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This paper examines how and why empirical resuhs related to first-word acquisition in infants 
can occu r  i n a  generi c associativ e P D P model .  Durin g learning ,  a  networ k i s expose d t o a 
micro-wori d compose d o f  categorie s mad e o f  cluster s o f  "images "  an d o f  label s attache d t o thes e 
clusters .  Th e architectur e o f  th e networ k allow s encodin g o f  label s an d image s i n a  commo n 
leve l  o f  representatio n an d subsequen t  extractio n o f  label s fro m image s an d image s fro m labels . 
I f  (1 )  th e learnin g rul e i s a n error-correction/steepes t  descen t  algorithm ,  (2 )  th e imag e cluster s 
ar e sufficiend y "fuzzy" ,  (3 )  th e mappin g image/labe l  i s  consisten t  an d (4 )  th e networ k capacit y 
i s  adapte d t o th e siz e o f  th e micro-world ,  thi s simpl e generi c mode l  ca n b e show n t o accoun t  fo r 
a broa d spectru m o f  fu t̂-wor d acquisitio n dat a includin g acquisitio n "burst" ,  underextensions , 
overextensions ,  gradua l  generalization ,  comprehensio n befor e productio n an d decontextualiza -
tion. 

INTRODUCTION 

Acquiring the meaning of words may be seen as a categorization or pattern recognition problem. 
The tas k o f  th e infan t  i s  t o classif y th e worl d int o labele d categories ,  i n agreemen t  wit h th e 
categorie s an d label s use d b y adults .  I n thi s sense ,  ther e i s earl y symboli c emergenc e o r  mean -
in g acquisitio n whe n a n entit y i n a  modalit y become s consistenti y mappe d t o anothe r  entit y i n a 
differen t  modahty .  I n th e mode l  below ,  pattern s o f  activation s ar e presente d t o a  P D P network . 
The mode l  ha s tw o type s o f  input s correspondin g t o tw o differen t  modalities .  On e o f  the m ca n 
be see n a s correspondin g t o th e auditor y modality ,  th e othe r  t o a  visua l  modality .  Th e mode l  i s 
simpl y expose d t o a  micro-worl d mad e o f  a  micro-se t  o f  categories .  Eac h categor y i s compose d 
of  a  se t  o f  micro-image s an d o f  a n associate d label .  Thi s micro-worl d i s structured :  image s asso -
ciate d wit h identica l  label s ar e similar .  Durin g learning ,  image s an d label s ar e presente d t o th e 
network ,  separatel y o r  together .  Th e networ k learn s ho w t o buil d interna l  representation s o f 
thes e label s an d images ,  an d unde r  certai n conditions ,  t o associat e image s wit h th e correspond -
in g labels . 

MODEL 

Microworld. 

Images are simple random dot patterns constructed on a grid composed of 61 rows and 21 
columns .  Nin e rando m cell s ar e turne d o n t o for m a  pattern .  Befor e bein g use d a s inpu t  t o a 
connectionis t  network ,  th e gri d i s preprocesse d t o reduc e th e computationa l  demand s an d creat e 
a "smearing "  effec t  allowin g a  notio n a  similarit y betwee n pattern s (Knap p an d Anderson ,  1984) . 
We ca n cal l  "retina "  a  two-dimensiona l  laye r  o f  unit s (o r  "cells" )  tha t  transfor m thes e rando m 
dot  pattern s int o anothe r  two-dimensiona l  patter n o f  activations .  Th e unit s o f  thi s "retina "  for m 
a regula r  lattic e tha t  i s  superimpose d o n th e origina l  gri d an d hav e thei r  recepto r  field s centere d 
on a  gri d cell .  I n al l  th e simulation s describe d below ,  th e shap e o f  th e recepto r  field s i s chose n 
as a  bi-dimensiona l  decreasin g exponentia l  o f  th e for m exp(-d/k )  wher e k  i s th e sprea d paramete r 
and d  i s th e distanc e betwee n th e cente r  o f  th e field  an d a  poin t  o f  th e "retina" . 

When a pattern is presented to the model, each unit computes its activation by summing 
th e activation s du e t o eac h o f  th e gri d cell s i n it s  recepto r  fields .  Th e retina l  unit s tha t  ar e to o fa r 
fro m th e activ e cell s o f  th e origina l  gri d canno t  ge t  enoug h activatio n an d ar e "filtere d out "  o f 
th e final  retina l  grid .  Figur e 1  show s a n origina l  patte m o f  dot s an d th e resultin g patte m afte r 
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Figur e 1 .  O n th e left ,  a  rando m paaer n o f  doti .  O n th e right,  a  filtere d patter n o f  dot s represented  o n a  17x 7 gri d an d store d int o th e pd p network . 
The siz e o f  eac h rectangl e correspond s t o th e activatio n o f  th e correspondin g uni t  i n th e filtered  grid .  I n thi s case ,  th e filtering  parameter s ar e th e 
following :  th e grai n i s  4 ,  th e profil e i s  a n exponentia l  an d th e sprea d paramete r  i s  1.2 . 

filtering. The filtered grid is then presented to a connectionist network for learning (see below). 

The microworl d consist s o f  4  categorie s o f  suc h images .  Fo r  eac h category ,  a  basi c rando m do t 
patter n wa s created .  Ou t  o f  eac h o f  thes e 4  basi c patterns ,  7  distorte d pattern s wer e generate d b y 
movin g eac h do t  aroun d it s origina l  basi c location .  Eac h categor y o f  image s i s the n associate d 
t o a  singl e labe l  (A ,  B ,  C  o r  D ) . 

Network Architecture. 

The basic architecture of the network is shown in Figure 2. The learning rule used during the 
simulation s i s th e back-propagatio n algorith m (Rumelhart ,  Hinto n &  Williams ,  1986) .  Th e net -
wor k i s a n auto-associativ e network .  Wit h thi s architecture ,  th e inpu t  an d outpu t  layer s ar e 
identica l  an d th e networ k leam s ho w t o encod e th e incomin g informatio n i n th e hidde n layer s 
(Cottrell ,  Munr o &  Zipser ,  1987 ;  Zipser ,  1987 ;  Bald i  &  Homik ,  1988) .  I n th e presen t  network , 
ther e ar e tw o pair s o f  inpu t  an d outpu t  layers .  On e inpu t  laye r  theoreticall y correspond s t o th e 
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Figur e 2 .  Th e netwoi k ha s tw o inpu t  layers ,  tw o correspondin g outpu t  layer s an d thre e hidde n layers :  on e fo r  eac h inpu t  laye r  an d on e conuno n t o 
both .  Thi s las t  laye r  wil l  encod e th e informatio n tha t  i s  necessar y t o reproduce  th e inpu t  patterns .  Eac h laye r  i s give n a  nam e tha t  wil l  b e use d i n 
th e paper .  L-i n stand s fo r  label s a t  th e inpu t  level ,  L-re p fo r  th e representation  o f  th e labels ,  L-ou t  fo r  th e label s a t  th e outpu t  level ,  L-i n fo r  th e 
"images "  a t  th e inpu t  level ,  L-re p fo r  th e representation  o f  th e "images" ,  L-ou t  fo r  th e "images "  a t  th e outpu t  level ,  an d U-re p fo r  th e representa -
tio n commo n t o bot h label s an d "images " 
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"auditor y mcxlality "  an d th e othe r  on e t o th e "visua l  modality" .  I n th e simulations ,  th e "auditor y 
modality "  correspond s t o th e categor y label s use d i n th e experiments .  Th e "visua l  modality " 
wil l  receiv e it s inpu t  fro m th e preprocesse d rando m do t  patterns .  A s w e ca n se e i n Figur e 2 ,  th e 
hidde n layer s L-re p an d I-re p ar e specifi c  t o eac h "modality "  an d wil l  specificall y encod e th e 
correspondin g stimuli .  Th e commo n hidde n laye r  U-re p receive s activation s fro m bot h "modal -
ities "  an d mus t  hav e th e capacit y  t o regenerat e th e inpu t  pattern s a t  th e outpu t  level .  I f  ther e i s a 
correlatio n betwee n th e visua l  pattern s an d th e labels ,  thi s commo n laye r  shoul d b e abl e t o dis -
cove r  an d represen t  i t  (Zipser ,  1987) . 

Learning Dynamic*. 

Training consisted in three auto-associations: images to images, labels to labels, and images 
plu s label s t o image s plu s labels .  Wit h a  linea r  auto-associativ e networ k usin g th e delt a rule ,  i t 
i s possibl e t o sho w tha t  th e principa l  component s o f  th e inpu t  pattern s (eigenvector s o f  th e asso -
ciate d covarianc e matrix )  ar e encode d "successively" ,  i n a n orde r  dependin g o f  th e siz e o f  thei r 
respectiv e eigenvalue s (Chauvin ,  1988) .  Thus ,  learnin g ca n b e see n a s a  differentiatio n proces s 
wher e th e "centra l  tendencies "  ar e encode d first.  Th e presen t  networ k i s a  multi-laye r  non-linea r 
networ k usin g a  generalizatio n o f  th e delt a rul e (back-propagation ,  sigmoi d units) .  Forma l 
analysi s o f  thi s typ e o f  networ k hav e no t  bee n mad e possibl e s o far .  However ,  simulation s sho w 
that ,  t o som e extent ,  simila r  processe s happe n durin g learnin g i n bot h type s o f  network . 

Figure 3 represents a geometrical interpretation of the generic phenomena that happen in a 
simpl e linea r  network .  I n thi s case ,  th e networ k i s compose d o f  tw o inpu t  units ,  1  hidde n unit , 
and 2  outpu t  units .  Th e tw o inpu t  unit s correspon d t o tw o dimension s (weigh t  an d height )  col -
lecte d fro m a  sampl e o f  people .  Th e mai n principa l  componen t  i s represente d i n th e figure  b y a 
45 degre e slante d axis .  Becaus e th e considere d networ k ha s onl y on e hidde n unit ,  onl y on e prin -
cipa l  componen t  wil l  b e encode d afte r  learnin g (Bald i  an d Homik ,  1988) .  Thi s hidde n uni t  wil l 
represen t  th e projectio n o f  a n inpu t  patter n o n thi s majo r  principa l  component .  T w o projection s 
ar e show n i n th e figiu^e.  Fo r  th e first  one ,  a  complet e patte m i s give n a s inpu t  t o th e network , 
correspondin g t o th e dat a poin t  xl .  Th e activatio n o f  th e hidde n uni t  represent s th e projectio n o f 
xl  t o th e majo r  principa l  component .  Th e activatio n o f  th e outpu t  unit s represent s th e back -
projectio n o f  thi s hidde n uni t  t o th e origina l  space .  A s w e ca n see ,  th e coordinate s o f  x l  i n th e 
origina l  spac e ar e basicall y retrieve d b y thes e projections .  I f  w e suppos e no w tha t  onl y th e 
heigh t  coordinat e o f  x 2 i s give n a s inpu t  t o th e network ,  th e coordinat e become s projecte d t o th e 
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Figur e 3 .  Geometrica l  interpreutio n o f  patter n completio n b y linea r  projeaio n o n th e majo r  principa l  componen t  (se e text) .  T w o point s ar e pro -
jected .  Th e firs t  one ,  x  1 ,  i s  projecte d fro m th e complet e origina l  positio n t o th e majo r  principa l  componen t  Fo r  x2 ,  ih e "height "  coordinat e onl y 
i s  projected .  Eac h o f  thes e principa l  componen t  projection s i s the n reinterprete d b y back-projeaio n i n th e origina l  weight/heigh t  space . 
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majo r  principa l  componen t  an d the n bac k t o th e origina l  space .  A s w e ca n see ,  som e informa -
tio n ha s bee n retrieve d abou t  th e "weight "  o f  x2 .  Thi s correspond s t o a  patter n completio n 
phenomeno n b y projectio n o n th e principa l  component . 

SIMULATIONS 

Categorizatio n 

Afte r  learning ,  a  labe l  presente d t o L-i n reproduce s itsel f  i n Lou t  an d a n imag e presente d t o I-i n 
reproduce s itsel f  i n I-out .  Th e layer s L-rep ,  I-rep ,  an d U-re p the n represen t  th e compresse d 
informatio n (Cottrell ,  Zipser ,  &  Munro ,  1987 )  o f  th e inpu t  pattems .  Fo r  a  right  amoun t  o f  hidde n 
units ,  presente d wit h a n image ,  th e networ k  i s abl e t o produc e th e labe l  tha t  correspond s t o th e 
associate d category :  ther e i s production .  Presente d wit h a  label ,  th e networ k  i s abl e t o giv e a n 
imag e tha t  basicall y correspond s t o th e averag e o f  al l  th e image s tha t  hav e bee n store d wit h th e 
same label :  ther e i s comprehension .  Fo r  a  sufficien t  numbe r  o f  image s pe r  categor y an d a  right 
set  o f  low-leve l  filterin g parameters ,  th e prototyp e effec t  ca n b e observe d fo r  comprehension ,  a s 
observe d wit h infant s (Thomso n &  Chapman ,  1977) ,  an d production .  Interestingly ,  becaus e 
image s for m clusters ,  knowin g th e shap e o f  a n imag e provide s som e informatio n abou t  wha t  th e 
labe l  shoul d be .  However ,  th e networ k  i s no t  bein g traine d t o produc e a  labe l  whe n a n imag e i s 
presented .  Th e networ k doe s us e th e imag e informatio n an d automaticall y learn s th e cros s asso -
ciatio n onl y becaus e ther e i s auto-associatio n imag e t o imag e an d subsequen t  cluste r  extractio n 
durin g learning :  th e intema l  representatio n o f  th e image s i s necessar y fo r  th e developmen t  o f 
th e labelin g process . 

Gradual Generalizations 

Three levels of distortion are used to test generalization of categorization to new images (the net-
wor k wa s traine d o n pattem s create d wit h th e mediu m leve l  only) .  Thes e level s o f  distortion s 
correspon d t o differen t  standar d deviation s o f  a  Gaussia n nois e adde d t o eac h do t  locatio n o f  th e 
prototypica l  images .  Figur e 4  show s th e acquisitio n order s o f  eac h distortio n level .  A s w e ca n 
see,  th e networ k graduall y learn s ho w t o generaliz e productio n an d comprehensio n t o mor e an d 
more distorte d pattems .  Thomso n an d Chapma n (1977 )  an d other s observe d gradua l  generaliza -
tio n fo r  comprehensio n wit h infants .  Interestingly ,  generalizatio n actuall y occur s earlie r  an d fas -
te r  fo r  comprehensio n tha n fo r  production . 
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Figur e 4 .  Gradua l  generalizatio n fo r  productio n an d comprehension .  T h e netwoi k graduall y leam s h o w t o respond  correctl y t o m o r e an d m o r e 
distorte d pattems . 
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Comprehensio n befor e Production . 

Figure 5 shows production and comprehension data as a function of the number of learning 
cycles .  W e ca n se e tha t  productio n an d comprehensio n performance s ar e simila r  afte r  sufficien t 
trainin g bu t  tha t  comprehensio n performanc e i s clearl y highe r  tha n productio n durin g earl y 
learning ,  i n agreemen t  wit h comprehension/productio n dat a observe d durin g huma n firs t  wor d 
acquisitio n (e.g .  Bates ,  1976) .  Labe l  an d imag e feature s ca n actuall y b e considere d a s categor y 
features .  A m o n g thes e features ,  label s ar e th e mos t  "significant "  becaus e the y ar e consistentl y 
presen t  i n al l  th e example s o f  th e category .  Fo r  tha t  reason ,  label s becom e goo d indicator s o f  th e 
categor y cluster s an d wil l  allo w goo d reconstitutio n o f  th e images .  I n contrast ,  imag e feature s 
may b e presen t  o r  absen t  o r  "graded "  amon g th e example s an d wil l  no t  reconstitute  th e label s a s 
well . 

Acquisition Rates 

Typically, categorization rates are low during early learning and suddenly increase as learning 
goes on .  Thi s initia l  perio d i s usuall y longe r  fo r  productio n tha n fo r  comprehensio n an d th e pro -
ductio n rat e increas e i s no t  a s sharp .  Durin g th e differentiatio n process ,  th e networ k actuall y 
learn s ho w t o distinguis h th e categorie s befor e distinguishin g th e exemplar s withi n eac h 
category .  A s lon g a s th e categorie s ar e no t  distinguished ,  th e networ k i s stil l  abl e t o categoriz e 
some o f  th e pattern s correctly ,  "b y chance" ,  dependin g o n thei r  "projection "  t o th e categor y aver -
ages .  However ,  ther e i s ver y litU e generalizatio n durin g thi s period :  th e networ k i s onl y abl e t o 
generaliz e t o pattern s tha t  ar e closel y correlate d t o akead y store d patterns .  W h e n th e networ k 
stan s t o "realize "  tha t  ther e exis t  categor y clusters ,  b y "pullin g apart "  th e correspondin g aver -
ages ,  ther e i s generalizatio n an d shar p increas e i n th e acquisitio n rates .  Thi s shar p increas e i n 
comprehensio n an d productio n rate s ca n b e compare d t o th e well-know n vocabular y explosio n 
observe d i n productio n wit h human s (e.g .  Barrett ,  1983) . 

Decontextuallzatlon and Underextensions 

Here, decontextualization is viewed as the process of shifting from temporarily associating a 
labe l  wit h a  singl e imag e t o extendin g th e associatio n t o th e complet e se t  o f  image s correspond -
in g t o th e label .  Simulation s sho w variou s case s o f  decontextualizatio n dependin g o n th e initia l 
weight s o f  th e network .  I n th e mos t  commo n case ,  a  labe l  i s correctl y mappe d t o onl y on e imag e 
fo r  som e tim e an d become s slowl y extende d t o th e whol e categor y whil e bein g generalize d t o 
ne w categor y examples .  I n anothe r  case ,  tw o categor y label s ar e decontextualize d on e afte r  th e 

Number  o » Cyole i 

Figur e S .  Comprehensio n versu s production .  Durin g earl y learning ,  performanc e o n comprehensio n i s bette r  tha n o n production . 
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Other :  on e i s decontextualize d muc h late r  tha n th e othe r  one ,  bu t  als o muc h faster .  I n othe r 
cases ,  th e opposit e phenomeno n occurs ,  wher e a  firs t  categor y labe l  i s quickl y decontextualize d 
wherea s anothe r  on e i s decontextualize d muc h late r  an d muc h mor e slowly .  Interestingly ,  th e 
simulation s ar e ver y consisten t  wit h recen t  huma n dat a o n decontextualization .  Ther e doe s no t 
see m t o exis t  a n initia l  perio d wher e label s ar e first  slowl y decontextualize d an d a  subsequen t 
perio d wher e the y ar e decontextualize d fro m th e onse t  (a s previousl y suggeste d b y Bates ,  1979) . 
I n agreemen t  wit h Barret t  (1986 ,  I n Press) ,  a  labe l  ca n b e correctl y mapp& d t o a  complet e 
categor y earl y i n learnin g whil e som e othe r  labe l  migh t  appea r  late r  an d b e slowl y decontextual -
ized .  Furthermore ,  underextensio n followe d b y a  forgettin g stag e followe d b y correc t  extensio n 
migh t  occur ,  a s observe d b y Bloo m (1973) . 

Overextensions. 

During very early learning, the network extracts the general average taken over the entire set of 
store d patterns .  However ,  afte r  thi s initia l  period ,  th e networ k encode s th e firs t  principa l  com -
ponen t  o f  th e pattern s an d finds  a  steepes t  slop e i n a  directio n tha t  migh t  bette r  correspon d t o 
one o f  th e categories .  An y othe r  patter n correlate d wit h thi s biase d categor y wil l  b e similarl y 
categorize d b y th e networ k an d overextension s migh t  occur .  I n th e model ,  i f  a  labe l  uni t  activa -
tio n i n L-ou t  i s abov e a  give n threshol d bu t  doe s no t  correspon d t o th e labe l  associate d wit h a 
presente d image ,  i t  ca n b e considere d a s a n over-extensio n o f  th e indicate d category .  Simula -
tion s sho w tha t  fo r  production ,  over-extension s d o occu r  fo r  som e o f  th e categorie s an d ca n b e 
highl y variable .  Whe n the y occur ,  the y ar e generall y followe d b y period s o f  underextension , 
befor e bein g slowl y readjuste d t o a  correc t  "extensio n level" .  Overextension s ar e als o muc h 
more likel y t o occu r  durin g earl y learnin g tha n durin g lat e learning .  Figur e 6  show s th e tota l 
amount  o f  overextension s an d th e tota l  amoun t  o f  correc t  extension s a s a  functio n o f  th e numbe r 
of  cycle s durin g a  typica l  mn .  Overextension s als o occu r  durin g comprehension .  However ,  the y 
star t  earlier ,  the y en d earlier ,  an d the y ar e no t  a s numerou s a s overextension s durin g production . 
Thi s differenc e betwee n productio n an d comprehensio n i s als o du e t o th e fac t  tha t  label s ar e 
good cluste r  indicators .  Again ,  ther e ar e interestin g similaritie s betwee n th e wa y th e networ k 
learn s an d th e wa y childre n acquir e thei r  firs t  words .  First ,  th e networ k produce s overexten -
sions ,  i n spit e o f  equiprobabl e presentation s (e.g .  Rescorla ,  1980) .  Second ,  th e overextension s 
occu r  mostl y durin g earl y learning :  th e lat e acquire d categorie s ar e no t  overextende d (Rescorla , 
1976) .  Third ,  overextension s ca n b e followe d b y a  "recession "  stag e befor e correc t  extension s 
begi n t o tak e place .  Fourth ,  overextension s ar e mor e frequen t  i n productio n tha n i n comprehen -
sio n (Thomso n &  Chapman ,  1977) .  Fifth ,  i f  a  categor y i s bein g correctl y extended ,  the n n o othe r 
categor y ca n overexten d t o i t  (Leopold ,  1949) . 
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Figur e 6 .  Tota l  numbe r  o f  concc t  an d ove r  extension s a s a  functio n o f  th e numbe r  o f  cycle s fo r  productio n durin g a  typica l  run . 
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SUMMARY AN D DISCUSSIO N 

The patterns stored in the network can be viewed as multi-dimensional correlated vectors. The 
delt a learnin g rul e encode s thes e set s o f  vector s b y first  representin g thei r  majo r  principa l  com -
ponents .  Figur e 3  show s a  geometrica l  interpretatio n o f  th e phenomen a occurrin g i n a  simpl e 
linea r  networ k fo r  a  lo w dimensiona l  space .  Th e projection s represen t  th e "knowledge "  tha t  th e 
networ k ha s abou t  th e world .  T o retriev e th e worl d knowledg e fro m thi s representatio n mean s 
back-projectin g thes e projection s t o th e origina l  space .  I f  ther e i s sufficien t  informatio n 
compressio n i n th e hidde n layers ,  label s wil l  b e retrieve d fro m image s an d prototypica l  image s 
fro m word s (productio n an d comprehension) .  Th e stricd y consisten t  mappin g betwee n label s 
and imag e categorie s create s learnin g asymmetrie s betwee n comprehensio n an d production .  I n 
general ,  th e directio n o f  th e mai n principa l  component s depend s o n th e imag e cluster s an d o n th e 
consistenc y betwee n label s an d imag e clusters .  Therefore ,  a  categor y prototyp e close r  t o th e 
first  principa l  componen t  migh t  dominat e th e whol e se t  o f  example s durin g earl y learning ,  creat -
in g over-extension s t o th e relate d category .  A s th e "categor y directions "  ar e bein g discovere d b y 
th e network ,  i t  become s muc h easie r  t o classif y th e example s belongin g t o th e correspondin g 
cluster s (comprehensio n an d productio n rat e explosions) .  Fro m thi s onse t  onwards ,  example s 
ar e reall y classifie d accordin g t o thei r  prototypica l  directions .  Finally ,  image s ca n reproduc e 
label s onl y becaus e ther e i s a  differentiatio n proces s happenin g durin g auto-associatio n o f  th e 
images .  Durin g thi s process ,  th e imag e cluster s ar e reinforce d i n th e interna l  representation s an d 
th e label s ca n "understand "  th e informatio n comin g fro m th e images .  I n thi s sense ,  th e interna l 
representatio n o f  th e world ,  see n a s a  principa l  componen t  o r  "centra l  tendency "  analysis ,  i s 
necessar y fo r  th e linguisti c mapping . 

The goal of this study is not to construct a realistic model of first word acquisition. Rather, 
i t  i s t o explor e i f  phenomen a relate d t o symboli c emergenc e i n infant s coul d b e "naturall y under -
stood "  i n a  Paralle l  Distribute d Processin g framework .  Th e differentiatio n proces s propose d b y 
psychologist s suc h a s Piage t  an d Werne r  durin g earl y languag e acquisitio n i s reminiscen t  o f  th e 
phenomena occurrin g i n simpl e linea r  network s usin g a n erro r  correctio n rule .  Therefore ,  th e 
origina l  ide a wa s t o stor e i n a  networ k usin g suc h a  rule ,  a  se t  o f  pattern s tha t  woul d correspon d 
t o label s an d image s an d t o observ e ho w an d understan d wh y association s betwee n thes e label s 
and pattern s coul d b e buil t  durin g learning .  Th e networ k ha d t o internaliz e th e presente d pat -
tern s i n suc h a  manne r  tha t  resultin g representation s woul d b e abl e t o reproduc e image s an d 
label s fro m image s o r  labels .  Thi s constrain t  force d a  leve l  o f  representatio n tha t  woul d 
compres s label s an d image s int o a  commo n encodin g layer .  Th e presen t  networ k ca n the n b e 
see n a s a  simpl e generi c mode l  tha t  "embodies "  thes e ver y genera l  principles .  Interestingly ,  th e 
networ k wa s abl e t o mimi c quit e a  numbe r  o f  first  wor d acquisitio n phenomen a jus t  b y usin g 
thes e fe w principles . 
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