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Abstrac t 

Children  appear to be sensitive to a variety of partially infor-
mativ e "cues "  durin g languag e acquisition ,  bu t  littl e attentio n 
has bee n pai d t o ho w thes e cue s ma y b e integrate d t o ai d learn -
ing .  Borrowin g th e notio n o f  learnin g wit h "hints "  firom  th e 
engineerin g literature ,  w e emplo y neura l  network s t o explor e 
th e notio n tha t  suc h cue s ma y serv e a s hint s fo r  eac h other .  A 
first  se t  o f  simulation s show s tha t  whe n tw o equall y complex , 
but  related ,  function s ar e learne d simultaneousl y rathe r  tha n in -
dividually ,  the y ca n hel p bootstra p on e anothe r  (a s hints) ,  re -
sultin g i n faste r  an d mor e unifor m learning .  I n a  secon d se t 
of  simulation s w e appl y th e sam e principle s t o th e proble m o f 
wor d segmentation ,  integratin g tw o type s o f  informatio n hy -
pothesize d t o b e relevan t  t o thi s task .  Th e integratio n o f  cue s 
i n a  singl e networ k lead s t o a  sharin g o f  resource s tha t  permit s 
thos e cue s t o serv e a s hint s fo r  eac h other .  Ou r  simulatio n re -
sult s sho w tha t  suc h sharin g o f  computationa l  resource s allow s 
eac h o f  th e task s t o facilitat e th e learnin g (i.e. ,  bootstrapping ) 
of  th e other ,  eve n whe n th e cue s ar e no t  sufficien t  o n thei r  own . 

I n t r o d u c t i o n 

A theor y languag e o f  acquisitio n require s a n explanatio n fo r 

h o w an d w h y childre n lear n th e complexitie s o f  thei r  nativ e 

language s s o quickly ,  effortlessl y an d uniformly .  Mos t  tradi -
tiona l  answer s t o thi s questio n hav e take n th e for m o f  claim s 
tha t  childre n ar e b o m wit h languag e specifi c  constraints ,  i n 
par t  becaus e o f  a  ga p betwee n th e inpu t  t o whic h th e chil d i s 
expose d an d th e competenc e late r  exhibite d b y th e adult .  Th e 
problem ,  a s uaditionall y characterized ,  i s  tha t  th e dat a alon e 
ar e insufficien t  t o determin e th e natur e o f  th e underlyin g sys -
tem ,  an d tha t  therefor e additiona l  source s o f  informatio n ar e 
necessar y fo r  successfu l  acquisitio n t o occur .  Interestingly ,  a 
ver y simila r  proble m ha s bee n face d b y th e engineerin g ori -
ente d branc h o f  th e neura l  networ k community ,  i n whic h th e 
proble m i s construe d a s learnin g a  functio n fro m a  limite d se t 
of  examples .  F r o m thes e investigation s hav e emerge d a  num -
ber  o f  alternativ e method s fo r  incorporatin g informatio n no t 
presen t  i n th e exampl e se t  int o th e learnin g process .  Thes e ad -
ditiona l  source s o f  information ,  man y base d o n non-intuitiv e 
propertie s o f  neura l  networks ,  hav e c o m e t o b e referre d t o a s 
"hints" .  I n thi s paper ,  w e presen t  a  nove l  wa y o f  lookin g a t 
learnin g wit h hint s withi n th e settin g o f  connectionis t  model -
in g o f  language . 

Hint s facilitat e learnin g b y reducin g th e numbe r  o f  candi -
dat e solution s fo r  a  give n tas k (Abu-Mostafa ,  1990 )  an d hav e 

bee n show n t o resul t  i n bette r  generalizatio n (Al-Mashou q & 
Reed,  1991 ;  Suddart h &  Kergosien ,  1991 )  a s wel l  a s faste r 
learnin g (Abu-Mostafa ,  1990 ;  Al-Mashou q &  Reed ,  1991 ; 
Gai lm o &  CarlstrOm ,  1995 ;  Oml i n &  Giles ,  1992 ;  Suddart h 
& Kergosien ,  1991) .  Th e introductio n o f  hint s int o neu -
ra l  network s ha s take n variou s forms ,  rangin g fro m explici t 
rul e insertio n vi a th e pre-settin g o f  weight s (Omli n &  Giles , 
1992) ,  t o tas k specifi c  change s i n th e learnin g algorith m (Al -
Mashou q &  Reed ,  1991) ,  t o perhap s th e mos t  interestin g kin d 
of  hint :  th e additio n o f  extf a "catalyst "  outpu t  units .  Catalys t 
unit s ar e use d t o represen t  additiona l  targe t  value s expressin g 
a functio n correlate d with ,  bu t  simple r  than ,  th e origina l  tar -
get  function .  T h e us e o f  catalys t  unit s force s th e netwoii c t o 
find  a n interna l  representatio n whic h approximate s bot h th e 
targe t  an d th e relate d catalys t  function .  Suddart h &  Kergosie n 
(1991 )  lis t  a  numbe r  o f  simulatio n experiment s i n whic h thi s 
approac h resulte d i n faste r  learnin g an d bette r  generalization . 
Th e us e o f  catalys t  unit s ha s als o foun d it s wa y int o engi -
neerin g applications—e.g. ,  controllin g lin k admission s A T M 
telecommunicatio n network s (Gailm o &  CarlstrOm ,  1995) . 

Th e ide a o f  insertin g informatio n int o a  networ k befor e 
trainin g ha s receive d som e attentio n withi n cognitiv e scienc e 

(albei t  no t  understoo d i n term s o f  hints) .  Fo r  instance .  Harm , 
Altman n &  Seidenber g (1994 )  demonstrate d h o w pretrain -
in g a  networ k o n phonolog y ca n facilitat e th e subsequen t  ac -
quisitio n o f  a  mappin g fro m orthograph y t o phonolog y (thu s 
capturin g th e fac t  tha t  childre n normall y hav e acquire d th e 
phonolog y o f  thei r  nativ e language—tha t  is ,  the y ca n talk -
befor e the y star t  learnin g t o read) .  However ,  catalys t  hint s 
hav e no t  bee n explore d a s a  mean s o f  improvin g connection -
is t  model s o f  language .  I n particular ,  ther e i s th e possibilit y 
(no t  investigate d i n th e engineerin g hin t  literature )  tha t  suc h 
hint s coul d becom e mor e tha n jus t  a  catalyst ;  tha t  is ,  ther e ma y 
be case s wher e th e learnin g o f  tw o o r  mor e function s b y th e 
same syste m m a y b e superio r  t o tryin g t o lear n eac h functio n 
individually .  Childre n appea r  t o integrat e informatio n fro m a 
variet y o f  sources—i.e. ,  fro m multipl e "cues"—durin g lan -
guag e acquisitio n (Morgan ,  Sh i  &  Allopenna ,  1 9 % ) ,  bu t  littl e 
attentio n ha s bee n pai d t o potentia l  mechanism s fo r  suc h in -
tegration .  W e sugges t  tha t  cue s m a y serv e a s "hints "  fo r  eac h 

other ,  i n tha t  eac h tas k constrain s th e se t  o f  solution s availabl e 
fo r  th e othe r  lask(s) . 

I n wha t  follows ,  w e sho w tha t  whe n tw o relate d function s 
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ar e learne d togclhe r  eac h i s learne d faste r  an d mor e uniformly . 

We first  provid e a  simpl e illustratio n o f  th e advantag e o f  th e 
integrate d learnin g o f  tw o simpl e functions ,  X O R an d EVE N 
PARITY,  ove r  learnin g eac h o f  the m separately .  Next ,  th e 
same ide a i s applie d t o a  mor e language-lik e task :  th e inte -
grate d learnin g o f  wor d boundarie s an d sequentia l  regularitie s 
give n a  snuil l  vocabular y o f  trisyllabi c nonsens e words .  Fi -
nally ,  i n th e conclusion ,  w e discus s possibl e implication s fo r 
model s o f  languag e acquisition . 

The integrated learning of xoR and even 

P A R I T Y 

I n orde r  t o provid e a  simpl e exampl e o f  th e advantag e o f  al -
lowin g tw o function s t o interac t  durin g learning ,  w e carrie d 
out a serie s o f  simulation s involvin g th e tw o simpl e non-linea r 
functions :  x o R an d EVE N parity .  Th e x o r  functio n ha s 
been use d befor e t o demonstrat e h o w learnin g wit h a n ex -
tr a catalys t  uni t  ca n decreas e convergenc e tim e significantl y 
(Gallm o &  CarlstrOm ,  1995 :  Suddart h &  Kergosien ,  1991) . 
but  thes e studie s use d simple r  linea r  function s (suc h as ,  a n d ) 
t o provid e hint s abou t  th e mor e comple x function .  I n contrast , 
we us e tw o function s o f  equa l  computationa l  complexity . 

mput 

00 
11 
10 
01 

XOR(l ) 

0 
0 
1 
1 

EP(1 ) 

1 
1 
0 
0 

XOR-EP 

10 
10 
01 
01 

XOR(2) 

00 
00 
01 
01 

EP(2 ) 

10 
10 
00 
00 

Tabl e 1 :  Th e inpu t  an d require d outpu t  fo r  th e five  trainin g condi -
tions . 

Given two inputs, t'l and 12. xoR is true (i.e., 1) when 
(t' l  -t -  12 )  m o d 2 = 1 .  EVE N PARIT Y i s th e logica l  negatio n 
of  XO R an d i s tru e whe n ( n -I-12 )  m o d 2  =  0  (i n fact ,  x o R 
i s als o know n a s o d d parity) .  Th e outpu t  o f  th e x o R an d 
EVEN PARIT Y function s give n th e fou r  possibl e binar y inpu t 
combination s i s displaye d i n Tabl e 1  a s XOR(I )  an d EP(1) , 
respectively .  Thes e tw o function s ca n b e learne d b y a  2-2- 1 
multi-laye r  feedforwar d network .  Learnin g x o R an d eve n 
PARITY simultaneousl y require s tw o outpu t  unit s (i.e. ,  a  2-2- 2 
net) ,  an d th e require d outpu t  i s show n a s xor-e p i n Tabl e 1 . 
For  comparison ,  tw o additiona l  2-2- 2 net s wer e als o traine d 
on th e individua l  function s fro m whic h th e outpu t  i s labele d 
X0R(2 )  an d EP(2) . 

A tota l  o f  10 0 network s (wit h differen t  initia l  weigh t  ran -
domizations )  wer e traine d fo r  eac h o f  th e five  input/outpu t 
combinations *  .  Figur e 1  illustrate s th e Roo t  Mea n Squar e 
(RMS)  erro r  histor y a s a  functio n o f  th e numbe r  o f  iteration s 
fo r  net s traine d o n th e xor-ep ,  xor(1) ,  an d EP(1 )  trainin g 
conditions .  Give n th e assumptio n tha t  a  ne t  ha s converge d 

'Identica l  learnin g parameter s wer e applie d i n al l  trainin g condi -
tions :  learnin g rat e =  .1 ;  momentu m =  .95 ;  initia l  weigh t  randomiza -
tio n =  [-.l;.l] ;  numbe r  o f  trainin g iteration s =  2000 . 

a) X OR an d Eve n Parit y 

UJ 0. 3 

20 0 40 0 60 0 80 0 100 0 120 0 1400160 0 180 0 200 0 

Iteration s 

b)  0 . 8 ^ 
0.7- = 
0. 6 4 

50.5 4 
fc  0.4 -
UJ 0. 3 4 

0. 2 4 
0.1 4 0 

X OR ( 1 Output ) 

11111 
200 40 0 60 0 80 0 1000120 0 1400160 0 180 0 200 0 

Iteration s 

c) 0 8t Even Parity (1 Output) 
0. 7 4 
0. 6 4 

S0. 5 4 
t  0.4- 5 
UJ 0. 3 4 

0. 2 4 
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Figure 1: RMS error for 100 sessions of learning a) XOR and 
EVEN PARIT Y i n a  2-2- 2 net ,  b )  X O R i n a  2-2- 1 net ,  an d c ) 
eve n PARIT Y i n a  2-2- 1 net . 
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when th e averag e R M S erro r  fo r  th e fou r  input/outpu t  com -
binatio n i s .1 5 o r  below ,  w e ca n provid e a  quantitativ e anal -

ysi s o f  th e performanc e o f  th e net s i n th e differen t  trainin g 
conditions .  Th e result s i n Tabl e 2  clearl y sho w tha t  th e net -
work s traine d simultaneousl y o n bot h X O R an d e v e n par -
it y (se e Figur e la )  reac h convergenc e significantl y faste r 
tha n eithe r  th e 2-2- 1 x o R net s (se e Figur e lb) :  <(184 )  = 
17.589 ,  p  <  .0001 ;  o r  th e 2-2- 1 e v e n parit y net s (se e Fig -

ur e Ic) :  <(184 )  =  20.056 ,  p  <  .0001 .  Thi s i s als o th e 
cas e i n compariso n wit h th e 2-2- 2 net s traine d o n x o R alone : 

<(189 )  =  42.797, p <  .0001 ;  an d E V E N PARIT Y alone : 
<(189 )  =  38.876 ,  p  <  .0001 .  Thus ,  th e decreas e i n conver -
genc e tim e fo r  th e xo r -e p traine d network s i s no t  a  conse -
quenc e o f  havin g additiona l  weight s du e t o th e extr a outpu t 
unit .  A s wa s t o b e expected ,  ther e wa s n o significan t  differ -

enc e betwee n th e mea n numbe r  o f  iteration s t o convergenc e 
fo r  th e singl e functio n traine d 2-2- 1 nets :  <(184 )  =  .610 ,  p  = 
.542 ;  an d betwee n th e likewis e traine d 2-2- 2 nets :  t(194 )  = 
1.581 ,  p  =  .115 .  Notic e als o tha t  th e net s traine d simulta -
neousl y o n X O R an d e v e n parit y exhibite d a  mor e unifor m 
patter n o f  learnin g (i.e. ,  les s variation )  tha t  an y o f  th e othe r 
trainin g conditions . 

Trainin g 
Conditio n 

X OR -1 -  E P 
X OR (2-2-1 ) 
EP (2-2-1 ) 
X OR (2-2-2 ) 
EP (2-2-2 ) 

Convergenc e 
Rat e 

93 % 
93 % 
93 % 
98 % 
98 % 

M e an no .  o f 
Iteration s 

710.9 6 
1063.8 7 
1077.8 4 

1519.6 9 
1483.5 7 

Standar d 
Deviatio n 

99.4 7 
165.9 5 
145.6 9 
154.3 2 
165.3 3 

Tabl e 2 :  Convergenc e rate ,  mea n numbe r  o f  iteration s t o con -
vergence ,  an d th e standar d deviatio n o f  thi s mea n fo r  eac h o f 
th e five  trainin g condition s (onl y dat a fro m net s convergin g 
withi n 200 0 iteration s ar e include d i n th e table) . 

The results from the above simulation experiments confirm 
tha t  ther e ar e case s wher e th e integrate d learnin g o f  tw o func -
tion s o f  equa l  complexit y i s  bette r  tha n seekin g t o lear n eac h 
of  th e function s individually .  A  possibl e explanatio n ca n b e 
foun d i n Suddart h &  Kergosie n (1991 )  w h o analyze d weigh t 
change s durin g th e learnin g o f  x o R wit h an d withou t  hints . 
The y foun d tha t  hint s allo w network s t o escap e loca l  minim a 
positione d a t  th e origi n o f  weigh t  space .  W h a t  w e hav e show n 
her e i s tha t  a  hin t  nee d no t  b e a  simple r  functio n tha n th e 
origina l  targe t  function .  Th e result s indicat e tha t  i f  tw o func -
tion s ar e equall y complex ,  bu t  sufficientl y correlated ,  the n i t 
m ay b e advantageou s t o hav e a  singl e networ k lear n the m to -
gether .  Eve n thoug h x o R an d e v e n parit y ar e negation s o f 
eac h other ,  the y ar e simila r  i n tha t  successfu l  learnin g o f  eithe r 
functio n require s partitionin g th e stat e spac e i n th e sam e wa y 
(wit h th e inpu t  " 1 0 "  an d " 0 1 "  bein g treate d differen t  fro m 

" 1 1 "  an d " 0 0") .  Th e tw o function s m a y thu s hel p "boot -
strap "  eac h othe r  b y forcin g thei r  share d resource s (i n thi s 
cas e th e hidde n units )  towar d a  c o m m o n organizatio n o f  th e 

input .  A  mechanis m whic h allow s tw o o r  mor e function s t o 
bootstra p eac h othe r  i s  o f  potentia l  relevanc e t o th e stud y o f 
languag e acquisitio n sinc e childre n appea r  t o b e sensitiv e t o 

multipl e speec h cue s whic h b y themselve s d o no t  appea r  t o 
be sufficien t  t o bootstra p language .  O f  course ,  learnin g x o R 
and EVE N PARIT Y i s a  fa r  cr y fro m th e tas k facin g childre n 
acquirin g thei r  nativ e language .  W e therefor e tur n t o a  mor e 
language-lik e applicatio n o f  th e ide a o f  bootstrappin g vi a th e 
integrate d learnin g o f  multipl e functions . 

Integrating Cues in Word Segmentation 

I n orde r  t o understan d a n utteranc e a  chil d mus t  first  b e abl e 
t o segmen t  th e speec h strea m int o words .  Whil e i t  i s  likel y 
tha t  adul t  wor d leve l  speec h segmentatio n occur s partl y a s a 

byproduc t  o f  wor d recognition ,  infant s lac k th e lexica l  knowl -
edg e whic h i s a  pre-requisit e t o thi s procedure .  A  numbe r 
of  proposal s regardin g botto m u p exploitatio n o f  sub-lexica l 
cue s hav e bee n pu t  forwar d t o explai n th e onse t  o f  thi s ca -
pacit y (e.g. ,  Jusczyk ,  1993) .  Thes e proposal s woul d requir e 
infant s t o integrat e distributional ,  phonotactic ,  prosodi c an d 
rhythmi c informatio n i n th e segmentatio n process .  I n thi s 

connection ,  Bren t  &  Cartwrigh t  (i n press )  hav e show n tha t 
a statisticall y base d algorith m utilizin g distributiona l  regu -
laritie s (includin g utteranc e boundar y information )  i s  bette r 
abl e t o segmen t  word s whe n provide d wit h phonotacti c rules . 
Wherea s th e proces s o f  identifyin g an d verifyin g th e existenc e 
and potentia l  o f  variou s cue s i s receivin g considerabl e effort , 
ther e ha s bee n littl e attentio n pai d t o psychologicall y plausi -
bl e mechanism s potentiall y  responsibl e fo r  integratin g thes e 
cues .  A n understandin g o f  possibl e integratin g mechanism s 
i s importan t  fo r  evaluatin g claim s abou t  th e potentia l  valu e o f 
cues .  Eac h o f  di e cue s t o basi c grammatica l  categor y mea -
sure d b y Morgan ,  Sh i  &  Allopenn a (1995) ,  fo r  example ,  ha d 
lo w validit y wit h respec t  t o distinguishin g betwee n th e cate -
gorie s the y considered ,  bu t  take n togethe r  th e se t  o f  cue s wa s 
show n t o b e sufficien t  i n principl e t o allo w a  naiv e learne r  t o 
assig n word s t o rudimentar y grammatica l  categorie s wit h ver y 
hig h accuracy . 

Previou s connectionis t  exploration s o f  wor d segmentatio n 
hav e mainl y focuse d o n singl e cues .  Thus ,  Aslin ,  Wood -
ward ,  LaMendol a &  Beve r  (1996 )  demonstrate d tha t  utter -
anc e final  pattern s (o r  boundaries )  coul d b e use d b y a  back -
propagatio n networ k t o identif y wor d boundarie s wit h a  hig h 
degre e o f  accuracy .  Cairns ,  Shillcock ,  Chate r  &  Lev y (1994) , 

on th e othe r  hand ,  showe d tha t  sequentia l  phonotacti c struc -
tur e coul d serv e a s a  cu e t o th e boundarie s o f  words .  I n con -
trast ,  ou r  investigatio n concentrate s o n th e integrationo f  thes e 
tw o cue s t o wor d segmentation .  Th e purpos e o f  ou r  simu -
lation s i s t o demonstrat e h o w distributiona l  informatio n re -
flecting  phonotacti c regularitie s i n th e languag e ma y interac t 
wit h informatio n regardin g th e end s o f  utterance s t o infor m 
th e wor d segmentatio n tas k i n languag e acquisition .  I n partic -
ular ,  w e appl y th e principl e o f  catalys t  learnin g t o as k whethe r 
learnin g distributiona l  regularitie s wil l  assis t  i n th e discover y 
of  wor d boundaries ,  an d whethe r  th e learnin g o f  wor d bound -
arie s facilitate s th e discover y o f  wor d interna l  distributiona l 
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regularities .  A s a n initia l  hypothesis ,  w e propos e tha t  a s a 
propert y o f  th e integratin g mechanism ,  th e languag e acquisi -
tio n syste m make s us e o f  th e efficienc y provide d b y th e shar -
in g c f  resource s demonstrate d i n th e X O R - E V E N pari t y sim -
ulation s abov e t o facilitat e th e tas k o f  segmentin g th e speec h 

strea m prio r  t o lexica l  acquisition . 

Saffian ,  Newpcv t  &  Asli n (i n press )  sho w tha t  adult s ar e ca -
pabl e o f  acquirin g sequentia l  informatio n abou t  syllabl e com -

bination s i n a n artificia l  languag e suc h tha t  the y ca n reliabl y 
distinguis h word s tha t  confor m t o th e distributiona l  regulari -
tie s o f  suc h a  languag e fro m thos e tha t  d o not .  Fo r  ou r  sim -
ulation s w e constructe d a  languag e whos e basi c constituent s 
wer e fou r  consonant s ("p" .  "t" .  "b" ,  "d" )  an d thre e vow -
el s {"a" ,  "i" ,  " u " ) .  Thes e wer e use d t o creat e tw o vocabu -
lar y sets .  Th e first  omsiste d o f  fifteen  trisyllabi c word s (e.g. , 
"tibupa") .  Becaus e w e hypothesiz e (lik e SafTra n e t  al. )  tha t 
variabilit y  i n th e wor d interna l  transitiona l  probabilitie s be -
twee n syllables ^  serve s a s a n informatio n sourc e regardin g 
th e structur e o f  th e inpu t  language ,  s o m e syllable s occurre d i n 
mor e words ,  an d i n mor e location s withi n words ,  tha n others . 
Buil t  int o thi s vocabular y wer e a  se t  o f  additiona l  restrictions . 
For  example ,  ther e ar e n o word s tha t  begi n wit h "b " ,  an d n o 
word s endin g i n "u" .  W e wil l  refer  t o thi s vocabular y se t  a s 
"vip "  (fo r  variabl e transitiona l  probability) .  A  "flai "  vocab -
ular y set ,  consistin g o f  1 2 items ,  wa s m a d e u p o f  word s wit h 
no "peaks "  i n th e wor d interna l  syllabi c probabilit y  distribu -
tion ;  tha t  is ,  th e probabilit y  o f  a  give n consonan t  followin g a 
vowe l  wa s th e sam e fo r  al l  consonant s (an d vic e vers a fo r  th e 
vowels)^ .  Th e flat  vocabular y se t  di d no t  contai n an y addi -
tiona l  restrictions . 

Trainin g corpor a wer e create d b y randoml y concatenatin g 
12 0 instance s o f  eac h o f  th e word s (i n a  particula r  vocabular y 
set )  int o utterance s rangin g betwee n tw o an d si x words .  A n 
additiona l  symbo l  markin g th e utteranc e boundar y w a s adde d 
t o th e en d o f  eac h utterance ,  bu t  wor d boundarie s wer e no t 
marked .  Th e utterance s wer e concatenate d int o a  singl e larg e 
inpu t  string .  Simpl e recurren t  networks ^  (Elman ,  1990 )  wer e 
traine d o n thes e corpor a b y presentin g letter s on e a t  a  time . 
The tas k o f  th e network s wa s t o predic t  th e nex t  ite m i n th e 
string .  Fo r  th e testin g phase ,  version s o f  th e inpu t  corpor a 
withou t  utteranc e boundar y marker s wer e presente d onc e t o 

>)  B o u n d a r y Uni t  Activatio n 

fla t  an d vt p vocabularie s 

^Th e transitiona l  probabilit y  betwee n syllable s i s define d a s num -
ber  o f  occurrence s o f  syllabl e X  befor e syllabl e V  i n proportio n t o 
th e numbe r  o f  occurrence s o f  syllabl e X ;  i.e. .  ']ll°lf x • 

'Fo r  th e vt p vocabular y set ,  transitiona l  probabilitie s betwee n 
syllable s wor d internall y range d from  . 3 t o .7 .  Th e transitiona l  proba -
bilitie s betwee n syllable s acros s wor d boundarie s wer e lower ,  rang -
in g betwee n . 1 an d .3 .  Fo r  th e flat  vocabular y set ,  th e wor d inter -
nal  transitiona l  probabilitie s betwee n syllable s wa s .667 ,  an d di d no t 
diffe r  from  on e another .  Th e transitiona l  probabilitie s acros s wor d 
boundarie s i n th e ful l  corpu s range d betwee n .00 7 an d .18 . 

^Th e networ k architectur e consiste d o f  8  input/outpu t  units ,  (eac h 
representin g a  singl e letter ,  plu s on e representin g th e boundar y 
marker) ,  3 0 hidde n unit s an d 3 0 contex t  units .  Identica l  learnin g 
parameter s wer e applie d i n al l  trainin g conditions :  learnin g rat e .1 ; 
momentum .95 ;  initia l  weigh t  randomizatio n [-.25 ;  .25] ;  numbe r  o f 
trainin g iteration s =  7 . 
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Figur e 2 :  Averag e activatio n o f  th e boundar y uni t  from  eac h lette r 
positio n fo r  a )  net s trained ,  respectively ,  o n th e flat  an d th e vt p vo -
cabularies ,  an d b )  th e ne t  traine d o n th e vt p vocabular y an d teste d o n 
non-word s (nw )  an d pseudo-word s (pw) . 

th e networks . 

A compariso n betwee n th e network s traine d respectivel y o n 
th e vt p an d flat  vocabularie s i s give n i n Figur e 2(a) ,  whic h 
show s th e averag e activatio n o f  th e boundar y uni t  fro m eac h 
position ^  i n a  wor d acros s th e tw o tes t  corpora .  T h e vt p 
traine d networ k predict s a  boundar y wit h significantl y highe r 
confidenc e a t  wor d lx)undarie s tha n a t  no n wor d boundarie s 
(<(12598 )  =  87.059, p <  .0001) .  Fo r  th e vt p traine d 
net ,  averag e activatio n o f  th e boundar y uni t  fro m th e end s o f 
word s wa s .204 ,  whil e averag e activatio n o f  th e boundar y uni t 
fro m position s withi n word s w a s .04 .  T h e networ k traine d o n 
th e flat  vocabulary ,  o n th e othe r  hand ,  show s almos t  n o dis -
criminatio n betwee n end-of-wor d an d non-end-of-wor d posi -
tions .  Thu s th e ne t  traine d o n lx)t h th e vocabular y wit h m u c h 
variatio n i n th e syllabi c distributiona l  regularitie s (vtp )  an d 
utteranc e boundar y informatio n differentiate s end s o f  word s 
fro m othe r  part s o f  words ,  wherea s a  networ k traine d onl y o n 
boundar y marker s (an d th e flat  vocabular y wit h littl e variatio n 

*Sinc e eac h networ k i s face d wit h a  predictio n task ,  activatio n 
fro m a  positio n i n Figur e 2  correspond s t o th e network' s predictio n a s 
t o th e nex t  ite m i n th e string ;  e.g. ,  th e network' s predictio n fo r  lette r 
positio n 2  i s plotte d abov e lette r  positio n 1 . 
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i n syllabi c probabilit y  dislribution )  fail s  t o d o so . 

I n orde r  t o asses s generalization ,  w e teste d th e vt p traine d 

networ k o n pseudo-word s an d non-words .  Fo r  ou r  pseudo -
wor d trials ,  w e presente d th e vt p traine d networ k wit h a  se t  o f 
nove l  word s tha t  wer e lega l  i n ou r  languag e (e.g. ,  "tubipa") . 
For  ou r  non-wor d trials ,  w e create d a  se t  o f  word s violatin g 

th e built-i n constraint s o f  ou r  language .  I n thi s case ,  w e use d 

word s endin g i n "u "  (e.g. ,  "tudadu") .  Figur e 2(b )  show s th e 
averag e activatio n leve l  o f  th e boundar y uni t  fro m eac h po -
sitio n i n th e non-wor d an d pseudo-wor d trials .  Th e activa -
tio n o f  th e boundar y uni t  stay s lo w fo r  al l  position s fo r  bot h 

type s o f  word s excep t  fro m th e final  positio n o f  th e pseudo -
words ,  wher e th e activatio n leve l  jumps .  T h e averag e activa -
tio n o f  th e boundar y uni t  fro m th e en d o f  pseudo-word s wa s 
.26,  wherea s i t  onl y reache d .(X) 6 fro m th e en d o f  non-words . 
Thus ,  th e vt p traine d ne t  i s  abl e t o discriminat e betwee n (im -

possible )  non-word s an d (possible )  pseudo-words—a s di d hu -
m a ns w h e n traine d o n th e simila r  nonsens e languag e o f  Saf -
fra n e t  al .  (i n press) . 

T h e suggestio n tha t  th e vt p traine d ne t  i s  treatin g sequence s 
at  th e end s o f  word s differentl y fro m thos e a t  th e beginnin g 
of  word s i s supporte d b y additiona l  simulation s tha t  manipu -
late d th e locu s o f  th e violatio n i n non-words .  W h e n th e viola -
tio n occurre d a t  th e beginnin g o f  word s (e.g. ,  a  wor d startin g 
wit h "b" .  whic h wa s no t  a  par t  o f  th e vt p language )  th e differ -

enc e i n activatio n pattern s betwee n word s an d non-word s wa s 
not  a s readil y apparen t  a s w h e n th e violatio n occurre d a t  th e 
end s o f  words .  Thi s resul t  m a y correspon d t o th e fac t  tha t  hu -
m an subject s i n th e Saffra n e t  al .  experiment s confuse d lega l 
word s wit h non-word s mor e ofte n whe n th e non-word s wer e 
m a de u p o f  th e end s o f  (legal )  word s tha n w h e n th e non-word s 
wer e m a d e u p o f  th e beginning s o f  (legal )  words . 

T h e result s presente d abov e sho w tha t  i f  a  networ k learn -
in g a  simpl e languag e wit h stron g variatio n i n th e transitiona l 
probabilitie s betwee n syllable s ha s acces s t o th e additiona l  in -
formatio n provide d b y th e silence s a t  th e end s o f  utterances , 
i t  ca n us e thos e probabilitie s t o m a k e bette r  hypothese s abou t 
th e location s o f  likel y wor d boundarie s tha n a  networ k traine d 
o n a  languag e wit h flat  transitiona l  probabilitie s betwee n syl -
lables .  Thi s suggest s tha t  th e variabilit y  i n transitiona l  prob -
abilitie s betwee n syllable s m a y pla y a n importan t  rol e i n al -
lowin g learner s t o identif y probabl e point s a t  whic h t o posi t 
wor d boundaries .  I n othe r  words ,  a  networ k wit h acces s t o 
bot h transitiona l  probabilitie s an d utteranc e boundar y infor -
matio n perform s bette r  o n a  measur e o f  identifyin g likel y 
wor d boundarie s tha n a  networ k wit h acces s t o onl y utteranc e 
boundar y information .  W e ca n als o measur e th e reverse ,  i.e. , 
th e exten t  t o whic h utteranc e boundar y informatio n i s helpfu l 
t o learnin g distributiona l  regularities .  I n orde r  t o d o so ,  w e 
n o w tur n t o a  simulatio n tha t  compare s th e vt p ne t  traine d wit h 
an d withou t  utteranc e boundar y information . 

Th e tw o net s wer e teste d o n a  strin g consistin g o f  th e origi -

nal  1 5 word s i n th e vocabular y se t  (wit h n o wor d o r  utteranc e 
boundarie s marked) .  T h e tes t  reveale d onl y mino r  difference s 
betwee n th e tw o networks ,  i n al l  likelihoo d becaus e th e built -

i n distributiona l  regularitie s ar e s o stron g i n th e smal l  lan -

guag e a s t o creat e a  ceilin g effect .  Thi s interpretatio n i s cor -

roborate d b y a  repetitio n o f  th e experimen t  usin g th e flat  vo -
cabulary :  th e networ k traine d wit h boundar y mailcer s showe d 
significantl y bette r  performanc e (measure d i n term s o f  R M S 

error )  tha n tha t  traine d withou t  boundar y marker s (<(142 )  = 

2.012 ,  p  <  0.05) .  T h e presenc e o f  boundar y marker s i n th e in -
put  significantl y altere d th e outcom e o f  learning ,  suc h tha t  th e 
net  traine d wit h boundar y marker s wa s bette r  abl e t o lear n th e 
sequentia l  regularitie s whic h wer e presen t  i n th e flat  corpus^ . 
Tha t  is ,  th e integrate d learnin g o f  tw o function s agai n result s 
i n bette r  performance .  I f  a  networ k ha s acces s t o sequentia l  in -
formatio n an d utteranc e markers ,  i t  learn s th e sequentia l  reg -
ularitie s bette r  tha n a  networ k wit h acces s onl y t o sequentia l 
information .  Thi s resul t  i s  consisten t  wit h th e hypothesi s tha t 
th e silence s a t  th e end s o f  utterance s m a y pla y a n importan t 
rol e i n th e discover y o f  languag e specifi c  phonotacti c regular -

ities . 

D i scuss io n 

I n th e serie s o f  simulation s reporte d her e w e adapte d th e cat -
alys t  hin t  mechanis m previousl y employe d i n th e engineer -
in g literatur e t o th e learnin g o f  tw o sufficientl y relate d func -
tions .  W e demonstrate d tha t  th e integrate d learnin g o f  tw o 
suc h function s m a y resul t  i n faste r  an d bette r  learnin g b y com -

binin g th e wel l  k n o w n X O R an d e v e n pari t y function s int o 
a singl e 2-2- 2 network .  T h e sam e ide a wa s the n applie d t o 
tw o o f  th e form s o f  informatio n hypothesize d t o b e relevan t 
t o th e wor d segmentatio n proble m b y combinin g strongl y con -
straine d disuibutiona l  informatio n wit h informatio n abou t  th e 
location s o f  utteranc e boundarie s i n a  corpu s o f  utterance s 
generate d fro m a n artificia l  vocabular y o f  trisyllabi c nonsens e 
words .  Result s sugges t  tha t  th e simultaneou s presenc e o f  bot h 
type s o f  informatio n i n th e sam e syste m m a y allo w the m t o 
interac t  i n suc h a  w a y a s t o facilitat e th e acquisitio n o f  bot h 
phonotacti c knowledg e an d th e abilit y  t o segmen t  speec h int o 
words . 

Ther e ar e severa l  apparen t  difference s betwee n th e X O R 
an d E V E N PARIT Y simulation s i n sectio n 2  an d th e simula -
tion s presente d i n sectio n 3 .  First ,  th e forme r  simulation s ar e 
of  independen t  functions ,  bot h o f  whic h ca n b e learne d o n 
thei r  o w n withou t  th e presenc e o f  th e other .  Th e predictio n 
of  boundar y marker s reporte d i n sectio n 3 ,  o n th e othe r  hand , 
i s  no t  independen t  o f  th e lette r  sequence s i n whic h the y wer e 
embedded .  Tha t  is ,  althoug h th e X O R an d e v e n parit y task s 
m ay b e learne d separately ,  learnin g whic h o f  th e lette r  se -
quence s predict s a  boundar y canno t  b e learne d independentl y 
fro m leamir. g th e lette r  sequence s themselves .  However ,  al -
thoug h a s ob '  rver s w e ca n se e x O R an d e v e n parit y a s in -
dependen t  problems ,  th e network ,  o f  course ,  doe s no t  d o so . 
I t  i s  treatin g bot h (sub)task s a s a  par t  o f  th e large r  tas k t o b e 

*  Althoug h th e flat  vocabular y di d no t  diffe r  wit h respec t  t o th e 
transitiona l  probabilitie s betwee n syllables ,  th e transitiona l  probabil -
itie s betwee n letter s (an d sequence s longe r  tha n th e syllable )  di d dif -
fer .  W e tak e thes e t o b e th e sourc e o f  regularit y use d b y th e network s 
i n learnin g th e structur e o f  th e flat  vocabular y set . 
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solved .  I n th e xor-e p simulations ,  th e requirement s o f  eac h 
tas k constrai n th e solutio n fo r  th e other .  A  simila r  clai m hold s 

fo r  th e simulation s presente d i n sectio n 3 .  A s th e simulation s 
themselve s verify ,  thes e tw o informatio n source s ca n b e see n 
as distinct ,  an d ca n b e manipulate d independently .  Bu t  th e 
networ k i s treatin g bot h part s o f  th e proble m together ,  an d 
shows a n advantag e fo r  eac h tas k unde r  thes e conditions . 

Althoug h th e tw o set s o f  simulation s diffe r  i n importan t 
ways ,  w e sugges t  tha t  th e sam e mechanis m i s responsibl e fo r 
th e result s i n bot h sectio n 2  an d 3 .  Jus t  a s XO R an d EVE N PAR-

IT Y ca n b e viewe d a s independen t  problems ,  w e ca n se e th e 
predictio n o f  wm- d boundarie s a s a  separat e tas k fro m tha t  o f 
predictin g th e nex t  lette r  i n th e sequence .  Becaus e th e task s 
ar e learne d together ,  th e presenc e o f  a  secondar y tas k alter s 
th e solutio n applie d t o th e primar y task .  Specifically ,  suc -
cessfull y predictin g boundarie s require s th e networ k t o rel y 
on longe r  sequence s tha n a  networ k require d onl y t o predic t 
th e nex t  letter .  Fo r  example ,  eve n thoug h consonant s ca n b e 
predicte d largel y o n th e basi s o f  th e preceedin g lette r  ("a "  im -
plie s "b" ,  "d" .  "t "  an d "p "  roughl y equally) ,  th e en d o f  a n 
utteranc e i s  no t  predictabl e unles s large r  sequence s ar e take n 
int o accoun t  (e.g. ,  "a "  predict s a n utteranc e boundar y onl y 
when preceede d b y "ub" ,  etc) .  Th e architectur e o f  th e net -
wor k allow s i t  t o discove r  th e particula r  distributiona l  windo w 
by whic h i t  ca n perfor m th e entir e tas k optimally .  Th e pres -
ence o f  th e wor d boundar y predictio n tas k encourage s th e ne t 
t o find  a n overal l  solutio n base d o n longe r  lette r  sequences , 
jus t  a s th e presenc e o f  th e XO R proble m encourage s th e XOR-
EP ne t  t o find  a  solutio n t o th e eve n parit y proble m com -
patibl e wit h tha t  whic h wil l  solv e XOR. 

Althoug h w e hav e concentrate d her e o n onl y a  fe w source s 
of  informatio n relevan t  t o th e initia l  wor d segmentatio n prob -
lem ,  man y additiona l  cue s t o thi s tas k hav e bee n propose d 
(Jusczy k 1993) .  Ou r  mode l  i s  not ,  o f  course ,  mean t  a s a  com -
plet e accoun t  o f  th e acquisitio n o f  thes e skills .  Admittedly , 
prio r  connectionis t  investigation s o f  th e wor d segmentatio n 
proble m b y Asli n e t  al .  (1996 )  an d Cairn s e t  al .  (1994 )  use d 
more realisti c trainin g sample s tha n ou r  artificia l  language . 
However ,  w e hav e concentrate d her e o n th e advantage s pro -
vide d b y a  connectionis t  integratio n mechanism ,  an d hav e 
successfull y extende d ou r  approac h t o a  corpu s o f  phoneti -
call y transcribe d chil d directe d speec h (Christiansen ,  Alle n & 
Setdenberg ,  i n submission) .  I n thi s connection ,  a  fundamen -
ta l  questio n fo r  languag e acquisitio n theor y i s wh y languag e 
developmen t  i s s o fast ,  an d s o uniform ,  acros s children .  Al -
thoug h mos t  u-aditiona l  answer s t o thi s questio n hav e bee n 
base d o n th e ide a tha t  childre n ar e bo m wit h languag e specifi c 
constrainu ,  th e spee d an d uniformit y provide d b y simultane -
ous learnin g o f  relate d function s ma y als o provid e constraint s 
on th e developmen t  o f  comple x linguisti c  skills . 
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