 
retai n informatio n afte r  i t  ha s passe d throug h th e selectiv e 
filter  an d bee n processe d further .  Th e sampl e windo w i n 
our  selectiv e attentio n mode l  correspond s t o th e "shor t  ter m 
store, "  an d th e ver b selecte d fo r  trainin g correspond s t o th e 
ite m tha t  ha s bee n selecte d fo r  "furthe r  processing. " 

Salience 

Th e notio n o f  salienc e i s centra l  t o th e mode l  describe d 
above .  Plutowsk i  e t  al .  (1993 )  introduce d th e ide a o f  usin g 
m a x i m u m erro r  o n a n exampl e a s th e criterio n fo r  selectio n 
(cf .  Baluj a &  Pomerlea u (1994) ,  whos e networ k ignore s 
section s o f  th e inpu t  wit h hig h predicfio n error) .  I n 
Jackson ,  Constands e &  Cottrel l  (1996) ,  thi s criterio n wa s 
use d fo r  selectin g example s fo r  weigh t  adjustment .  W e 
implemente d th e selectiv e attentio n mode l  describe d above , 
wit h erro r  use d i n plac e o f  "salience. "  Networ k erro r  o n a 
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particula r  ver b m a y b e though t  o f  a s a  measur e o f  th e 
"novelty "  o f  tha t  ver b t o th e network . 

The novelt y o f  a  stimulu s i s wel l  establishe d a s a  facto r 
influencin g attentiona l  response .  Sokolo v (1960 ,  1963 , 
1969 )  argue d tha t  th e incongruit y betwee n a n incomin g 
stimulu s an d existin g neurona l  template s i s th e basi s fo r  th e 
OTienting  response .  D u n h a m (1990 )  showe d tha t  infant s 
listenin g t o tempora l  pattern s sho w a n increas e i n attentio n 
t o unpredictabl e pattern s an d a  decreas e i n attentio n t o 
rhythmic ,  predictabl e patterns . 

Give n th e interpretatio n o f  erro r  a s a  measur e o f  novelty , 
i t  seem s reasonabl e t o us e erro r  fo r  salience ,  a s w e di d i n 
Jackson ,  Constands e &  Cottrel l  (1996) .  Usin g erro r  a s 
salience ,  th e network s mastere d th e trainin g se t  withou t  an y 
externa l  manipulatio n o f  thei r  trainin g sets .  The y di d not , 
however ,  sho w th e typ e o f  U-shape d learnin g discusse d 
above .  A s w e sho w below ,  thes e network s begi n 
overregularizin g earl y i n development ,  contrar y t o 
children' s patter n o f  development .  B y usin g erro r  a s it s 
criteri a fo r  wha t  i s salient ,  th e networ k i s reducin g th e 
importanc e o f  frequenc y i n th e trainin g set .  A t  th e 
beginning ,  th e networ k i s mor e likel y t o trai n o n irregula r 
verbs ,  becaus e thei r  frequenc y i n th e trainin g se t  i s  higher . 
As soo n a s th e erro r  o n thes e example s start s t o improve , 
however ,  th e networ k wil l  begi n trainin g o n regulars ,  fo r 
whic h it s erro r  i s worse .  Thus ,  al l  ver b type s ar e kep t  o n 
approximatel y equa l  footin g wit h respec t  t o error ,  an d th e 
frequenc y o f  th e item s i n th e trainin g se t  is ,  i n a  sense , 
"ignored. "  Children ,  o n th e othe r  hand ,  d o no t  ignor e 
frequency .  Presumably ,  th e failur e o f  childre n t o 
overregulariz e earl y i n developmen t  arise s becaus e the y 
initiall y  memoriz e form s tha t  ar e highl y frequen t  (th e 
irregulars) ,  an d onl y late r  lear n an d overappl y th e majority , 
regula r  mapping .  T o th e exten t  tha t  ou r  mode l  eliminate s 
th e effect s o f  frequenc y i n th e trainin g set ,  it s  earl y 
overregularizatio n i s t o b e expected . 

Ther e i s a  larg e bod y o f  researc h showin g tha t  childre n 
pay preferentia l  attentio n t o thing s tha t  ar e mor e frequen t 
or  mor e familiar .  Jusczyk ,  Cutle r  &  Redan z (1993 )  showe d 
tha t  America n 9-month-old s (bu t  no t  6-month-olds )  liste n 
significantl y longe r  t o word s tha t  follo w th e predominan t 
stres s patter n o f  Englis h words .  Jusczyk ,  Friederici , 
Wessels ,  Svenkeru d &  Jusczy k (1993 )  showe d tha t  a t  9 
month s (bu t  no t  a t  6  months )  America n infant s liste n 
longe r  t o list s o f  Englis h word s tha n list s o f  Dutc h words . 
Jusczyk ,  Luc e &  Charles-Luc e (1994 )  showe d that ,  amon g 
word s allowe d b y th e constraint s o f  English ,  9  mont h old s 
liste n significantl y longe r  t o item s wit h phoneti c pattern s 
tha t  occu r  frequentl y tha n item s wit h infrequen t  (bu t  stil l 
allowable )  phoneti c patterns . 

Thi s ma y see m lik e a  paradox :  o n th e on e hand ,  childre n 
pay attentio n t o wha t  i s novel ,  an d o n th e othe r  the y pa y 
attentio n t o wha t  i s familia r  o r  frequent .  Thes e conflictin g 
finding s m a y reflec t  differen t  level s o f  processing .  Nove l 
stimul i  ten d t o provok e a n orientin g response ,  a s Sokolo v 
showed .  Ai l  othe r  thing s bein g equal ,  mor e attentio n wil l 
be pai d t o th e stimulu s tha t  provoke d th e response .  Thi s 
makes sense ,  becaus e i n th e proces s o f  learnin g abou t  one' s 
environmen t  i t  i s  importan t  t o correc t  fals e expectation s a s 
wel l  a s lear n abou t  stimul i  tha t  ar e occurrin g fo r  th e first 

time .  Conversely ,  stimul i  tha t  ar e frequen t  i n th e 
environmen t  ar e als o focuse d on .  Thi s als o make s sense , 
becaus e masterin g th e appropriat e response s t o th e mos t 
frequen t  stimul i  maximize s th e likelihoo d o f  dealin g 
appropriatel y wit h th e averag e stimulus . 

I n a n effor t  t o tak e bot h o f  thes e factor s int o account ,  w e 
develope d a  varian t  o f  th e selectiv e attentio n mode l  i n 
whic h th e criteri a fo r  salienc e include s informatio n abou t 
bot h novelt y (error )  an d familiarit y  (frequency) .  I n thi s 
model ,  th e salienc e o f  a  particula r  exampl e i s define d a s th e 
produc t  o f  th e network' s erro r  o n tha t  exampl e an d th e lo g 
frequency '  o f  th e example .  Thi s salienc e measur e ca n b e 
though t  o f  a s "moderat e novelty "  and/o r  "moderat e 
familiarity. "  Supplyin g th e networ k wit h frequency 
informatio n i s justifie d b y th e fac t  tha t  childre n hav e 
knowledg e abou t  th e frequency  o f  item s i n thei r  languag e 
befor e the y star t  t o lear n th e pas t  tense .  Sensitivit y t o th e 
frequency  o f  phoneti c pattern s i s alread y presen t  i n infant s 
of  9-month s (Jusczyk ,  Luc e &  Charles-Luce ,  1994) ,  whil e 
childre n d o no t  typicall y star t  producin g th e pas t  tens e unti l 
aroun d 2 0 month s o f  ag e (Cazden ,  1968) . 

I n th e experiment s describe d below ,  w e wil l  tes t  th e 
behavio r  o f  thre e type s o f  networks :  (a )  network s withou t 
selectiv e attentio n (replicatin g P & M (1991)) ,  (b )  network s 
wit h selectiv e attentio n tha t  us e erro r  fo r  salienc e an d (c ) 
network s wit h selectiv e attentio n tha t  us e th e produc t  o f 
erro r  an d lo g frequenc y t o determin e wha t  i s salient . 

Methods 

Our  input-outpu t  pair s wer e take n fro m th e databas e o f 
artificia l  verb s use d b y P & M .  Th e intereste d reade r  shoul d 
refe r  t o P & M (1991 ,  1993 )  fo r  detail s abou t  th e 
representations .  Th e networ k i s give n a  ver b ste m a s inpu t 
an d mus t  produc e th e inflecte d ver b a s it s output .  Th e 
transformation s from  th e stem s t o th e pas t  tens e form s ar e 
classifie d int o fou r  possibl e classes :  arbitrary ,  identity , 
vowel  change ,  an d regular .  Eac h o f  thes e correspond s t o a 
possibl e Englis h pas t  tens e transformation . 

For  th e arbitraries ,  ther e i s n o relatio n betwee n th e ste m 
and th e pas t  tens e form ,  e.g .  'go-^went. '  Fo r  th e identities , 
th e pas t  tens e for m i s identica l  t o th e ver b stem .  Thi s 
mappin g require s tha t  th e ver b ste m en d i n a  denta l 
consonan t  (l\ J  o r  /d/) ,  e.g .  'hit-4hit. '  Fo r  th e vowe l 
changes ,  a  vowe l  i n th e ste m m a y b e replace d b y a  differen t 
vowel  i n th e inflecte d for m o f  th e verb ,  dependin g o n th e 
origina l  vowe l  an d th e consonan t  tha t  follows .  W e ha d 7 
differen t  type s o f  vowe l  change s i n ou r  vocabulary , 
analogou s t o 'ring-^rang, '  'blow—)blew, '  etc .  Finally ,  fo r 
th e regulars ,  a  suffi x  i s  appende d t o th e ver b stem .  T h e 
for m o f  th e suffi x  depend s upo n th e final  vowel/consonan t 
i n th e stem .  I f  th e ste m end s i n a  denta l  (l\ J  o r  161) ,  the n th e 

'  Specifically ,  wha t  wa s use d wa s log2((toke n frequency )  +  1) . 
The additio n o f  on e wa s mad e becaus e th e toke n frequenc y o f 
regular s i s 1 ,  an d th e lo g o f  1  i s 0 .  W e d o no t  wan t  t o multipl y b y 
zero ,  s o a  facto r  o f  on e wa s adde d t o al l  o f  th e toke n frequencies . 
The lo g o f  frequenc y i s use d because ,  a s Marcu s e t  a l  (1992 )  note , 
" a frequenc y differenc e o f  1  versu s 1 0 woul d hav e a  greate r  effec t 
tha n a  frequenc y differenc e o f  1,00 1 versu s l,010(p .  118). " 
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suffi x i s  /-id/ ,  e.g .  'pat->pat-id. '  It "  th e ste m end s i n a 
voice d consonan t  o r  vowel ,  the n th e suffi x i s voice d /d/ ,  e.g . 
'dam^dam-d. '  I f  th e ste m endin g i s unvoiced ,  th e suffi x i s 
unvoiced/ty ,  e.g .  'pak->pak-t. ' 

T h e typ e an d toke n frequencie s o f  eac h o f  thes e classe s i n 
our  vocabular y ar e show n i n Tabl e 1 .  W e calculate d th e 
averag e frequencies  reporte d i n Kucer a an d Franci s (1967 ) 
fo r  eac h o f  th e pas t  tens e types ,  an d create d a  dat a se t  tha t 
mirrore d th e ratio s o f  typ e frequencies  w e foun d there .  A s 
Marcu s e t  al .  (1992 )  note ,  however ,  thi s databas e "shoul d 
predic t  children' s behavio r  les s wel l  tha n parenta l 
frequency  counts ,  o f  course ,  becaus e i t  i s  fro m writte n 
Englis h addresse d t o adult s (p .  118). "  The y reporte d tha t 
onl y slightl y mor e tha n one-quarte r  o f  parenta l  ver b token s 
i n th e C H I L D E S databas e wer e regula r  (p .  80) .  I n orde r  t o 
m a ke ou r  trainin g se t  resembl e th e inpu t  childre n receiv e 
mor e closely ,  w e increase d th e toke n frequencies  o f  th e 
irregulars ,  keepin g thei r  relativ e proportion s th e same ,  s o 
tha t  jus t  ove r  one-quarte r  o f  th e tota l  token s availabl e t o th e 
networ k wer e regular . 

Table 1 Frequency distribution of the training set. 

T y p e Frequenc y 
T o k e n Frequenc y 

Ar b 
2 

216 

Reg 
458 

1 

I D 
8 
9 

VC 
32 
8 

We als o traine d al l  thre e type s o f  networ k o n tw o othe r 
vocabularies—on e whic h ha d th e typ e an d toke n 
frequencies  use d i n P & M ' s (1991 )  "Phon e 34 "  simulation , 
an d on e wit h frequencies  base d directl y o n Kucer a & 
Franci s (1967) .  I n al l  o f  thes e simulations ,  onl y th e 
network s wit h selectiv e attention ,  usin g bot h erro r  an d 
frequency  fo r  salience ,  showe d appropriat e U-shape d 
learning .  Furthermore ,  a s th e trainin g set s wer e m a d e mor e 
simila r  t o th e inpu t  childre n receive ,  th e networks ' 
overregularizatio n behavio r  becam e mor e simila r  t o wha t  i s 
observe d fo r  children .  Becaus e o f  limitation s o n space ,  w e 
wil l  onl y repor t  th e result s from  th e trainin g se t  tha t 
provide s th e closes t  approximatio n t o th e inpu t  t o children . 

Our  network s wer e traine d wit h th e bac k propagatio n 
algorithm .  Eac h networ k wa s initialize d wit h th e sam e se t 
of  rando m initia l  weights .  Othe r  simulation s wer e ru n wit h 
differen t  set s o f  initia l  weights ,  an d th e result s wer e 
virtuall y identica l  t o thos e reporte d here .  Th e networ k 
architectur e consiste d o f  1 8 inpu t  unit s (eac h ver b ste m wa s 
forme d from 3  phoneme s eac h requirin g 6  unit s t o 
represent) ,  3 0 hidde n unit s an d 2 0 outpu t  unit s ( 2 suffi x 
unit s wer e neede d i n additio n t o th e transforme d stem) .  Th e 
choic e o f  3 0 hidde n unit s wa s m a d e t o paralle l  th e 
architectur e use d b y P & M (1993) .  Th e learnin g rat e an d 
m o m e n t u m wer e als o se t  accordin g t o th e value s use d b y 
P & M (1993) ,  namel y a  learnin g rat e o f  0. 1 an d a 
m o m e n t u m o f  0.0 .  T o evaluat e networ k performance ,  th e 
outpu t  fo r  eac h phonem e i n th e ste m wa s mappe d t o th e 
closes t  lega l  phonem e (usin g Euclidea n distance) .  The n th e 
outpu t  wa s compare d wit h th e target . 

Resul t s 

Th e network s wit h selectiv e attentio n wer e abl e t o maste r 
th e pas t  tens e mapping s completely .  Th e networ k withou t 
selectiv e attentio n neve r  reache d 1 0 0 % correc t  o n th e 
regula r  mappin g (fina l  performanc e wa s 9 7 % fo r  regula r 
verbs ,  1 0 0 % fo r  irregulars) .  Th e overregularizatio n 
behavio r  o f  th e networ k withou t  selectiv e attentio n i s 
show n i n Figur e 3 .  Lik e th e simulatio n reporte d i n P & M 
(1991) ,  thi s networ k bega n overregularizin g earl y i n 
trainin g an d doe s no t  sho w th e kin d o f  U-shape d learnin g 
see n i n childre n (c f  Figur e 1) .  Th e overregularizatio n 
behavio r  o f  th e selectiv e attentio n networ k tha t  use d erro r 
alon e fo r  salienc e i s show n i n Figur e 4 .  Thi s networ k 
overregularize s to o earl y an d to o much .  Thus ,  usin g erro r 
alon e t o defin e salienc e lead s t o learnin g behavio r  tha t  i s 
unlik e wha t  ha s bee n observe d i n children ,  a s note d above . 
Th e selectiv e attentio n networ k tha t  use d bot h erro r  an d 
frequency  informatio n i n it s criterio n fo r  salienc e showe d 
overregularizatio n behavio r  simila r  t o wha t  Marcu s e t  al . 
(1992 )  reporte d fo r  childre n (show n i n Figur e 5) .  I t  ha d a n 
initia l  perio d wit h n o overregularizatio n errors ,  followe d b y 
a prolonge d perio d o f  lo w overregularizatio n rate s 
(typicall y  < 1 0 % ) ,  afte r  whic h overregularizatio n error s 
ceased . 

100 

80 • 

60-

40 • 

20-

n -

^ 

1 1  1 1 
10 2 0 3 0 4 0 

Weight  Update s (thousands ) 
50 

Figur e 3 :  ( 1 -  overregularizatio n rate )  fo r  th e networ k 
withou t  selectiv e attention . 

Thi s networ k wa s als o teste d o n it s abilit y  t o generalize . 
Ther e wer e thre e type s o f  nove l  stems :  stem s endin g i n a 
denta l  (nove l  dental) ,  stem s fro m eac h o f  th e vowe l  chang e 
type s (nove l  vowe l  change )  an d stem s tha t  di d no t  fal l  int o 
eithe r  o f  th e first  tw o categorie s (nove l  indeterminates) .  B y 
th e en d o f  training ,  th e majorit y o f  th e nove l  indeterminat e 
verb s (rangin g fro m 84-88% )  wer e inflecte d a s regulars , 
showin g tha t  th e networ k ha s learne d tha t  th e regula r 
mappin g i s th e default .  Th e othe r  response s a t  th e en d o f 
trainin g wer e 2 -4 % identit y (th e sam e ste m a s i n th e inpu t 
wit h n o suffix) ,  4 -6 % wron g suffix ,  2 % regula r  suffi x 
(appropriat e fo r  th e final  phoneme )  accompanie d b y a  ba d 
vowel  chang e (on e tha t  di d no t  correspon d t o an y o f  th e 
seve n lega l  vowe l  chang e types )  an d 4 % unclassifie d 
(mostl y change s t o th e consonant s i n th e stem) .  Combinin g 
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th e regula r  response s wit h thos e give n th e wron g suffi x 
give s u s 9 0 - 9 2 % suffixatio n fo r  nove l  indeterminates , 
whic h i s wha t  P & M (1993 )  repor t  fo r  thei r  simulations . 
None o f  thes e nove l  indeterminat e verb s wer e mappe d wit h 
a lega l  vowe l  chang e o r  th e combinatio n o f  a  lega l  vowe l 
chang e an d a  regula r  suffi x  (blends) .  B y th e en d o f 
training ,  th e network' s response s t o nove l  denta l  verb s wer e 
2 0 % identity ,  2 0 % regular ,  1 0 % vowe l  chang e (thes e stem s 
fel l  int o vowe l  chang e clas s 2 ,  whic h end s i n a  dental) ,  2 0 % 
wron g suffix ,  2 0 % regula r  suffi x  accompanie d b y a  ba d 
vowel  chang e an d 1 0 % unclassified .  Obviousl y th e networ k 
has no t  learne d th e denta l  mappin g a s wel l  a s th e regula r 
mapping .  Th e fac t  tha t  thes e nove l  verb s ende d i n a  denta l 
di d chang e th e network' s respons e t o them ,  however , 
increasin g th e likelihoo d tha t  the y woul d b e inflecte d a s 
regular s o r  accordin g t o vowe l  chang e clas s 2 ,  an d als o 
increasin g th e likelihoo d o f  errors—inflection s tha t  d o no t 
correspon d t o on e o f  th e canonica l  pas t  tens e mappings .  A t 
th e en d o f  trainin g th e response s t o nove l  vowe l  chang e 
verb s wer e 2 1 % vowe l  change ,  2 9 % regular ,  9 % identity , 
1 0 % blend ,  4 % ba d V C ,  1 0 % ba d V C wit h regula r  suffi x 
and 1 7 % unclassified .  W h e n confronte d wit h nove l  vowe l 
chang e stems ,  th e networ k i s mor e likel y t o inflec t  the m a s 
vowel  chang e verb s o r  blend s tha n whe n i t  see s eithe r  nove l 
indeterminate s o r  nove l  dentals .  I n fact ,  non e o f  th e nove l 
indeterminate s o r  nove l  dental s wer e treate d a s blends .  Th e 
network' s likelihoo d o f  makin g a  respons e tha t  doe s no t 
loo k lik e an y o f  th e norma l  inflection s o f  Englis h als o 
increases . 

usin g a  phonologica l  attracto r  a t  th e outpu t  (Plant , 
McClelland ,  Seidenber g &  Patterson ,  1996) .  Thi s i s a 
directio n fo r  futur e research . 

Conclusion 

Selectiv e attentio n wa s show n t o b e a  powerfu l  ai d t o 
learnin g i n neura l  networks .  Bot h type s o f  selectiv e 
attentio n network s mastere d th e trainin g se t  completely , 
whil e th e networ k withou t  selectiv e attentio n di d not .  T h e 
mechanis m o f  selectiv e attentio n allow s th e networ k t o 
guid e itsel f  throug h a  for m o f  "incrementa l  learning " 
(Elman ,  1993 )  s o tha t  difficul t  mapping s ca n b e learne d 
withou t  th e experimente r  controllin g th e presentatio n o f 
trainin g examples . 

^^^/^v'V^YV'rinnnfl l 

10 2 0 3 0 4 0 
Weight  Update s (thousands ) 

100- F 

80-

60 - • 

40 -

20-

10 2 0 3 0 4 0 
Weight  Update s (thousands ) 

Figure 4: (1 - overregularization rate) for the network with 
selectiv e attention ,  usin g erro r  alon e fo r  salience . 

These results resemble the behavior of humans when 
face d wit h a  "wu g test "  (Berko ,  1958 )  wher e the y ar e aske d 
t o giv e th e pas t  tens e for m o f  nonsens e words .  Mos t  word s 
ar e inflecte d a s regulars ,  bu t  word s tha t  ar e simila r  t o 
irregula r  Englis h word s m a y b e inflecte d a s irregulars . 
Furthermore ,  word s tha t  ar e simila r  t o irregular s tak e 
longe r  t o process .  Th e fac t  tha t  th e networ k i s mor e likel y 
t o giv e response s tha t  d o no t  correspon d t o an y o f  th e 
norma l  inflectio n type s whe n confronte d wit h word s tha t 
loo k lik e th e irregular s i t  ha s learne d m a y b e see n a s 
analogou s t o thi s difficult y experience d b y humans .  Th e 
unclassifie d response s m a y potenUall y b e eliminate d b y 

Figur e 5 :  ( 1 -  overregularizatio n rate )  fo r  th e networ k wit h 
selectiv e attention ,  usin g bot h erro r  an d frequenc y fo r 

salience . 

We als o showe d tha t  usin g erro r  alon e a s th e criterio n fo r 
salienc e lead s t o learnin g behavio r  unlik e wha t  i s foun d i n 
children .  Th e network s tha t  use d erro r  alon e faile d t o g o 
throug h a  proces s o f  U-shape d learning .  Rather ,  the y 
produce d overregularization s to o soo n an d to o often .  W h e n 
frequenc y informatio n wa s adde d t o th e criterio n fo r 
salience ,  however ,  th e network' s learnin g behavio r 
provide d a  goo d mode l  o f  wha t  i s see n i n children .  Bot h 
novelt y (whic h correspond s t o erro r  i n th e network )  an d 
familiarit y (o r  frequency )  hav e bee n show n t o pla y a  rol e i n 
determinin g wha t  childre n pa y attentio n to ,  s o th e us e o f 
bot h o f  thes e source s o f  informatio n i n th e mode l  o f 
selectiv e attentio n i s justified .  O f  course ,  othe r  thing s m a y 
pla y a  rol e i n determinin g wha t  i s salien t  a s well .  Althoug h 
onl y frequenc y an d novelt y wer e utilize d here ,  w e d o no t 
mean t o impl y tha t  the y ar e th e onl y possibl e determinant s 
of  attention . 

Thes e simulation s als o vindicat e th e claim ,  originall y 
made b y Rumelhar t  &  McClellan d (1986) ,  an d the n 
defende d b y P & M (1991 ,  1993) ,  tha t  a  connectionis t 
networ k ca n provid e a n explanatio n fo r  U-shape d learnin g 
withi n a  single-mechanis m learnin g system .  Th e networ k 
wit h selectiv e attention ,  usin g bot h erro r  an d ft-equency 
informafion ,  master s th e al l  o f  th e pas t  tens e mappings . 
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learn s l o generaliz e t o nove l  verbs ,  an d show s U-shape d 
learnin g behavio r  qualitativel y simila r  t o children .  I t  i s 
importan t  t o reiterat e tha t  thi s i s accomplishe d withou t 
externa l  manipulatio n o f  th e trainin g set .  Th e mechanis m 
of  selectiv e attention ,  rathe r  tha n externa l  manipulation ,  i s 
responsibl e fo r  th e network' s abilit y  t o lear n th e entir e 
trainin g se t  an d sho w U-shape d learning . 
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