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Abstrac t 

This paper presents simulation results and network 
analysi s o f  generativ e Cascade-Correlatio n (CC )  network s 
whic h mode l  th e child' s learnin g o f  Englis h persona l 
pronouns .  Th e networ k analysi s reveale d tha t  overhear d 
speec h i s crucia l  i n learnin g th e correc t  semanti c rule s no t 
onl y fo r  first  an d secon d perso n pronoun s bu t  als o fo r  thir d 
perso n pronouns .  I n addition ,  i n orde r  t o induc e th e full y 
correc t  semanti c rule s withou t  error-correctin g feedback , 
th e network s nee d t o lear n al l  thre e persona l  pronouns . 
N^wo i k analysi s technique s use d i n th e presen t  stud y 
prove d t o b e a  powerfu l  too l  fo r  understandin g o f  wha t  th e 
network s ar e actuall y learning . 

Introduction 

Rec^i t  studie s hav e show n tha t  th e learnin g o f  persona l 
pronoun s i s  gradua l  an d canno t  b e explaine d b y an y fas t 
mappin g mechanism s specifi c t o wor d learnin g a s propose d 
b y th e specia l  lexica l  constraint s iq;̂ )roac h (Markman ,  1989 ; 
Oshima-Takane ,  1985 ,  i n press) .  Unlik e coun t  noun s an d 
prope r  nouns ,  th e referrai t  o f  a  persona l  pronou n shift s 
systematicall y dependin g o n th e discours e situation , 
althoug h eac h pronou n ha s a  fixed  meanin g (Kaplan ,  1978) . 
I n orde r  t o acquir e th e correc t  semanti c rule s fo r  persona l 
pronouns ,  childre n mus t  discove r  th e systemati c relationshi p 
betwee n pronoun s an d speec h roles .  Firs t  perso n pronoun s 
refe r  t o th e pCTso n usin g th e pronoun ,  whil e secon d perso n 
pronoun s refe r  t o th e perso n addressed .  Thir d perso n 
pronoun s refe r  t o a  non-addresse e w h o i s neithe r  speake r  no r 
addressee ,  an d hav e distinc t  masculin e an d feminin e forms . 

Oshima-Takane' s (1985 )  mode l  fo r  pronou n learnin g ha s 
provide d a  detaile d pictur e o f  th e changin g semanti c 
representation s childre n sho w i n th e cours e o f  acquisition . 
T h e basi c assumptio n o f  th e mode l  i s  tha t  childre n firs t 
determin e th e referen t  o f  a  pronou n i n eac h occuranc e o f  us e 
an d &.e a induc e it s semanti c rules .  W h a t  typ e o f  semanti c 
rule s childre n induc e depend s o n wha t  typ e o f  inpu t  the y 
hav e recdve d an d wha t  kin d o f  constraint s childre n brin g t o 
th e learnin g situatio n (e.g. ,  prio r  knowledg e relevan t  t o th e 
wor d learning ,  an d limite d attention ,  memory ,  o r 
informatio n processing) .  Accordin g t o thi s model ,  whethe r 
th e inpu t  contain s th e followin g situation s i s  specificall y 
inqxntant :  (a )  situation s i n whic h childre n ca n recogniz e tha t 
th e sam e pronou n use d i n differen t  discours e situation s refw s 
t o diffwen t  person s an d (b )  situation s i n whic h the y ca n 
recogniz e tha t  th e differai t  pronoun s refe r  t o th e sam e 
person .  T h e forme r  situation s (a )  provid e informatio n 

necessar y fo r  distinguishin g persona l  pronoim s fro m prope r 
names becaus e childre n coul d avoi d a  propo -  nam e 
interpretatio n fo r  a  pronou n (e.g. ,  "you "  i s anothe r  nam e o f 
th e child )  i f  th e pronou n i s no t  limite d t o a  specifi c 
individual .  Th e latte r  situation s (b )  facilitat e th e learnin g o f 
th e distinctiv e meaning s amon g differen t  form s o f  persona l 
pronoun s (i.e. ,  first,  second ,  an d thir d perso n pronouns) . 
Thi s i s  becaus e whe n differen t  form s refe r  t o th e sam e 
individual ,  childre n ar e force d t o searc h an y dat a tha t  ca n 
distinguis h the m i n th e input .  The y ar e force d t o utiliz e 
speec h rol e informatio n a s wel l  a s referen t  information .  A s a 
result ,  childre n ar e mor e likel y t o lear n th e distinctiv e 
meaning s amon g first ,  second ,  an d thir d perso n pronoims . 

I n suppor t  o f  thi s model ,  Oshima-Takan e an d he r 
collaborator s hav e conducte d a  serie s o f  expoim^ta l  an d 
observationa l  studie s an d hav e provide d enpirica l  evidenc e 
tha t  overhear d speec h i s a n inpu t  necessar y fo r  inducin g th e 
correc t  semanti c rule s withou t  error-correctin g feedbac k 
becaus e i t  provide s childre n wit h thes e tw o situations , 
wherea s child-directe d speec h doe s no t  (Oshima-Takane , 
1988 ,  1992 ;  Oshima-Takane ,  Goodz ,  &  Derevensky ,  1996) . 
Recen t  compute r  modelin g studie s o n th e learnin g o f  first 
and secon d perso n pronoun s wit h th e Cascade-Correlatio n 
( C C )  learnin g algorith m (Fahlma n &  Lebiere ,  1990 ; 
Oshima-Takane ,  Takane ,  &  Shultz ,  1995 )  hav e provide d 
convergin g evidenc e i n suppor t  o f  th e hypothesi s tha t 
childre n induc e th e incorrect ,  me-yo u reversa l  mie s b y 
observin g prcmoun s use d i n child-addresse d speech ,  wherea s 
the y induc e th e correc t  semanti c rule s b y observin g 
pronoun s use d i n non-addresse d speech .  I n addition ,  th e 
studie s hav e show n tha t  th e prio r  knowledg e tha t  individual s 
appearin g i n trainin g pattern s wer e member s o f  th e sam e 
kin d facilitate s netwoiks '  gaieralizatio n capabiUt y t o 
untraine d pattern s (Oshima-Takane ,  1985) .  Networ k 
analysi s o f  non-addresse e netwoik s revealed ,  however ,  tha t 
th e network s learne d eithe r  on e o f  th e tw o possibl e partiall y 
correc t  fimction s (i.e ,  partiall y  correc t  wit h regar d t o th e 
correc t  semanti c rules) .  The y ccwrectl y produce d a  prcmou n 
referrin g t o a  perso n w h o take s eithe r  a  speak w o r  a n 
addresse e rol e (e.g. ,  "me "  refarin g t o q)eaker )  bu t 
overgeneraUze d th e othe r  pronou n referrin g t o th e non -
addresse e (e.g. ,  "you "  refarin g t o addresse e an d non -
addressee) .  Becaus e n o trainin g pattern s wer e give n fo r  th e 
situation s wher e neidie r  ̂ jeake r  no r  addresse e i s referent ,  i t 
i s  quit e natura l  tha t  th e network s showe d overgeneralization s 
t o thos e patterns .  Brene r  (1983 )  reporte d tha t  children ,  too , 
showe d simila r  overgeneralizatio n o f  th e secon d perso n 
pronoim s t o non-addresse e befor e the y acquir e th e thir d 
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perso n pronouns .  Furtho- ,  the y sho w simila r  error s fo r  thir d 
perso n pronouns ,  wher e thir d perso n pronoun s ar e use d t o 
refe r  t o bot h addresse e an d non-addresse e befor e the y 
understan d tha t  thir d perso n pronoun s refe r  onl y t o non -
addressee . 

A primar y motivatio n fo r  th e presen t  simulatio n stud y i s 
t o understan d th e mechanism s b y whic h childre n lear n t o 
produc e persona l  pronoun s withou t  explici t  corrections ,  h i 
particular ,  w e investigate d if ,  wit h th e additio n o f  thir d 
pCTson pronoun s i n non-addresse d speech ,  th e C C network s 
can correc t  overgenerabzatio n error s an d ca n induc e th e 
correc t  semanti c rul e fo r  firs t  an d secon d perso n pronouns . 
Further ,  w e investigate d i f  overhear d speec h i s als o crucia l 
fo r  learnin g th e correc t  semanti c rul e fo r  thir d perso n 
pronouns . 

The CC learning algorithm 

Unlik e stati c feed-forwar d network s suc h a s back-propagatio n 
networks ,  a  C C networ k begin s wit h a  minima l  networ k 
topolog y consistin g o f  onl y th e inpu t  an d outpu t  units ,  t o 
u^c h Udde n unit s ar e adde d an d traine d automaticall y t o 
inqvov e performance .  Hidde n unit s ar e adde d on e a t  a  tim e 
unti l  erro r  i s  withi n a  rang e specifie d b y th e user ,  a t  whic h 
poin t  learnin g ha s b e ^  accomplished . 

Each inpu t  uni t  i s  coimecte d t o th e outpu t  unit s b y a n 
adjustabl e weight .  Initia l  weight s ar e selecte d randomly ,  an d 
ar e adjuste d base d o n activation s give n i n th e trainin g 
pattwns .  W h e n performanc e caimo t  b e improve d an y furthe r 
by weigh t  adjustments ,  a  hidde n uni t  wit h a  sigmoi d 
activatio n functio n i s recruited ,  producin g nonlinea r 
interactio n effect s i n th e mappin g o f  input s t o outputs . 
Incomin g weight s t o thi s ne w uni t  ar e determine d b y 
maximizin g correlatio n betwee n th e unit' s  activatio n an d 
networ k error ,  an d ar e fixe d throughou t  th e remainde r  o f  th e 
trainin g period .  Thu s erro r  i s no t  propagate d bac k acros s 
differen t  level s o f  th e network ,  resultin g i n quicker ,  mor e 
stabl e convergence .  Afte r  th e hidde n uni t  ha s bee n recruited , 
outpu t  weight s ar e readjuste d t o optimiz e poformance .  Thi s 
cycl e o f  erro r  reductio n i s rqjeate d unti l  a n accqjtabl e rang e 
i s reached . 

Simulation 

The presen t  simulatio n consist s o f  thre e trainin g phase s t o 
simulat e h o w childre n lear n t o produc e al l  pronou n form s b y 
listenin g t o othe r  person s producin g them .  I n Phas e I 
training ,  network s lear n other-speakin g patton s wit h a  firs t 
perso n pronou n "me "  an d a  secon d perso n pronou n "you" . 
I n Phas e I I  trainin g the y lear n other-speakin g pattern s wit h 
th e thir d perso n pronoun s "he "  an d "she "  adde d t o Phas e I 
trainin g patterns .  I n Phas e II I  training ,  child-speakin g 
pattem s wit h al l  pronou n form s ar e adde d t o Phas e 1  an d 
Phase n  trainin g pattems .  Thir d perso n pronoun s wer e 
presente d t o th e network s afte r  exposur e t o firs t  an d secon d 
perso n pronoun s i n orde r  t o simulat e th e child' s pronou n 
learnin g environmen t  (Oshima-Takan e &  Derat ,  1996) . 

The initia l  C C network s i n thi s simulatio n ha d thre e 
inpu t  unit s represoitin g speaker ,  addressee ,  an d referoit .  I n 
addition ,  ther e wa s a  bia s uni t  havin g a  valu e o f  -•- 1 o n th e 
inpu t  side .  Fiv e persons ,  child ,  mother ,  father ,  an d tw o 
additiona l  persons ,  on e femal e an d on e male ,  appeare d i n th e 

trainin g pattems .  Analo g codin g wa s use d i n orde r  t o 
implemen t  prio r  knowledg e tha t  individual s appeare d i n th e 
trainin g pattem s wer e i n th e sam e kin d P E R S O N.  Th e chil d 
was code d a s 0 ,  th e mothe r  a s -)-2 .  th e fathe r  a s -2 ,  an d th e 
othe r  tw o person s wer e code d a s + 1 an d -1 .  Positiv e value s 
represente d femal e person s an d negativ e value s Kpreaeale d 
mal e persons ,  t o cod e fo r  gendra -  i n thi s system .  Th e gendo -
of  th e chil d wa s no t  explicitl y  code d an d mus t  b e derive d 
fro m th e regularitie s o f  pronou n us e i n th e trainin g pattems . 
I n thi s simulation ,  th e chil d wa s treate d a s female . 

Localis t  codin g w a s use d t o cod e fo r  th e outpu t  pronoun . 
Of  th e fou r  units ,  thre e ha d a  negativ e value ,  whil e th e 
remainin g uni t  wa s positive .  Th e positio n o f  thi s positiv e 
uni t  determine d th e pronoun .  Th e pronoun s "me" ,  "you" , 
"she" ,  an d "he "  wer e represente d whe n th e first ,  second ,  thir d 
and fourt h unit s wer e positive ,  respectively .  Eac h inpu t  uni t 
was connecte d t o fou r  outpu t  units .  Figiu ^  1  dq)ict s a 
networ k afte r  th e recruitmen t  o f  tw o hidde n units . 

Network s wer e traine d unde r  thre e differen t  conditions : 
pur e addressee ,  pur e non-addressee ,  an d mixed .  I n Phas e I 
and Phas e I I  training ,  network s i n th e pur e addresse e 
conditio n wo- e traine d wit h th e addresse e pattem s i n whic h 
th e chil d wa s th e addressee ,  wherea s thos e i n th e piu e non -
addresse e amditio n wer e traine d wit h th e non-addresse e 
pattem s i n whic h th e chil d wa s neithe r  th e addresse e no r  th e 
speaker .  I n th e mixe d condition ,  network s wer e traine d wit h 
a combinatio n o f  equa l  number s o f  addresse e an d non -
addresse e pattems .  A s ther e wer e 2 0 addressee ,  6 0 non -
addressee ,  an d 2 0 child-speakin g pattems ,  th e numbe r  o f 
trainin g pattem s wa s equalize d acros s conditions .  I n eac h 
phase ,  th e addresse e pattem s wer e give n si x time s pe r  epoc h 
fo r  network s i n th e addresse e condition ,  whil e non-addresse e 
pattem s wer e give n twic e fo r  thos e i n th e non-addresse e 
condition .  Network s i n th e mixe d conditio n wer e give n th e 
addresse e pattem s thre e time s an d th e non-addresse e patton s 
onc e pe r  epoch ,  fo r  a n equa l  numbe r  o f  pattem s acros s 
conditions .  I t  shoul d b e note d tha t  repeated  pattem s di d no t 

pronou n 

IIiddcn 2 

me + 
vou — + 

Output s 

Hiddcn s 

^̂ Ilid.l.M. I 

Input s 

speake r  addresse e referen t 

Figur e 1 :  Pronoi m networ k afte r  recraitmen t  o f  tw o hidde n 
units . 
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affec t  learnin g tun e significantly .  Child-speakin g pattern s 

w h » e th e chil d wa s th e speake r  wer e adde d i n th e final  phas e 
of  trainin g fo r  al l  conditions . 

I t  wa s expecte d tha t  network s i n th e addresse e conditio n 
woul d lear n incorrect ,  nie-yo u reversa l  rule s durin g Phas e I 

trainin g an d woul d produc e "you '  i n referenc e t o th e chil d 
exclusivel y an d "me "  i n referenc e t o an y othe r  person .  I n 
Phas e I I  training ,  fou r  person s othe r  tha n th e chil d wer e 
referre d t o b y nwr e tha n on e pronoun ,  specificall y "me "  an d 
"she/he* .  Thus ,  th e addresse e networks  wer e expecte d t o 
produc e "me *  i n referenc e t o anothe r  perso n a s speaker ,  an d 
"she/he "  i n referenc e t o anothe r  perso n a s non-addressee . 
However ,  n o thir d perso n pronoun s woul d b e produce d i n 
referenc e t o th e chil d a s non-addressee ,  becaus e th e gendo *  o f 
th e chil d coul d no t  b e derive d from  th e addresse e patterns . 

Th e network s i n th e non-addresse e conditio n an d thos e i n 
th e mixe d conditio n wer e expecte d t o induc e eithe r  on e o f  th e 
tw o possibl e partiall y  correc t  function s i n Phas e I  trainin g 
and woul d sho w overgeneralizatio n error s o f  eithe r  "me "  o r 
"you "  t o non-addressee .  However ,  wit h th e additio n o f  thir d 
perso n pronoun s i n Phas e I I  training ,  thes e network s woul d 
lear n th e full y correc t  semanti c rule s fo r  al l  pronou n forms . 
Thi s i s becaus e al l  fou r  otho "  person s wer e referred  t o b y 
thre e pronoun s i n th e trainin g patterns .  Therefore ,  th e 
network s wer e force d t o utiliz e th e speec h rol e information , 
not  jus t  ref(»en t  information .  Th e performanc e o f  th e mixe d 
networic s wa s expecte d t o b e slightl y bette r  tha n tha t  o f  th e 
non-addresse e networks ,  siiK e th e onl y differenc e betwee n 
the m i s tha t  th e chil d i s referre d t o b y bot h "you "  an d "she " 
i n th e mixe d conditio n a s oppose d t o onl y "she "  i n th e non -
addresse e condition . 

Results 

Tabl e 1  simmiarize s th e mea n q)och s require d fo r  learnin g 
trainin g pattern s b y jAias e an d b y condition .  Non-addresse e 
network s too k a  significantl y greate r  numbe r  o f  epoch s t o 
trai n i n Phas e I  compare d t o mixe d networks ,  t(57)=5.46 , 
one-tailed ,  p<0.001 .  I n addition ,  th e numbe r  o f  epoch s fo r 
th e addresse e network s wa s significantl y fewe r  tha n thos e i n 
th e non-addresse e an d mixe d conditio n combined ,  t(54) = 
-55.92 ,  one-tailed ,  p<0.001 .  Al l  network s recruite d on e 
hidde n unit .  I n Phas e II ,  th e differenc e i n numbe r  o f  epoch s 
betwee n th e non-addresse e an d mixe d network s wa s no t 
significant ;  however ,  addresse e network s agai n too k 
significantl y fewe r  epoch s compare d t o thos e i n th e non -
addresse e an d mixe d ccmdition s combined ,  t(52)=-26.15 ,  one -
tailed ,  p<0.001 .  Network s recruite d a n averag e o f  1.9 5 
hidde n unit s (range :  1  -  3 )  i n th e addresse e condition ,  3.2 0 
(range: 3 -  4 )  i n th e non-addresse e condition ,  an d 3.9 5 
(range: 3 -5 )  i n th e mixe d condition .  I n Wias e II I  training , 
non-addresse e network s require d significantl y mor e epoch s t o 
lear n tha n mixe d networks ,  t(26)=2.54 ,  th e separat e varianc e 
estimate ,  one-tailed ,  p<0.01 .  Addresse e netwwk s require d 
significantl y mor e epoch s t o lear n th e child-speakin g 
pattern s conq>are d t o th e non-addresse e an d mixe d network s 
combined ,  t(20)=12.27 ,  th e separat e varianc e estimate ,  one -
tailed ,  p<0.001 .  Addresse e network s recruite d a n averag e o f 
2.6 5 hidde n unit s (range :  2  5) ,  whil e non e o f  th e non -
addresse e an d mixe d networks  require d an y additiona l  hidde n 

unit s i n Phas e III .  On e non-addresse e networ k an d fou r 
mixe d networks  di d no t  requir e an y Phas e II I  trainin g a t  all . 

Tabl e 1 :  Mea n epoch s require d fo r  th e thre e phase s o f 
learnin g b y condition . 

Phas e I 

Phase I I 

Phase m 

Mean 
SD 
Range 

Mean 
SD 
Range 

Mean 
SD 
Range 

Pur e 
addresse e 
n=2 0 

96. 8 
6.1 5 

82-10 7 

281. 2 
47.9 8 

225-39 1 

458. 2 
158.3 5 

237-76 6 

Conditio n 
pur e 

non-addresse e 
«=2 0 

266. 8 

16.2 1 
239-31 0 

742. 8 
73.9 5 

637-95 5 

31. 2 
33.0 8 
0-12 7 

mixe d 

n=2 0 

243. 9 
15.1 6 

218-28 5 

771. 2 
108.7 0 

445-88 8 

10. 8 
13.8 4 
0-6 5 

N e t w o r k A n a l y s i s 

Networ k analysi s wa s conducte d i n ordo -  t o examin e th e 
functio n th e network s hav e learne d an d thei r  goieralisatio n 
capabilities .  I n orde r  t o depic t  th e networ k representation , 
separat e graph s wer e mad e fo r  th e father ,  mo^et ,  an d chil d 
as referents.  I n addition ,  tw o graph s wer e presoite d fo r  eac h 
referent:  r l  whic h distinguishe s betwee n th e pronoun s "me " 
and "you" ,  an d r 2 whic h distinguishe s betwee n th e mal e an d 
th e femal e thir d perso n pronoun s "he "  an d "she" .  I n both , 
th e lef t  horizonta l  axi s represent s th e speake r  dimension ,  an d 
th e right  horizonta l  axi s repres ît s th e addresse e dimension . 
Numbers o n thes e dimension s represen t  w h o th e speako -  an d 
addresse e are ,  rangin g fro m - 2 t o +2 .  Th e vertica l  axi s 
represent s th e outpu t  pronoun . 

Target function 
We first  defin e 

y l=sigmoid(-c{(S-R)2-0.125} ) 

y2=sigmoid(-c{(A-R)2-0.125} ) 
y3=sigmoid(c(R+0.25) ) 

wher e S ,  A ,  an d R  represen t  th e value s fo r  th e speaker , 
addressee ,  an d referait,  an d wher e c  i s som e larg e positiv e 
valu e (e.g. ,  c=5000) .  Th e calculate d valu e the n undergoe s 

th e sigmoi d transformatio n 1/(1+e"^) ,  wher e x  i s th e valu e 
t o b e transformed .  Thus ,  y l  wil l  equa l  1  i f  th e speake r  an d 
referai t  agre e (ie .  "me "  i s produced )  an d wil l  equa l  0  i f  the y 
disagree .  Th e sam e ca n b e sai d abou t  y2 ,  bu t  wit h th e 
addresse e instea d o f  th e speaker .  I n y3 ,  femal e referents  ar e 
distinguishe d from  mal e referents ,  a s 1  i s produce d whe n th e 
referen t  i s  non-negativ e (female )  an d 0  i s produce d whe n th e 
referen t  i s  negativ e (male) . 
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FATHER 
rel.- 2 

CHIL D MOTHER 
rel> 2 

ffl 0 
-0. 5 

Figur e 2 :  Targe t  representatio n fo r  correc t  us e o f  first 
an d secon d perso n p ronoun s (rl) .  m e = + 0 . 5 ,  you= -
0.5 ,  he/she= 0 
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F igur e 3 :  Ta rge t  representatio n fo r  correc t  u s e o f 
thir d pe rso n p r o n o u n s (r2) .  h e = + 0 . 5 ,  she=-0 .5 , 
me/you= 0 

r»f.- 2 reM) re(« 2 ra<a- 2 rel ^ ral> 2 

ret.- 2 

ret— 2 

Figur e 4 :  A d d r e s s e e n e t w o r k representation s afte r 
Phas e I ,  P h a s e I I  a n d P h a s e E H trainin g fo r  us e o f  first 
an d secon d perso n p r o n o u n s (rl) . 

rel— 2 

ret—2 rel> 0 ret- 2 

i n 0 

Figures :  Addresse e networ k representation s afte r 
Phase I ,  Phas e n  an d Phas e H I  trainin g fo r  us e o f 
thir d perso n pronoun s (r2) . 

i»t— 2 raM> tal. 2 re*—2 rsf* 0 ret> 2 

rBta- 2 (• W 

Figur e 6 :  Non-addresse e networ k representation s afte r 
Phas e I ,  Phas e 1 1 a n d Phas e I D trainin g fo r  us e o f  first 
an d secon d perso n pronoun s (rl) . 

rel« 0 

spk- 2 - 2 $pk- 2 - 2 aa r 

Figur e 7 :  Non-addresse e networ k representation s afte r 
Phas e I ,  Phas e n  an d Phas e H I  trainin g fo r  us e o f 
thir d perso n pronoun s (r2) . 
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We the n defin e 

zl= y 1-0. 5 
z2=y2-0. 5 
z3=y3(J-yJXl-y2)-0. 5 

z4=(i-yi)(l-y2Xl-y3)-0. 5 
I n zl ,  "me "  i s distinguishe d fro m al l  othe r  pronoun s a s +0. S 
i s produce d whe n "me "  i s produce d (whe n y  1=1 ,  se e above ) 
and -0. 5 i s produce d fo r  al l  othe r  pronouns .  Similarly ,  th e 
othe r  thre e function s z2 ,  z3 ,  an d z 4 respectivel y distinguis h 
th e pronoun s "you" ,  "she" ,  an d "he "  from  al l  othe r 
pronouns . 

T o conserv e space ,  w e furthe r  transfor m z' s into : 
rl=03x(zl-z2 ) 
r2=0.5x(z4-z3 ) 

wher e zl ,  z2 ,  z3 ,  an d z 4 ar e function s producin g +0. 5 fo r  a 
specifi c  pronou n ("me" ,  "you" ,  "she" ,  an d "he" , 
respectively) ,  an d -0. 5 fo r  al l  othe r  pronouns .  Th e functio n 
r l  combine s th e representation s o f  "me "  an d "you "  int o one , 
wher e r l  equal s +0. 5 whe n "me "  i s produce d an d equal s -0. 5 
when "you "  i s produced .  Th e othe r  pronoun s woul d hav e a n 
outpu t  o f  0 .  Likewise ,  r 2 combine s th e representation s o f 
"she "  an d "he" ,  suc h tha t  th e outpu t  i s +0. 5 whe n "he "  i s 
produce d an d i s -0. 5 whe n "she "  i s produced .  Th e targe t 
fimctio n fo r  correc t  us e o f  first ,  second ,  an d thir d perso n 
pronoun s i s show n i n Figure s 2  &  3 .  I n Figur e 2 ,  th e 
grq)hica l  rq)resentati(H i  o f  rl ,  "me "  i s produce d whe n th e 
referen t  an d ̂ )eake r  agree ,  an d "you "  i s p-oduce d whe n th e 
referai t  an d addresse e agree .  A t  al l  othe r  points ,  wher e 
refa«i t  doe s no t  agre e wit h speake r  o r  addressee ,  thir d pa-so n 
pronoun s ar e produced ,  an d therefor e th e outpu t  shoul d b e 
zero .  I n Figur e 3 ,  th e representatio n o f  r2 ,  "he "  i s produce d 
v^e n th e referen t  i s a  mal e thir d p^-son ,  an d "she "  i s 
produce d w h o i  th e referrai t  i s  a  femal e thir d person . 
Otherwise ,  firs t  o r  secon d perso n j)ronoun s ar e product ,  an d 
th e outpu t  i s  zero . 

Function Approximations 

Networ k analysi s examine d th e graphica l  representation s o f 
networ k approximation s a t  trainin g point s an d th e 
generalisatio n t o tes t  points .  Generalisatio n test s consiste d 
primaril y o f  intopolatio n betwee n trainin g points .  I n 
general ,  th e cIosc t  th e networks '  approximation s wer e t o th e 
targe t  function ,  th e greate r  thei r  generalisatio n capability . 

Figure s 4  &  5  presen t  th e functio n approximatio n o f  a 
networ k i n th e pur e addresse e conditio n b y phase .  A s see n i n 
Figur e 4 ,  who i  th e chil d i s th e referen t  (ref=0) ,  th e graphica l 
surfac e afto -  Phas e I  trainin g i s a t  th e -0. 5 level ,  indicatin g 
tha t  "you "  i s produced .  Also ,  whe n th e referen t  i s th e 
mothe r  (ref=2 )  o r  fathe r  (ref=^2) ,  "me "  i s produced ,  a s th e 
graphica l  surfac e i s a t  +0.5 .  Thus ,  network s learne d th e 
incorrect ,  me-yo u reversa l  rul e durin g Phas e I  training . 
Durin g Hias e I I  training ,  th e networ k learne d t o differentiat e 
betwee n th e referent s a s speaker s an d non-speakers :  "me " 
was produce d whe n th e refer̂ i t  i s  th e speaker ,  an d thir d 
perso n pronoun s wer e produce d elsewhere .  Th e exceptio n t o 
thi s wa s whe n th e chil d wa s th e referent ,  w h o wa s refere d t o 
almos t  exclusivel y b y th e pronou n "you" ,  excep t  whe n 
takin g o n th e rol e o f  speaker . 

Th e resul t  seeme d t o indicat e tha t  th e network s wer e abl e 
t o discer n tha t  "you "  wa s no t  th e correc t  pronou n t o produc e 

i n thi s situatio n bu t  wer e unabl e t o discove r  whic h pronou n 
shoul d b e produced .  Network s di d no t  lear n t o produc e "me " 
i n referenc e t o th e chil d a s speakta -  an d "you "  i n referenc e t o 
person s othe r  tha n th e chil d a s addresse e unti l  Phas e III . 

Further ,  th e degre e o f  correc t  generalisatio n o f  "me "  an d 
"you "  t o untraine d pattern s varie d fo r  eac h network .  Thir d 
perso n pronoun s i n referenc e t o chil d wer e neve r  learne d 
correctl y b y addresse e network s becaus e th e goide r  o f  th e 
chil d coul d no t  b e derive d fro m th e addresse e an d th e child -
speakin g pattern s only . 

Th e non-addresse e an d mixe d network s wer e ver y similar , 
and therefor e onl y on e se t  o f  figure s fo r  a  non-addresse e 
networ k (Figure s 6  &  7 )  ar e presented .  A s th e networ k 
traine d wit h me-yo u pattern s onl y i n Phas e I ,  a  partiall y 
correc t  functio n wa s formed .  I n thi s case ,  th e networ k 
learne d th e pronou n "me "  correctly ,  bu t  overgeneralise d th e 
us e o f  "you "  t o non-addresse e (Fig .  6 ,  to p row) .  However , 
thi s wa s correcte d i n Phas e I I  training ,  wit h th e additio n o f 
thir d perso n pronouns ,  a s th e networ k learne d tha t  th e 
pronoun s "he "  o r  "she "  shoul d b e use d i n referenc e t o non -
addressees .  Networ k analysi s o f  mor e detaile d developmenta l 
dat a indicate d tha t  correc t  learnin g o f  "you "  too k plac e upo n 
recruitmen t  o f  on e o r  mor e hidde n unit s i n Phas e II . 

Discussion 

Bot h th e analysi s o f  learnin g tim e an d th e networ k analysi s 
indicat e tha t  addresse e network s underg o th e bul k o f  thei r 
learnin g afte r  th e additicH i  o f  child-speakin g pattern s i n Phas e 
III ,  wha-ea s non-addresse e an d mixe d network s lear n th e 
correc t  semanti c rule s i n th e firs t  tw o phases .  Th e networ k 
analysi s clearl y indicate d tha t  wit h th e additio n o f  thir d 
perso n pronoun s t o th e Hias e I  trainin g pattans ,  non -
addresse e an d mixe d netw(»k s wer e abl e t o correc t 
overgeneralizatic m error s o f  eitho -  "me "  o r  "you "  an d learne d 
th e fiill y  correc t  semanti c rule s fo r  al l  persona l  pronou n 
forms .  I n fact ,  som e o f  th e mixe d an d non-addresse e 
network s showe d perfec t  generalizatio n t o diild-speakin g 
pattern s withou t  Phas e II I  training .  Th e remainin g mixe d 
and non-addresse e network s neede d som e Phas e II I  trainin g 
fo r  simpl y adjustin g weights ,  a s non e o f  the m recruite d 
hidde n units .  O n th e othe r  hand ,  al l  th e addresse e network s 
neede d Phas e II I  trainin g t o correc t  th e me-yo u reversa l  error s 
and neve r  learne d th e thir d perso n pronou n i n referenc e t o th e 
child .  W h e n th e representation s o f  th e network s afte r 
completio n o f  al l  th e trainin g ar e examined ,  non-addresse e 
and mixe d network s showe d bette r  generalisation s t o 
untraine d pattem s compare d t o addresse e networks .  N o clea r 
diffa-enc e wa s observe d betwee n mixe d an d non-addresse e 
network s excep t  tha t  ther e wer e slightl y mor e mixe d 
network s tha n non-addresse e network s whic h coul d lea m th e 
correc t  semanti c rule s withou t  Phas e II I  training . 

A n interestin g findin g i s tha t  withou t  child-̂ )eakin g 
pattems ,  addresse e network s wer e unabl e t o produc e "you "  i n 
referoic e t o a  p^-so n othe r  tha n th e child .  Instead ,  th e 
addresse e network s produce d thir d perso n pronoun s i n 
referenc e t o other s a s addressee ,  althoug h th e network s coul d 
hav e produce d "me "  rathe r  tha n "he "  o r  "she "  i n thi s 
situation .  Th e consisten t  overgeneralizatio n o f  thir d perso n 
pronoun s t o other s a s addresse e suggest s tha t  addresse e 
network s wer e influence d b y th e fac t  tha t  a  perso n othe r  tha n 
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frequentl y tha n b y "me "  ( 4 patterns )  i n th e addresse e trainin g Cognitiv e Science ,  McGil l  University ,  Montreal . 

patterns .  This ,  i n turn ,  suggest s tha t  th e network s use d 
referen t  informatio n only ,  eve n thoug h th e sam e perso n wa s 
referre d t o b y mor e tha n on e pronoun .  I t  appeare d tha t 
situation s i n whic h th e sam e pronou n refers  t o differen t 
poson s ar e als o neede d i n orde r  t o forc e th e network s t o us e 
speec h rol e information . 

I n sum ,  th e networ k analysi s revealed  tha t  network s nee d 
t o lea m al l  thre e persona l  pronoun s i n orde r  t o induc e th e 
fiill y  correc t  semanti c rule s withou t  error-correctin g 
feedback .  I n addition ,  th e result s confirme d tha t  overhear d 
speec h i s crucia l  i n learnin g th e correc t  semanti c rule s no t 
onl y fo r  firs t  an d secon d perso n pronoun s bu t  als o fo r  thir d 
perso n pronouns . 
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