
M o d e l i n g E m b o d i e d Lexica l  D e v e l o p m e n t 

Davi d Bailey ,  Jerom e Feldman ,  Srin i  Narayana n an d Georg e Lakof F 
{dbailey ,  jfeldman ,  snarayain ,  lakoffjOicsi.berkeley.ed u 

Internationa l  Compute r  Scienc e Institut e an d Universit y o f  California ,  Berkele y 
194 7 Cente r  Stree t  Suit e 600 ,  Berkele y C A 9470 4 U S A 

Abstrac t 

Thi s pape r  present s a n implemente d computationa l 
model  o f  lexicc d developmen t  fo r  th e cas e o f  actio n verbs . 
A simulate d agen t  i s traine d b y a n informan t  givin g 
labe b t o th e agent' s action s (her e han d motions ]  an d 
th e syste m learn s t o bot h labe l  an d carr y ou t  simila r 
actions .  Computationally ,  th e syste m employ s a  nove l 
for m o f  activ e representatio n and  i s explicitl y  intende d 
t o b e neurall y plausible .  Th e learnin g methodolog y i s a 
versio n o f  Bayesia n mode l  mergin g (Omohundro ,  1992) . 
The ver b learnin g mode l  i s  place d i n th e broade r  contex t 
of  th e L o projec t  o n embodie d natura l  languag e an d it s 
acquisition . 

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

One o f  th e centra l  question s o f  cognitiv e scienc e i s ho w 
concept s an d languag e ar e embodied .  Thi s involve s seek -
in g answer s t o th e followin g kind s o f  question s abou t 
th e brain :  H o w ca n a  neura l  syste m represen t  concepts ? 
Lear n concepts ? Organiz e concept s lexically ? Lear n lex -
ica l  items ? 

One wa y o f  makin g progres s a t  presen t  o n thes e ulti -
mat e question s i s t o as k the m o f  structure d connectionis t 
systems ,  rathe r  tha n th e physica l  neura l  system s o f  th e 
brain ,  i n th e hop e tha t  th e connectionis t  result s wil l  giv e 
us computationa l  insigh t  t o th e ho w th e brai n capture s 
concept s an d language .  Th e L q grou p a t  ICS I  an d U C 
Berkele y ha s bee n pursuin g thi s researc h strateg y fo r  al -
most  a  decad e (Feldma n e t  al. ,  1996) .  Thi s pape r  i s a n 
overvie w o f  ou r  recen t  result s an d challenges . 

Fro m ou r  perspective ,  modelin g lexica l  developmen t  i s 
an idea l  tas k fo r  studyin g embodie d cognition .  W e ca n 
isolat e linguisticall y an d conceptuall y simpl e situation s 
and construc t  an d tes t  detaile d models .  Ou r  first  majo r 
effor t  wa s th e dissertatio n wor k o f  Regie r  (1996 )  whic h 
use d a  simplifie d bu t  realisti c connectionis t  mode l  o f 
th e visua l  syste m plu s a  conventiona l  back-propagatio n 
learnin g schem e i n a  demonstratio n o f  ho w som e lexica l 
item s describin g spatia l  relation s migh t  develo p i n dif -
feren t  languages .  Sinc e language s diffe r  radicall y i n ho w 
spatia l  relation s ar e conceptualized ,  ther e wa s n o obvi -
ous se t  o f  primitiv e feature s tha t  coul d b e buil t  int o th e 
program .  Th e ke y t o Regier' s succes s cam e directl y fro m 
embodiment :  al l  peopl e hav e th e sam e visua l  syste m an d 
visua l  concept s mus t  al l  aris e fro m it s capabilities .  B y 
buildin g i n a  simpl e bu t  realisti c visua l  syste m model , 
Regie r  wa s abl e t o hav e hi s progra m lear n spatia l  term s 

fro m labele d exampl e movie s fo r  a  wid e rang e o f  lan -
guages ,  usin g simpl e back-propagatio n techniques . 

Lexica l  developmen t  i s  a n activ e field  wit h it s o w n 
method s an d results .  O n e critica l  empirica l  finding  i s 
tha t  th e child' s first  word s labe l  no t  onl y things ,  bu t  als o 
relationships ,  action s an d interna l  state s (Tomasello , 
1995) .  Onl y b y addressin g th e broade r  lexica l  acquisitio n 
proble m ca n on e appreciat e th e rol e o f  embodiment .  I n 
thi s paper ,  w e wil l  focu s o n th e learnin g o f  verb s describ -
in g simpl e han d motion s suc h a s pus h an d yank .  Bailey' s 
dissertatio n wor k include s a  computationa l  mode l  tha t 
ca n lear n t o produc e ver b label s fo r  action s an d als o 
carr y ou t  action s specifie d b y verb s tha t  i t  hci s learned. ^ 
Thi s entail s a  methodologica l  problem ;  t o mode l  a  chil d 
learnin g t o labe l  hi s o w n actions ,  th e progra m mus t  b e 
abl e t o act .  Baile y solve s thi s b y incorporatin g th e Jac k 
(Badle r  e t  al. ,  1993 )  h u m a n simulatio n syste m a s par t  o f 
hi s model . 

A shortcomin g o f  th e standar d vie w o f  lexica l  acquisi -
tio n i s tha t  i t  provide s n o accoun t  o f  ho w a  chil d learn s 
t o mak e us e o f  th e concept s sh e learn s an d th e word s 
tha t  labe l  them .  Thi s sam e weaknes s appear s a s a  tech -
nica l  consequenc e o f  usin g back-propagatio n i n Regier' s 
wor k an d i n P D F models :  eve n whe n th e networ k learn s 
perfectl y ho w t o classif y a  domain ,  i t  ha s n o mechanis m 
fo r  inferenc e o r  action .  I n ou r  ne w work ,  ther e i s a  re -
quiremen t  tha t  learnin g algorithm s produc e usabl e rep -
resentations .  Figur e 1  outline s wha t  thi s entail s fo r  Bai -
ley' s ver b learnin g system .  T h e conventiona l  concep t 
learnin g tas k i s depicte d b y th e upwar d arrows .  Afte r 
training ,  whe n th e agen t  execute s a  moto r  actio n (bot -
tom )  i t  trie s t o relat e th e feature s o f  th e actio n an d th e 
worl d stat e (middl e layer )  t o a  characterizatio n o f  wo- i 
meaning s (to p layer )  t o produc e a n appropriat e laDel . 
But  w e impos e a n additiona l  constrain t  o n th e process : 
what  i s learne d a s a  ver b meanin g mus t  als o functio n a s 
a c o m m a n d interfac e fo r  th e agen t  a s depicte d b y th e 
downwar d arrow s o f  Figur e 1 .  Fo r  example ,  i f  i t  learn s 
tha t  shov e label s pushin g action s wit h hig h acceleration , 
i t  mus t  b e abl e t o carr y ou t  a  shovin g actio n whe n asked . 
Thi s i s don e b y interpretin g a  verba l  c o m m a n d a s choos -
in g a  moto r  actio n an d it s parameter s i n accordanc e wit h 

'The project is reminiscent of Winograd's (1973) SHRDLU, 
althoug h i t  differ s i n it s focu s o n learning ,  it s  restrictio n t o 
verbs ,  an d it s attentio n t o fine r  semanti c distinctions .  Siskin d 
(1992 )  ha s considere d actio n ver b learnin g bu t  doe s no t  lever -
age interna l  stat e (e.g .  intentions ,  moto r  commands) ,  relyin g 
instea d o n visua l  feature s alone . 
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Figur e 1 :  Architectur e o f  Bailey' s ver b learnin g system . 

th e worl d state ,  an d the n usin g the m t o guid e execution . 

Levels of Representation 

T h e basi c question s o f  neura l  an d cognitiv e developmen t 
ar e receivin g increasin g attentio n fro m th e connectionis t 
perspective .  I t  i s  universall y assume d tha t  geneti c an d 
environmenta l  factor s interac t  i n elaborat e way s i n th e 
acquisitio n o f  lexica l  terms .  Althoug h ther e i s a  goo d 
deal  o f  theoreticei l  an d modelin g wor k o n th e acquisitio n 
of  syntci x (includin g th e past-tens e controversy) ,  ther e 
doe s no t  appea r  t o b e an y detaile d theor y o f  lexica l  de -
velopmen t  lik e th e on e presente d here .  W e hop e tha t  w e 
hav e m a d e som e progres s towar d supplyin g a  scientifi c 
notatio n fo r  expressin g mechanism s o f  lexica l  acquisi -
tion . 

A ny suc h formalis m need s t o bridg e th e ga p fro m em -
bodie d experienc e t o it s expressio n a s abstrac t  symbol s 
i n language .  Thi s inherentl y involve s multipl e level s o f 
description .  Regier' s wor k combine d thre e level s o f  scien -
tifi c  discourse ,  th e lowes t  o f  whic h (neural )  wa s implicit . 
For  th e mor e complicate d domain s discusse d here ,  w e 
hav e adde d a  "computational "  leve l  abov e th e connec -
tionis t  level .  Thi s i s analogou s t o Marr' s computationa l 
leve l  an d comprise s a  mixtur e o f  familia r  notion s lik e 
featur e structure s an d a  nove l  representation—executin g 
schemas .  Th e fou r  level s o f  discours e are : 

cognitive: words, concepts 

computational :  f-structs ,  x-schema s (se e below ) 
connectionist :  structure d models ,  learnin g rule s 
neural :  [stil l  implicit ] 

The intermediate representation levels provide a 
much-neede d scientifi c  languag e fo r  specifyin g propose d 
structure s an d mechanisms .  W e als o requir e tha t  inter -

mediat e representation s b e implementabl e a s computa -
tiona l  simulation s t o allo w u s t o tes t  th e consequence s 
of  ou r  hypotheses .  A  thir d requiremen t  i s tha t  th e com -
putationa l  mechanism s b e reducibl e t o structure d con -
nectionis t  model s s o th e embodimen t  ca n b e realized . 
Ther e i s als o a  fourt h requirement :  th e representationa l 
formalism s mus t  als o suppor t  computationa l  learnin g al -
gorithm s s o tha t  w e ca n perfor m experiment s o n acqui -
sition . 

Executing Schemas 

The mos t  nove l  aspec t  o f  ou r  curren t  effor t  i s  th e ex -
tensiv e us e o f  executin g schema s {x-schema s fo r  short ) 
t o represen t  actions ,  s o name d t o distinguis h the m fro m 
othe r  notion s o f  schem a an d t o remin d u s tha t  the y ar e 
intende d t o reall y execut e whe n invoked .  On e motiva -
tio n fo r  x-schema s come s fro m moto r  control .  Simpl e 
behavior s lik e graspin g involv e coordinate d movemen t 
of  a  rang e o f  muscle s i n a  stereotype d ye t  parameterize d 
manner  calle d a  synerg y (Bernstein ,  1967) .  A t  a  highe r 
level ,  moto r  contro l  involve s th e coordinatio n o f  suc h 
synergie s an d th e accompanyin g perceptio n an d control . 
Th e concep t  o f  motor-schema ,  whic h pervade s th e liter -
atur e o n moto r  control ,  i s a  flow-chart  lik e depictio n o f 
suc h activit y pattern s (e.g .  Arbi b (1987)) . 

We currentl y represen t  x-schema s usin g a  formalis m 
know n a s Petr i  net s i n compute r  scienc e (Murata ,  1989) . 
Thei r  mos t  importan t  feature s ar e clea n way s t o captur e 
concurrenc y an d event-base d asynchronou s contro l  i n ad -
ditio n t o th e standar d idea s o f  sequence ,  hierarch y an d 
parameterization .  A  Petr i  ne t  i s a  bipartit e grap h con -
tainin g place s (draw n a s circles )  an d transition s (rectan -
gles) .  Place s hol d token s an d represen t  predicate s abou t 
th e worl d stat e o r  interna l  state .  Transition s ar e th e ac -
tiv e component .  W h e n al l  o f  th e place s pointin g int o a 
transitio n contai n a n adequat e numbe r  o f  token s (usu -
all y 1 )  th e transitio n i s enable d an d m a y fire,  removin g 
it s inpu t  token s an d depositin g a  ne w se t  o f  token s i n it s 
outpu t  places .  Generally ,  a s a  sid e effec t  a  firing  transi -
tio n trigger s a n externa l  actio n (e.g .  a  moto r  synergy ) 
althoug h thi s i s optional .  Fro m thes e simpl e constructs , 
a wid e variet y o f  contro l  structure s ca n b e built . 

Th e botto m thir d o f  Figur e 2  depict s a n exampl e x -
schema fo r  slidin g a n objec t  o n a  tabletop .  Th e Slid e 
x-schem a capture s th e fac t  tha t  peopl e shap e th e han d 
whil e movin g th e ar m t o a n objec t  an d tha t  larg e an d 
smal l  object s ar e handle d differently .  I t  include s a  loo p 
tha t  continue s motio n whe n no t  ye t  a t  th e goa l  an d a 
separat e littl e schem a fo r  tightenin g th e gri p i f  sli p i s 
detected . 

Feature Structures 

To kee p thing s minimal ,  ou r  model s us e onl y on e othe r 
computationa l  mechanism—featur e structure s {f-siruct s 
fo r  short ,  draw n a  a  ro w o f  double-boxes) .  F-struct s 
ar e use d fo r  stati c knowledg e representation ,  parame -
te r  setting ,  an d binding .  The y hav e bee n chose n t o b e 
compatibl e wit h wha t  hav e bee n calle d "f-structures "  i n 
th e literatur e o n unificatio n grammars ,  an d ar e simila r 
t o well-know n A I  slot-fille r  mechanisms .  Ou r  versio n i s 
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Figur e 2 :  A n elaboratio n o f  Figur e 1  a t  th e computationa l  level ,  showin g detail s o f  th e Slid e x-schema ,  th e som e 
linkin g features ,  an d tw o verbs :  pus h (wit h tw o senses )  an d shov e (wit h on e sense) . 

simple r  i n tha t  th e structure s ar e no t  nested ,  ye t  mor e 
comple x i n tha t  th e value s ca n b e probabilistic . 

I n th e ver b learnin g mode l  a  specia l  f-struc t  calle d th e 
linkin g f-struc t  (cente r  o f  Figur e 2 )  play s a n importan t 
rol e a s th e sol e interfac e betwee n languag e an d action . 
I t  maintain s bidirectiona l  connection s t o th e x-schemas : 
an x-schem a receive s binding s fro m f-struct s an d pro -
duce s additiona l  binding s durin g it s execution .  I n thi s 
way,  action s m a y b e translate d t o an d fro m semanti c 
features .  Mor e generally ,  w e wil l  wan t  t o clai m tha t  th e 
requirement s o f  parameterizin g x-schema s ar e th e princi -
pal  determine r  o f  whic h semanti c feature s ge t  encode d i n 
a language .  Th e feature s ar e chose n wit h th e intentio n o f 
allowin g th e mode l  t o lear n th e relevan t  verb s fro m an y 
language .  On e critica l  linkin g featur e i s th e n a m e o f  th e 
x-schem a generatin g th e action .  Other s includ e moto r 
parameter s suc h a s force ,  elbo w join t  motion ,  an d han d 
posture .  Som e worl d stat e feature s ar e als o relevan t  suc h 
as objec t  shape . 

Verb Representation 

Each sense of a verb is represented in the model by an 
f-struc t  whos e value s fo r  eac h featur e ar e probabilit y  dis -
tributions .  Feature s ar e presume d independen t  an d th e 
representatio n i s conjunctiv e o r  gestalt-lik e i n nature . 
Wit h thi s schem e i t  i s necessar y t o allo w multipl e sense s 
fo r  eac h verb ,  sinc e capturin g th e meanin g i n a  singl e 
sens e woul d i n som e case s requir e overl y broa d distri -

bution s whic h obscur e detail s neede d t o carr y ou t  th e 
correspondin g action . 

Th e wor d sens e representatio n i s compatibl e wit h 
Rosch' s (1977 )  prototyp e theor y o f  categorizatio n an d 
stand s i n contras t  t o th e necessar y an d sufficien t  con -
dition s structur e foun d i n logica l  formalisms .  I t  ha s a 
centra l  cas e whic h yield s th e highes t  respons e bu t  als o 
give s a  grade d respons e whe n som e featur e value s diffe r 
fro m th e centra l  case . 

Th e to p thir d o f  Figur e 2  show s severa l  wor d sense s 
fo r  th e verb s pus h an d shove .  Th e uppe r  lef t  ellips e give s 
f-struct s fo r  tw o sense s o f  push .  Th e to p sens e i s a  han d 
motio n tha t  invoke s th e Slid e x-schema .  I t  als o code s 
somewhat  fo r  open-pal m han d postur e an d code s mor e 
strongl y fo r  elbo w join t  extension .  Th e botto m sens e 
correspond s t o depressin g a  butto n wit h one' s finger  an d 
invoke s a  differen t  x-schem a no t  illustrate d here .  Th e 
ellips e o n th e uppe r  righ t  show s tha t  shov e als o code s 
fo r  th e Slid e x-schem a bu t  specifie s hig h acceleration . 

I n executio n mode ,  a  verba l  c o m m a n d i s interprete d 
by choosin g th e sens e whic h bes t  matche s th e curren t 
worl d state .  Thi s sens e i n tur n i s use d t o se t  th e linkin g 
f-struct ,  thu s determinin g whic h x-schem a i s t o execut e 
an d wit h wha t  parameters .  Fo r  example ,  shov e speci -
fies  bot h a  Slid e x-schem a an d hig h acceleration ,  bu t 
th e actua l  amoun t  o f  forc e require d depend s (a t  least ) 
on th e weigh t  o f  th e objec t  involve d an d tha t  i s no t 
specifie d i n th e utterance .  Ou r  mode l  ha s a  additiona l 
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f-slruct—th e world-stat e f-struct—tha t  encode s thing s 
lik e weight s an d position s o f  objects . 

Learning 

Recall that the central question of our work is lexical 
development :  ho w childre n lear n t o labe l  wha t  the y ex -
perience .  Fo r  th e ver b learnin g tas k w e assum e tha t  th e 
chil d ha s alread y acquire d variou s x-schema s fo r  th e ac -
tion s o f  on e han d manipulatin g a n objec t  o n a  table .  W e 
furthe r  assum e tha t  th e agen t  hear s a n informan t  label -
in g action s tha t  th e agen t  i s performing .  A s i n Regier' s 
work ,  w e avoi d som e har d but ,  w e feel ,  separabl e prob -
lem s b y assumin g tha t  th e informan t  supplie s jus t  th e 
verb .  Th e learnin g mechanis m assume s tha t  th e infor -
mant  wil l  usuall y provid e a t  leas t  partiall y  appropriat e 
labels .  Th e proble m face d b y th e mode l  (an d th e child ) 
i s  t o lear n ho w th e verb s relat e t o it s action s an d goals . 

Severa l  principle s fro m th e literatur e ar e incorporate d 
int o th e learnin g model .  O n e suc h principl e i s children' s 
tendenc y t o lear n actio n verb s correspondin g t o thei r 
o wn action s befor e extendin g th e meaning s t o others ' 
action s (Huttenloche r  e t  al. ,  1983)—thu s th e focu s o n 
moto r  schemas .  Anothe r  principl e i s tha t  learnin g oc -
cur s withou t  explici t  negativ e evidence .  Third ,  th e prin -
cipl e o f  fas t  mappin g (Carey ,  1978 )  note s tha t  childre n 
ofte n lear n t o us e a  wor d sensibl y afte r  a s littl e a s on e 
observatio n o f  it s  use . 

Our  solutio n relie s o n th e intimat e relatio n betwee n x -
schema s an d th e passiv e linkin g f-struct .  Sinc e x-schem a 
execution s ca n b e translate d int o f-struct s an d vic e versa , 
th e action-labelin g tas k i s reduce d t o manageabl e pro -
portions .  Th e syste m need s onl y t o correlat e informan t 
labelin g wit h set s o f  featur e bindings .  Thi s involve s de -
terminin g (1 )  th e correc t  numbe r  o f  sense s fo r  eac h verb ; 
(2 )  th e relevan t  feature s i n eac h sense ;  an d (3 )  th e prob -
abilit y  distribution s o n eac h include d feature .  Ther e ar e 
m a ny way s o f  doin g thi s i n th e computationa l  learnin g 
literature .  O n e wa y tha t  won' t  suffic e i s th e standar d 
back-propagatio n use d b y Regie r  an d th e P D P model -
ers ,  sinc e w e requir e tha t  th e learnin g techniqu e produc e 
invertibl e solutions . 

Our  curren t  experiment s us e a  versio n o f  Bayesia n 
model-mergtn g (Omohundro ,  1992) .  A s applie d t o th e 
ver b learnin g task ,  mode l  mergin g proceed s b y first  as -
sumin g tha t  eac h executio n exampl e i s a  separat e wor d 
sens e (o r  model )  an d the n mergin g sense s (models )  whe n 
thi s provide s a  "better "  descriptio n o f  th e trainin g set . 
"Better "  i s  formalize d i n a  Bayesia n framework :  W e ai m 
t o maiximiz e th e posterio r  probabilit y  P { L \  T )  wher e 
wher e L  i s th e lexicon—o r  collectio n o f  wor d senses—an d 
T i s th e trainin g set .  Thi s i s accomplishe d b y applyin g 
Bayes '  L a w t o yiel d P { L ) P { T \  L )  an d maximizin g thi s 
product .  Th e first  term ,  P { L ) ,  i s  a  prio r  whic h assign s 
highe r  probabilit y  t o preferre d (usuall y mor e compact ) 
lexicons ;  i n ou r  cas e w e us e a  prio r  whic h i s a n exponen -
tiall y  decreasin g functio n o f  th e tota l  numbe r  o f  wor d 
senses .  T h e secon d term ,  P ( T \  L ) ,  i s  th e likelihoo d 
an d assign s highe r  probabilit y  t o lexicon s whic h woul d 
be mor e likel y t o generat e th e trainin g data . 

As stated ,  th e model-mergin g algorith m collect s al l 

trainin g dat a befor e performin g it s serie s o f  merges . 
However  i t  i s  eas y t o conver t  th e algorith m t o wor k on -
line—tha t  is ,  t o develo p an d refin e th e lexico n a s train -
in g example s arrive .  I n thi s cas e th e algorith m perform s 
th e merg e phas e ever y tim e k  ne w example s hav e accu -
mulated .  O n e ca n se t  ̂  =  1  bu t  sinc e model-mergin g i s 
a greed y algorith m performanc e ca n ofte n b e improve d 
by settin g k  t o aroun d 10 . 

A simplifie d versio n o f  th e algorith m fo r  handlin g eac h 
ne w trainin g exampl e follows : 

incorporat e example(f-struc t  / ,  ver b v ,  lexico n L ) 
creat e ne w sens e fo r  /  an d ad d i t  t o L 
w h en { k suc h sense s hav e bee n created )  loop : 

S\ ,  S 2 * — bes t  candidat e merg e 
[mos t  simila r  pai r  o f  sense s o f  v  i n L ] 

old.pos t  < — comput e L' s posterio r 
replac e s i  an d s j  i n L  wit h merge(si ,  S2 ) 

[whic h sum s count s o n al l  featur e values ] 
new-pos t  « — comput e L' s posterio r 
i f  (new-pos t  <  old.post )  the n terminat e loo p 

endloo p 
en d 

Not e tha t  th e mergin g ste p inevitabl y lead s t o a  mor e 
compac t  lexicon ,  bu t  lower s th e likelihoo d o f  th e train -
in g set .  W e sto p whe n th e combine d effec t  i s  detrimen -
tal .  Thi s algorith m ha s tw o ke y advantages .  Firs t  th e 
prio r  functio n P{L )  i s a n exphcit ,  tunabl e mechanis m 
fo r  strikin g a  balanc e betwee n generatin g to o many ,  ver y 
specifi c  sense s o f  a  word ,  an d generatin g to o few ,  exces -
sivel y genera l  senses .  Second ,  th e onlin e versio n pro -
duce s sensibl e result s emerg e afte r  jus t  on e trainin g ex -
ample ,  unlik e back-propagatio n styl e algorithms . 

Figur e 3  give s a  graphica l  overvie w o f  a n idealize d 
learnin g ru n b y th e syste m wit h k  =  \ .  Show n i n th e lef t 
colum n ar e linkin g f-struct s summarizin g fou r  successiv e 
exampl e execution s tha t  hav e bee n labele d pus h b y th e 
teacher .  Afte r  th e first  trainin g example ,  th e syste m 
assume s tha t  th e wor d pus h label s jus t  tha t  example , 
involvin g a  SLID E wit h th e elbo w join t  undergoin g ex -
tension ,  a  palma r  postur e an d a n acceleratio n leve l  o f 
abou t  6  ou t  o f  10 .  A  secon d us e o f  th e sam e wor d t o 
labe l  a  simila r  actio n result s i n th e syste m broadenin g 
th e rang e o f  acceleration s i t  believe s ca n b e denote d a s 
a push .  Th e thir d exampl e i s quit e differen t  an d migh t 
aris e fro m pushin g a  doorbel l  o r  keypad .  Th e M D L -
lik e evaluatio n functio n i n th e mode l  mergin g algorith m 
prefer s a  secon d wor d sens e t o widenin g al l  th e slot s o f 
it s  existin g model .  I t  ha s no w learne d approximatel y th e 
tw o differen t  sense s o f  pus h show n i n th e uppe r  lef t  el -
lips e i n Figur e 2 .  Th e final  exampl e mos t  closel y matche s 
th e first  sens e an d merge s wit h it .  Becaus e thi s exampl e 
use d a  differen t  posture ,  th e postur e slo t  i s  broadene d t o 
allo w bot h possibilitie s wit h probabilitie s approximatin g 
th e frequencie s observed .  Also ,  becaus e th e acceleratio n 
i n thi s exampl e wa s s o low ,  th e algorith m conclude s tha t 
acceleratio n isn' t  criteria l  fo r  thi s verb . 

Of  course ,  thi s i s al l  jus t  a  cartoo n versio n o f  a  com -
ple x system' s operation ,  bu t  i t  shoul d conve y th e flavor 
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Figur e 3 :  Illustratio n o f  mode l  mergin g fo r  learnin g th e ver b push . 

of  th e mechanisms .  Ful l  trainin g result s canno t  b e re -
porte d i n thi s space ;  instead ,  w e briefl y revie w a  trainin g 
ru n o n a  simplifie d versio n o f  th e model .  Fift y rando m 
execution s o f  Slid e wer e generate d an d labele d a s push , 
pul l  an d slid e (fo r  sideway s motions) .  Hal f  wer e chose n 
as a  trainin g set .  Th e mergin g algorith m collapse d th e 
12 instance s o f  pus h int o a  singl e sense ,  an d di d likewis e 
fo r  th e 9  instance s o f  pull .  Howeve r  th e 4  instance s o f 
slid e wer e collapse d dow n t o tw o senses ;  th e us e o f  Gaus -
sian s fo r  th e directio n feature' s probabilit y  distributio n 
prevente d mergin g o f  th e leftward -  an d rightward-motio n 
instance s sinc e th e directio n featur e woul d becom e over -
generalized .  Th e resultin g lexico n correctl y recognize d 
22 ou t  o f  2 5 similarl y generate d tes t  cases .  Al l  3  error s 
involve d mislabelin g slide s a s pushe s whe n th e directio n 
was betwee n th e prototypica l  value s fo r  th e tw o verbs ; 
pus h wa s chose n du e t o it s greate r  frequenc y i n th e train -
in g set .  Al l  thre e verb s wer e execute d correctl y i n severa l 
randoml y generate d initia l  worl d configuration s involv -
in g varie d han d postures ,  han d position s an d objec t  po -
sitions . 

W h en trainin g wit h a  se t  o f  5  x-schema s lik e Slide , 
pus h converge d o n tw o senses ,  on e fo r  Slide s wit h ex -
tendin g elbo w an d anothe r  fo r  DEPRESSin g wit h th e in -
dex finger.  Pul l  convgerge d o n a  singl e sens e encodin g 
Slide s wit h flexing  elbo w an d mediu m force ,  yan k wa s 
simila r  bu t  encode d hig h forc e an d additionall y it s ex -
ample s involve d th e "grasp "  postur e ofte n enoug h t o b e 
include d i n th e wor d sense . 

The model' s algorithm s involv e a  numbe r  o f  tunabl e 
parameters .  Th e mos t  sensitiv e o f  thes e ha s bee n th e 
paramete r  fo r  decidin g whe n a  wor d sense' s probabilisti c 
featur e valu e i s  "peaked "  enoug h t o justif y usin g th e 
featur e durin g schem a execution . 

Connectionist Implementation 

We hav e describe d th e mode l  a t  th e computationa l  leve l 
but  a s state d earlie r  w e ar e committe d t o connectionis t 

reducibilit y fo r  importan t  part s o f  th e model ,  namel y 
x-schema s an d th e model-mergin g algorithm . 

Sinc e Petr i  net s involv e onl y loca l  control ,  x-schema s 
coul d b e straightforwardl y modele d usin g connectionis t 
unit s t o represen t  place s an d transitions—i f  i t  weren' t 
fo r  th e complicatio n o f  passin g parameters .  A  solutio n t o 
thi s proble m ha s bee n develope d (Granne s e t  al. ,  1997) 
usin g a  tempora l  synchron y approac h t o binding .  Foca l 
clusters ,  whic h i n th e SHRUTI  reasonin g syste m represen t 
assertion s an d querie s o f  predicate s plu s thei r  arguments , 
ar e extende d t o trigge r  an d coordinat e primitiv e syner -
gie s plu s thei r  parameters . 

A connectionis t  accoun t  o f  th e model-mergin g algo -
rith m ha s bee n sketche d i n th e framewor k o f  recruit -
ment  learnin g (Feldman ,  1982) .  Binde r  node s represen t 
th e conjunctio n o f  lexica l  item ,  moto r  parameter s an d 
worl d stat e feature s whic h mak e u p a  wor d sense .  Thes e 
compet e t o explai n ne w trainin g examples ,  an d whe n a 
clos e matc h i s found ,  th e winnin g bindin g nod e i s slightl y 
modifie d t o accoun t  fo r  th e feature s o f  th e trainin g ex -
ampl e (effectivel y mergin g th e ne w exampl e int o th e ex -
istin g sense) .  Howeve r  i f  n o clea r  winne r  i s found ,  a  ne w 
binde r  uni t  i s recruite d t o represen t  th e ne w trainin g ex -
ampl e (effectivel y creatin g a  ne w sense) .  Thi s accoun t 
applie s onl y t o th e onlin e versio n o f  model-merging . 

Discussion 

Bailey' s mode l  o f  lexica l  development  o f  actio n verb s of -
fer s severa l  advantages .  Th e bidirectiona l  mappin g be -
twee n wor d sense s an d x-schema s allow s th e mode l  t o no t 
onl y recogniz e bu t  als o carr y ou t  th e verb s i t  ha s learned . 
Thi s bidirectionalit y i s accomplishe d b y th e intermedi -
ar y linkin g f-struc t  whic h confer s tw o benefits :  (1 )  Hard -
wirin g relevan t  feature s (a s oppose d t o allowin g hidde n 
unit s  t o evolv e nove l  features )  facilitate s translatio n fro m 
verb s bac k t o a  se t  o f  features .  (2 )  Usin g a  restricted , 
parameterize d formalis m fo r  x-schema s facilitate s trans -
latin g linkin g feature s t o an d fro m a n executin g schem a 
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(bridgin g th e declarative-procedura l  gap) . 
The us e o f  conjunctiv e probabilisti c  featur e structure s 

t o represen t  wor d sense s i s compatibl e wit h th e notio n 
of  gestal t  perceptio n an d prototyp e theory .  Th e mode l 
als o offer s a n accoun t  o f  pragmatics :  ver b representatio n 
i s simplifie d b y th e fac t  tha t  man y contex t  dependencie s 
wil l  b e handle d durin g schem a execution .  Th e learn -
in g edgorith m operate s withou t  negativ e evidenc e an d 
exhibit s fas t  mapping .  I t  als o provide s a n explanatio n 
fo r  children' s abilit y  t o lear n typologica l  pattern s suc h 
as verbs '  tendenc y t o encod e manne r  (English )  vs .  pat h 
(Korean) ,  althoug h thi s featur e i s no t  discusse d here . 

Yet ,  th e mode l  ha s severa l  shortcomings .  I t  offer s n o 
accoun t  o f  th e radia l  categor y structur e connectin g wor d 
sense s (Lakoff ,  1987) .  No r  doe s i t  explai n ho w x-schema s 
migh t  interac t  wit h imag e schema s suc h a s Regier' s t o 
model  phrase s lik e pus h through .  A n accoun t  o f  x-schem a 
learnin g an d ho w i t  relate s t o lexica l  learnin g woul d als o 
be desirable . 

Abstract Concepts and Words 

Of  course ,  th e whol e progra m o f  directl y embodie d 
meanin g onl y applie s t o a  limite d rang e o f  concret e con -
cept s an d lexica l  items .  Cognitiv e linguist s i n genera l 
and Lakof f  (1987 )  i n particula r  believ e tha t  abstrac t  con -
cept s ultimatel y deriv e thei r  meanin g fro m mapping s t o 
th e directl y embodie d one s an d hav e studie d thes e map -
ping s fo r  man y years .  Par t  o f  ou r  curren t  effor t  i s  t o 
appl y th e computationa l  technique s describe d abov e t o 
model  ho w suc h mapping s migh t  occur . 

The ke y computationa l  mechanisms ,  x-schema s an d 
bindin g f-structs ,  als o ar e a t  th e cor e o f  ou r  abstrac t 
concep t  story .  Narayana n (1997 )  describe s a n imple -
mente d progra m tha t  demonstrate s throug h simulatio n 
ho w a n x-schem a structur e whic h i s a  controlle r  abstrac -
tio n ove r  multipl e moto r  action s i s abl e t o offe r  som e 
answer s t o wel l  know n problem s i n modelin g th e seman -
tic s o f  verba l  aspect .  Anothe r  projec t  involve s a  mode l 
whic h interpret s certai n abstrac t  concept s using ,  inte r 
alia ,  metaphorica l  mapping s t o concret e sourc e domains . 
We imagin e ou r  mode l  t o b e readin g new s storie s abou t 
internationa l  economic s an d politic s an d tryin g t o under -
stan d them .  W e tes t  understandin g b y examinin g bind -
ing s i n variou s f-struct s afte r  processin g th e story .  W e 
ar e currentl y validatin g ou r  mode l  b y modelin g exam -
ple s fro m a  databas e o f  abou t  3 0 simpl e (2- 3 sentence ) 
newspape r  stories .  A  critica l  tes t  i s  th e system' s abilit y 
t o understan d storie s tha t  appea r  afte r  th e validatio n i s 
complete .  Thi s wor k i s summarize d i n Narayana n (1996 ) 
and wil l  b e describe d mor e full y i n hi s 199 7 dissertation . 
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