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Abstrac t 

It is well known that children generally exhibit a "U-
shaped "  patter n o f  developmen t  i n th e proces s o f  acquirin g 
th e pas t  tense .  Piunket t  &  Marchma n (1991 )  showe d tha t  a 
connectionis t  network ,  traine d o n th e pas t  tense ,  woul d 
exhibi t  U-shape d learnin g effects .  Thi s networ k di d no t 
completel y maste r  th e pas t  tens e mapping ,  however . 
Piunket t  &  Marchma n (1993 )  showe d tha t  a  networ k 
traine d wit h a n incrementall y expande d trainin g se t  wa s 
abl e t o achiev e acceptabl e level s o f  mastery ,  a s wel l  a s 
sho w th e desire d U-shape d pattern .  I n thi s paper ,  w e poin t 
out  som e problem s wit h usin g a n incrementall y expande d 
trainin g set .  W e propos e a  mode l  o f  selectiv e attentio n 
tha t  enable s ou r  networ k t o completel y maste r  th e pas t 
tens e mappin g an d exhibi t  U-shape d learnin g effect s 
withou t  requirin g externa l  manipulatio n o f  it s trainin g set . 

Introduction 

I t  i s  wel l  know n tha t  i n th e proces s o f  acquirin g th e pas t 
tense ,  childre n generall y exhibi t  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 
go throug h a  perio d o f  overgeneralizatio n i n whic h irregula r 
form s ar e incorrectl y inflecte d (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 . 
Piunket t  &  Marchma n (1991 )  ( P & M hereafter )  showe d tha t 
U-shape d learnin g effect s ca n emerg e i n connectionis t 
network s i n th e absenc e o f  an y discontinuitie s i n th e 
trainin g regime .  P & M showe d tha t  suc h network s g o 
throug h "micr o U-shape d development. "  Thi s i s contraste d 
wit h th e idealize d visio n o f  "macr o U-shape d development " 
tha t  predominate s i n anecdota l  description s o f  children' s 
pattern s o f  acquisition .  Macr o U-shape d developmen t  refer s 
t o a  rapi d an d sudde n chang e fro m th e memorizatio n stage , 
wher e regula r  an d irregula r  form s ar e reproduce d wit h 
relativel y equa l  level s o f  error ,  t o a  stag e wher e th e /-ed / 
suffi x i s  applie d indiscriminately ,  resultin g i n 
overgeneralizatio n fo r  al l  irregula r  verbs .  Micr o U-shape d 

See Pinke r  an d Prince' s (1988 )  critiqu e o f  Rumelhar t  & 
McClellan d (1986) .  The y argu e tha t  Rumelhar t  &  McClelland' s 
model  exhibite d U-shape d learnin g effect s becaus e o f 
discontinuitie s i n it s trainin g set . 

development ,  o n th e othe r  hand ,  i s characterize d b y selectiv e 
applicatio n o f  th e /-ed /  suffix ,  resultin g i n a  perio d i n whic h 
some irregula r  verb s ar e regularized ,  whil e other s ar e 
produce d correctly .  Althoug h mos t  anecdota l  description s o f 
children' s acquisitio n o f  th e pas t  tens e hav e implie d macr o 
U-shape d development ,  studie s o f  naturalisti c pas t  tens e 
productio n (e.g .  Marcu s e t  al .  (1992) )  an d studie s usin g 
elicitatio n procedure s (e.g .  Marchma n (1988) )  sho w tha t 
micr o U-shape d developmen t  i s a  bette r  descriptio n o f  h o w 
childre n lear n th e pas t  tense . 

Althoug h P & M (1991 )  wer e successfu l  i n showin g tha t 
connectionis t  network s g o throug h a  micr o U-shape d patter n 
of  development ,  non e o f  th e network s the y traine d achieve d 
master y o f  al l  o f  th e pas t  tens e mappings .  I n particular ,  th e 
mean performanc e o n th e regula r  (ad d /-ed/ )  mappin g wa s 
8 4 % ( P & M (1991) ,  p .  71) ,  whic h i s  wel l  belo w th e 
percentag e o f  regular s tha t  mos t  adul t  human s ar e abl e t o 
inflec t  correctl y (nea r  100%) . 

P & M (1993 )  demonstrate d tha t  network s ca n achiev e 
acceptabl e level s o f  master y an d stil l  sho w U-shape d 
learnin g effect s i f  thei r  trainin g se t  i s  expande d 
incrementally .  Unlik e Rumelhar t  &  McClellan d (1986) , 
the y di d no t  introduc e a  discontinuit y i n th e trainin g regime . 
Rather ,  the y traine d thei r  network s o n a  smal l  numbe r  o f 
verb s a t  first,  an d the n graduall y expande d th e trainin g set . 
Traine d i n thi s way ,  th e network s describe d b y P & M (1993 ) 
wer e abl e t o maste r  th e give n vocabular y (correctl y 
inflectin g 97 -98 % o f  th e regulars )  afte r  a  perio d o f  micr o U -
shape d development . 

Thi s i s  a n interestin g result ,  bu t  th e us e o f  a n 
incrementall y expandin g trainin g se t  mus t  b e justified . 
P & M (1993 )  not e tha t  "ver b acquisitio n i n childre n i s a 
gradua l  proces s whic h follow s a n incrementa l  learnin g 
trajector y (p .  27), "  an d g o o n t o mentio n Elman' s (1991 ) 
applicatio n o f  incrementa l  trainin g t o th e acquisitio n o f 
simpl e an d comple x syntacti c forms .  Ther e are ,  however , 
some crucia l  difference s betwee n th e accoun t  o f  languag e 
acquisitio n implie d b y Elman' s mode l  an d tha t  implie d b y 
P & M (1993) . 

Elman' s recurren t  networ k wa s unabl e t o lear n adequatel y 
i f  i t  wa s traine d o n th e entir e se t  o f  simpl e an d comple x 
sentence s a t  once .  H e showe d tha t  i t  coul d lear n i f  i t  wa s 
traine d o n a n incrementall y expande d trainin g set ,  beginnin g 
wit h th e simpl e sentences ,  an d workin g u p t o th e comple x 
ones .  Nevertheless ,  h e argue d explicitl y  agains t  usin g a n 
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incrementall y expande d trainin g se t  i n model s o f  languag e 
acquisition ,  claimin g tha t  "childre n hea r  exemplar s o f  al l 
aspect s o f  th e adul t  languag e fro m th e beginnin g (p .  6). "  H e 
the n trie d expandin g hi s network' s memor y capacity ,  rathe r 
tha n incrementall y expandin g it s trainin g set .  Durin g th e 
first  phas e o f  training ,  th e recurren t  feedbac k wa s eliminate d 
afte r  ever y thir d o r  fourt h word .  A s trainin g progressed ,  th e 
network' s memor y windo w wa s graduall y increase d unti l  th e 
feedbac k wa s n o longe r  interfere d wit h a t  all . 

Usin g thi s schedul e o f  expandin g memory ,  Elma n wa s 
abl e t o ge t  th e networ k t o lear n th e entir e u-ainin g set .  Thi s 
i s a  reasonabl e accoun t  o f  languag e acquisitio n becaus e w e 
k n o w tha t  childre n hav e limite d memor y capacit y earl y i n 
development ,  an d tha t  thi s capacit y increase s a s developmen t 
continues .  Furthermore ,  th e networ k i s expose d t o th e 
entir e adul t  language ,  whic h i s mor e realisti c tha n usin g a 
subse t  o f  th e languag e fo r  training . 

P & M ' s (1993 )  mode l  di d no t  hav e a  limite d memory-i t 
was no t  a  recurren t  network ,  an d di d no t  hav e a  memor y i n 
th e sens e tha t  Elman' s (1991 )  mode l  did .  P & M ha d t o 
resor t  t o limitin g it s trainin g set ,  whic h wa s the n graduall y 
expanded .  P & M (1993 )  clai m tha t  i t  i s  "unlikel y tha t 
childre n attemp t  t o lear n a n entir e lexico n al l  o f  a  piec e (p . 
27). "  Perhap s wha t  the y ha d i n min d wa s tha t  childre n hav e 
acces s t o th e entir e vocabulary ,  bu t  onl y pa y attentio n t o a 
limite d numbe r  o f  words .  I n thi s case ,  th e wa y the y hav e 
modele d attentio n i s questionable .  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  i s  traine d t o 
1 0 0 % accurac y befor e expansio n began .  I n effect ,  th e 
networ k wa s bein g tol d whic h verb s t o pa y attentio n t o a t 
th e outset ,  an d traine d o n the m t o perfectio n befor e i t  coul d 
star t  attendin g t o othe r  verbs .  B y th e en d o f  training ,  th e 
networ k ha d th e entir e vocabular y i n it s trainin g set-i t  wa s 
payin g attentio n t o eac h elemen t  o f  th e vocabular y t o th e 
same degree .  Clearly ,  w e nee d a  bette r  wa y t o mode l 
attention . 

I n thi s paper ,  w e examin e th e effec t  o f  selectiv e attentio n 
on a  network' s abilit y  t o lear n th e pas t  tens e mappings .  W e 
d o no t  specif y th e example s t o whic h th e networ k shoul d 
pa y attention ,  an d w e d o no t  restric t  th e se t  o f  example s t o 
whic h th e networ k ca n b e exposed .  Lik e Elman ,  w e believ e 
tha t  i n orde r  fo r  ou r  mode l  t o b e realistic ,  th e entir e 
vocabular y mus t  b e accessibl e t o th e networ k fro m th e start . 
We sho w tha t  network s wit h thi s mechanis m o f  selectiv e 
attentio n maste r  th e pas t  tens e mappin g an d exhibi t  micr o 
U-shape d learnin g effect s i n th e absenc e o f  an y externa l 
manipulatio n o f  thei r  trainin g set . 

Selective Attention Model 

Our  mode l  o f  selectiv e attentio n i s base d o n th e metho d o f 
activ e selectio n (Plutowsk i  &  Whit e (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 o f 
ne w examples .  Plutowsk i  e t  a l  (1993 )  introduce d th e ide a o f 
usin g m a x i m u m erro r  a s th e criterio n fo r  selection .  I n ou r 
implementation ,  thi s criterio n i s use d fo r  selectin g example s 
fo r  weigh t  adjustmen t  (cf .  Baluj a &  Pomerlea u (1994) , 
whos e networ k ignore s section s o f  th e inpu t  wit h hig h 
predictio n error) .  Instea d o f  usin g activ e selectio n fo r 
incrementall y growin g th e trainin g set ,  w e assum e a  fixed 

siz e trainin g queu e o f  siz e N  correspondin g t o th e child' s 
workin g o r  perhap s episodi c memory .  A s th e chil d sample s 
th e environment ,  w e assum e th e chil d compute s hi s erro r  o n 
any verb ,  an d the n compare s thi s erro r  wit h wha t  i s currentl y 
i n th e trainin g queue .  I f  th e erro r  o n th e sample d exampl e i s 
wors e tha n wha t  i s currentl y i n th e queue ,  th e exampl e i s 
inserte d i n th e queu e an d th e bes t  exampl e i n th e queu e i s 
"forgotten. "  W e ma y vie w thi s erro r  a s a  measur e o f  th e 
novelt y o r  salienc e o f  th e verb . 

T o simulat e this ,  a t  th e beginnin g o f  a n epoc h th e 
simulato r  randoml y select s a  windo w o f  W example s fro m 
th e vocabular y an d test s th e networ k o n them .  Th e 
likelihoo d o f  an y particula r  exampl e bein g chose n fo r  th e 
sampl e windo w depend s o n it s frequenc y i n th e vocabulary . 
The abov e procedur e i s applie d t o updat e th e queue .  Thus , 
th e entir e se t  o f  example s ma y chang e fro m on e epoc h t o th e 
nex t  dependin g o n N ,  W ,  an d th e erro r  o n th e samples . 

Th e network' s initia l  exposur e t o a  for m result s i n it s 
bein g place d i n th e sampl e window .  Weigh t  adjustmen t 
doe s no t  occu r  unti l  th e for m ha s bee n pu t  int o th e trainin g 
queue .  Trainin g o n a  ver b i s therefor e "off-line "  i n th e sens e 
tha t  i t  occur s som e tim e afte r  th e ver b i s initiall y 
encountered . 

I t  i s  reasonabl e t o suppos e tha t  childre n ar e no t  abl e t o 
cycl e throug h ever y ver b i n th e languag e i n orde r  t o choos e 
th e one s the y nee d t o pa y attentio n t o fo r  th e purpose s o f 
synapti c adjustment ,  s o i t  wa s importan t  t o limi t  th e siz e o f 
th e sampl e window .  W e migh t  thin k o f  th e windo w a s th e 
network' s short-ter m memor y (fo r  recentl y hear d verbs) .  I t 
need s t o hol d a  limite d numbe r  o f  item s i n memor y s o tha t 
i t  ca n compar e the m t o choos e th e queu e elements  whe n 
updatin g th e queue . 

Methods 

Our  input-outpu t  pair s wer e take n fro m th e databas e 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 fro m 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 ,  vowe l  change ,  an d regular .  Eac h o f  thes e 
cortespond s t o a  possibl e Englis h pas t  tens e transformation . 

Typ e 
Frequenc y 

Toke n 
Frequenc y 

Arbitrar y 

2 

100 

Identit y 

20 

2 

Vowel 
Change 

68 

5 

Regula r 

410 

1 

Tabl e 1 :  Typ e an d Toke n frequencie s o f  th e pas t  tens e 
mapping s 

For the arbitraries, there is no relation between the stem 
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  (/t /  o r  /d/) ,  e.g .  'hit—>hit. '  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 
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Figure 1: Performance on regular verbs after 120,000 weight 
update s a s a  functio n o f  queu e an d windo w size . 

vowel in the inflected form of the verb, depending on the 
origina l  vowe l  an d th e consonan t  tha t  follows .  W e ha d 1 0 
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 .  Th 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  (/t /  o r  /d/) ,  the n th e 
suffi x i s  /-id/ ,  e.g .  'pat-»pat-id. '  I f  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 
unvoice d /t/ ,  e.g .  'pak->palc-t. ' 

The 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 .  Th e typ e fi"equencies 
ar e identica l  t o thos e use d b y P & M (1991) ,  bu t  th e toke n 
frequencie s ar e somewha t  different .  Fo r  eac h typ e o f  pas t 
tens e mapping ,  w e too k th e average s o f  a  small ,  bu t 
representativ e sampl e o f  ver b frequencie s fro m Kucer a & 
Franci s (1967) ,  an d the n normalize d the m b y th e frequenc y 
of  th e regulars . 

Our  network s wer e traine d wit h th e bac k propagatio n 
algorithm .  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 fro m 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 mad e 
t o paralle l  th e architectur e use d b y P & M (1993) .  Th e 
learnin g rat e an d momentu 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 
and a  momentu 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 . 

We investigate d th e effect s o f  differen t  sampl e windo w an d 
trainin g queu e size s b y lettin g W an d N  tak e o n th e value s 
1,  2 ,  4  o r  8  an d trainin g network s wit h al l  sixtee n possibl e 
combinations .  Fiv e set s o f  network s wer e trained ,  wit h 
initia l  weigh t  value s th e sam e withi n eac h set ,  bu t  varyin g 
betwee n them . 

Results 

Figur e 1  show s th e effec t  o f  usin g differen t  trainin g queu e 
and sampl e windo w sizes .  Th e averag e performanc e fo r  eac h 
combinatio n o f  W an d N  i s  plotte d i n Figur e 1 ,  wit h 
standar d deviatio n indicate d b y erro r  bars .  Th e network s tha t 
performe d bes t  wer e th e one s tha t  ha d larg e sampl e window s 
and smal l  trainin g queues .  Th e large r  th e sampl e window , 
th e mor e example s th e networ k ha s t o choos e from .  Onc e 
an exampl e i s chose n an d traine d on ,  however ,  th e network' s 
erro r  wil l  chang e no t  onl y fo r  tha t  verb ,  bu t  fo r  othe r  verb s 
as well .  I f  th e networ k train s o n a  regula r  verb ,  fo r 
example ,  w e expec t  it s erro r  o n othe r  regula r  verb s t o g o 
down slightly ,  a s well .  Thus ,  i t  i s  bette r  fo r  th e networ k t o 
"pa y attentio n t o on e thin g a t  a  time, "  becaus e thi s allow s i t 
t o choos e it s trainin g exampl e base d o n it s erro r  o n tha t 
exampl e immediatel y prio r  t o training ,  rathe r  tha n usin g a n 
erro r  valu e tha t  ma y hav e change d du e t o trainin g o n anothe r 
ver b i n th e queue . 

Figur e 2  show s th e averag e performanc e o f  5  network s 
traine d usin g th e selectiv e attentio n mechanis m wit h sampl e 
window s o f  siz e 8  an d trainin g queue s o f  siz e 1 .  Becaus e o f 
th e metho d o f  trainin g w e ar e using ,  i t  i s  mor e meaningfu l 
t o analyz e th e network s accordin g t o th e numbe r  o f  weigh t 
update s the y hav e undergone .  Thi s make s i t  difficul t  t o 
compar e ou r  result s wit h thos e o f  P & M ,  however ,  becaus e 
the y grap h result s i n term s o f  epochs ,  an d th e siz e o f  th e 
trainin g se t  change s wit h eac h epoch .  Fo r  th e purpose s o f 
comparison ,  therefore ,  w e ra n 5  network s usin g th e 
traditiona l  metho d fo r  selectin g trainin g example s (th e on e 
use d b y P & M (1991) )  o n th e sam e data .  Th e averag e 
performanc e o f  thes e network s o n regula r  verb s i s show n i n 
figure  3 . 

The network s wit h selectiv e attentio n performe d ver y 
well .  B y 125,00 0 weigh t  updates ,  al l  5  network s ha d 
mastere d al l  o f  th e pas t  tens e mapping s (wit h a  standar d 
deviatio n o f  0.0) .  W h e n th e network s withou t  selectiv e 
attentio n ha d reache d 125,00 0 weigh t  updates ,  the y onl y 
inflecte d a n averag e o f  8 5 % o f  th e regular s correctl y (wit h a 
standar d deviatio n o f  0.013) .  Thi s i s  th e leve l  o f 
performanc e reache d b y P & M ' s (1991 )  bes t  networ k a t  th e 
end o f  trainin g (p .  71) .  Eve n afte r  500,00 0 weigh t  updates , 
thes e network s onl y go t  a n averag e o f  9 5 % correc t  (wit h a 
standar d deviatio n o f  0.007) .  I n summary ,  th e networ k wit h 
selectiv e attentio n wa s bette r  bot h i n final  performanc e an d 
learnin g speed . 

Figur e 4  show s th e networks '  abilit y  t o generalize .  Th e 
firs t  grap h show s th e averag e performanc e o f  th e fiv e 
network s o n nove l  verb s tha t  di d no t  fal l  int o an y o f  th e 
vowel  chang e classe s o r  en d i n a  denta l  consonant-th e 
indeterminates .  Th e erro r  bar s indicat e standar d deviation . 
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Figur e 2 :  Averag e fractio n correc t  an d standar d deviatio n fo r  th e five  selectiv e attentio n network s teste d o n al l  o f  th e regular , 
arbitrary ,  vowe l  chang e an d identit y verb s i n th e trainin g set . 

As ca n b e see n i n th e graph ,  th e network s generaliz e fairl y 
well .  Th e dashe d lin e show s th e fractio n o f  indeterminat e 
nove l  verb s th e network s inflecte d wit h a  suffi x (aroun d 
9 0 % ) ,  irrespectiv e o f  whethe r  th e for m o f  th e ste m wa s 
correct .  Th e dashe d lin e show s th e fractio n o f  indeterminat e 
nove l  verb s th e network s inflecte d a s regular s wit h n o 
change s t o th e ste m (aroun d 7 0 % ) . 

Th e nove l  denta l  an d vowe l  chang e graph s sho w tha t  th e 
regula r  mappin g i s no t  applie d indiscriminatel y t o nove l 
forms—th e fractio n o f  verb s inflecte d a s regular s i s lowe r  i n 
thes e graphs .  Th e network s hav e learne d somethin g abou t 
th e phonologica l  regularitie s inheren t  i n th e vocabulary .  I n 
particular ,  th e nove l  vowe l  chang e grap h show s tha t  verb s 
tha t  ar e phonologicall y simila r  t o th e vowe l  chang e verb s i n 
th e trainin g se t  ar e a s likel y t o b e inflecte d wit h a  vowe l 
chang e a s the y ar e t o b e regularized . 

Figur e 5  show s th e numbe r  o f  time s eac h ver b toke n wa s 
i n th e trainin g queu e fo r  a  particula r  simulation .  Not e tha t 
some regula r  verb s neve r  mak e i t  int o th e queue ,  i.e .  ar e 
neve r  traine d on .  Sinc e w e happe n t o kno w al l  verb s wer e 
sampled ,  th e networ k mus t  hav e ha d lo w erro r  o n thes e 
verb s whe n the y wer e i n th e window .  Thi s i s  furthe r 
evidenc e tha t  th e networ k ha s learne d th e regula r  rule ,  an d 
shows tha t  ou r  procedur e avoid s unnecessar y computation . 

D i s c u s s i o n 

We hav e presente d a  mode l  o f  selectiv e attentio n whic h 
choose s trainin g example s fro m a  rando m sampl e o f  th e 
trainin g set .  Th e siz e o f  th e w indo w fro m whic h th e 
trainin g exampl e ca n b e chose n i s limite d an d th e trainin g 
queu e itsel f  i s  limited .  Whethe r  onl y on e o r  bot h o f  thes e 
shoul d b e considere d "memory "  i s  a  questio n o f 
interpretation ,  bu t  her e w e hav e suggeste d tha t  th e queu e ca n 
be considere d th e memory .  O n e coul d als o brea k th e 
processin g dow n int o tw o stages ,  on e wher e sample s ar e pu t 
int o memor y fo r  late r  processing ,  an d the n a  stag e i n whic h 
the y ar e organize d accordin g t o salience ,  an d the n practiced . 

The ide a tha t  childre n proces s a  significan t  amoun t  o f  th e 
linguisti c inpu t  the y receiv e afte r  th e fac t  i s  corroborate d b y 
dat a concernin g cri b speech-monologue s an d languag e 
practic e (includin g grammatica l  modification s an d 
imitation/repetition )  tha t  childre n engag e i n whe n the y ar e 
alon e i n thei r  be d befor e goin g t o slee p (Jesperse n (1922) , 
Wei r  (1962) ,  Kucza j  (1983)) .  Cri b speec h i s characterize d 
by a  freedo m (becaus e o f  th e lac k o f  communicativ e intent ) 
t o us e fre e associatio n t o generat e sequence s o f  sound s an d 
words ,  th e association s bein g eithe r  phonological ,  syntacti c 
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Figur e 3 :  Averag e fractio n correc t  an d standar d deviatio n fo r 
fiv e network s withou t  selectiv e attentio n teste d o n regula r 

verbs . 

or semantic (Britten (1970)). Probably because of this 
freedom ,  childre n ar e m o r e likel y t o engag e i n languag e 
practic e i n cri b speec h tha n i n social-contex t  speec h (i n 
term s o f  relativ e frequency )  (Blac k (1979) ,  Britto n (1970) , 
Kuczaj(1983)) . 

As Kucza j  writes : 

...children process linguistic information at (at least) 
tw o levels :  (a )  th e leve l  o f  initia l  processing ,  whic h occur s 
i n short-ter m memor y shortl y afte r  childre n hav e bee n 
expose d t o th e input ,  an d (b )  th e leve l  o f  post-initia l 
processing ,  whic h occur s a t  som e late r  tim e whe n childre n 
ar e attemptin g t o interpret ,  organize ,  an d consolidat e 
informatio n tha t  the y hav e experience d ove r  som e longe r 
perio d o f  time...childre n ar e mos t  likel y t o notic e 
discrepancie s betwee n thei r  knowledg e o f  languag e an d 
linguisti c inpu t  a t  th e leve l  o f  post-initia l  processing , 
and...cri b speec h i s a  contex t  i n whic h childre n ma y freel y 
engag e i n over t  behavior s tha t  facilitat e bot h post-initia l 
processin g an d th e successfu l  resolutio n o f  moderatel y 
discrepan t  events .  Althoug h olde r  childre n an d adult s ma y 
be abl e t o notic e discrepancie s durin g th e initia l 
processin g o f  linguisti c information ,  i t  i s  unlikel y tha t 
youn g childre n ar e abl e t o d o so...Childre n ma y initiall y 
stor e ne w form s an d ne w meaning s an d late r  compar e thes e 
ne w acquisition s wit h previou s one s i n post-initia l 
processin g (Kucza j  (1983) ,  pp .  167-168) . 

The model we have presented is completely compatible 
wit h thes e observations ,  i f  on e assume s bot h th e queu e an d 
th e w indo w ar e par t  o f  th e m e m o r y .  T h e "discrepancies "  i n 
thi s cas e ar e th e erro r  signal s th e networ k generate s fo r  eac h 
ver b i n th e sampl e w indow .  T h e networ k ca n generat e th e 
for m i t  expect s t o se e i n a  particula r  context ,  an d compar e 
thi s wit h wha t  i t  actuall y heard .  I n thi s way ,  th e networ k 
supplie s itsel f  wit h indirec t  negativ e evidenc e (E lma n 
(1991)) ,  whic h i s use d i n th e adjustment s o f  it s  weights .  A s 
Kucza j  suggest s i s tru e fo r  children ,  ou r  network s coul d no t 
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"notice "  th e discrepancie s durin g th e initia l  processin g o f  th e 
linguisti c information .  Th e initia l  processin g occur s whe n 
th e ver b i s pu t  int o th e sampl e window .  Later ,  whe n th e 
tim e come s t o updat e a  network' s weights ,  th e mechanis m 
of  selectiv e attentio n come s int o play .  A t  thi s point ,  th e 
networ k generate s erro r  signal s an d choose s th e ver b wit h 
th e highes t  erro r  fo r  th e purpose s o f  weigh t  adjustment . 

I n futur e work ,  w e m a y tr y t o develo p a  connectionis t 
implementatio n o f  th e trainin g queue .  W e woul d als o lik e 
t o investigat e othe r  strategie s fo r  decidin g wha t  th e networ k 
shoul d pa y attentio n to .  Finally ,  w e pla n t o us e ou r  mode l 
of  selectiv e attentio n i n mor e primar y tasks ,  suc h a s 
learnin g wor d meaning . 

Conclusion 

The mechanis m o f  selectiv e attentio n w e introduce d allowe d 
th e network s t o guid e thei r  ow n training .  Th e network s 
focuse d o n th e example s fo r  whic h the y neede d th e mos t 
training .  A s a  result ,  the y performe d extremel y well .  The y 
completel y mastere d th e regular ,  identity ,  vowe l  chang e an d 
arbitrar y pas t  tens e mapping s an d showe d th e abilit y  t o 
generalize .  The y als o showe d micr o U-shape d learnin g 
effects .  Mos t  importantly ,  ou r  network s achieve d thei r  hig h 
leve l  o f  performanc e withou t  requirin g u s t o externall y 
manipulat e thei r  trainin g sets . 
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