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Learnin g L a n g u a g e vi a Perceptual/Moto r  Experience s 

Michae l  G .  Dye r 
3532 Boclie r  Hall . 

Computer  Scienc e Dcparimem , 
Universit y o f  Californi a 

Los Angeles .  C A 9002 4 

E-mail :  Dycr@cs.ucla.ed u 

Abstract 

We postulate that early childhood language semantics 
i s "grounded "  i n perceptual/moto r  experiences .  Th e 
D E TE mode l  ha s bee n constructe d t o explor e thi s 
hypothesis .  Durin g learning ,  DETE' s inpu t  consist s 
of  simulate d verbal ,  visua l  an d moto r  sequences . 
Afte r  learning ,  D E T E demonstrate s it s  languag e 
understandin g vi a tw o tasks :  (a )  Verbal-to -
visual/moio r  associatio n - -  give n a  verba l  sequence , 
D E TE generate s th e visual/moto r  sequenc e bein g 
described ,  (b )  Visuallmotor-io-verba l  associatio n - -
give n a  visual/moto r  sequence ,  D E T E generate s a 
verba l  sequenc e describin g th e visual/moto r  input . 
DETE' s learnin g abilitie s resul t  fro m a  nove l  neura l 
networ k module ,  calle d katami c memory .  D E T E i s 
implemente d a s a  large-scale ,  parallel ,  neural / 
procedura l  hybri d architecture ,  wit h ove r  1  millio n 
virtua l  processor s executin g o n a  16 K processo r  C M -

2 Connectio n Machine. * 

Language Learning in the Blobs World 

Tas k Domai n 

We postulate that early childhood language semantics 
i s "grounded "  i n perceptual/moto r  experiences . 
Whil e observin g an d interactin g i n th e world ,  eac h 
chil d attend s simultaneousl y t o th e utterance s o f 
caregiver s and ,  ove r  time ,  learn s t o extrac t  thei r 
structure s an d meanings .  Thi s acquisitio n proces s 
occur s successfully ,  i n spit e o f  wide-rangin g 
difference s amon g languages . 

Her e w e describ e D E T E (Nenov .  1991 ;  Neno v 
and Dyer ,  1992) ,  a  syste m constructe d t o explor e 
aspect s o f  thi s languag e groundin g problem .  D E T E 

Thi s researc h wa s supporte d i n par t  b y a n 
interdisciplinar y researc h gran t  fro m th e W .  M .  Kec k 
Foundatio n t o th e first  author .  Th e C M - 2 Connectio n 
Machine ,  o n whic h th e mode l  i s implemented ,  wa s 
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is a massively parallel, procedural/neural hybrid 
model  tha t  consist s o f  ove r  1  millio n virtua l 
processors ,  executin g o n a  16 K processo r  C M - 2 
Connectio n Machine .  Interfac e module s (i.e .  tha t 
m ap simulate d visual/verba l  inpu t  t o learning / 
memory subsystems )  ar e parallel ,  array-processin g 
procedures ,  whil e cor e memor y module s themselve s 
ar e modele d a s highl y structure d neura l  network s 
(terme d "katamic "  memories )  compose d o f  nove l 
neura l  elements . 

D E TE receive s al l  visual/moto r  inpu t  vi a a 
simulate d Visua l  Scree n (VS) ,  consistin g o f  6 4 x  6 4 
(i.e .  4096 )  "pixels" .  O n thi s scree n ther e appear s a 
sequenc e o f  scenes .  Eac h scen e contain s 1  t o 5  blob s 
-  i.e. ,  mono-colored ,  homogeneou s (an d somewha t 
noisy )  2- D shapes ,  suc h a s circles ,  squares ,  an d 
triangles .  D E T E ha s a  single ,  circula r  retin a (EYE ) 
throug h whic h i t  see s a  give n portio n o f  th e V S a t  an y 
give n time .  D E T E ca n als o mov e a  F INGE R ico n o n 
th e V S i n orde r  t o touc h o r  pus h a  blob . 

Sequence s o f  V S frame s simulat e bot h movin g 
and stationar y blob s o f  differen t  sizes ,  shapes ,  colors , 
locations ,  speed s an d direction s o f  motion .  A t  th e 
same time ,  D E T E ma y receiv e sequence s o f 
commands tha t  mov e it s  F I N G E R an d E Y E (an d 
zoo m E Y E in/out) .  DETE' s learnin g tas k i s t o 
associat e sensory/moto r  sequence s wit h concurren t 
verba l  sequence s tha t  describ e th e visua l  input . 
D E TE the n demonstrate s it s comprehension ,  vi a tw o 
performanc e tasks :  (1 )  Verbal-to-lvisual/motor l 
associatio n -  Give n onl y verba l  input ,  D E T E mus t 
generat e (i.e .  "imagine" )  a  correspondin g visual / 
moto r  sequenc e an d (2 )  [Visuallmotor]-to-verba l 
associatio n -  Give n onl y visual/moto r  input ,  D E T E 
must  generat e a  verba l  sequenc e describin g wha t  i t 
sees .  Figur e 1  show s D E T E generatin g image s (i n it s 
"Mind' s Eye" )  whe n give n onl y verba l  input .  A s 
D E TE receive s verba l  input ,  i t  generate s 
correspondin g visua l  "images "  (i.e. ,  interna l 
representation s i n neura l  memory ,  tha t  ar e the n 
interprete d t o produc e th e image s i n Figur e 1) . 

D E TE i s  designe d s o i t  ca n lear n differen t 
languag e subsets .  T o demonstrat e thi s ability ,  D E T E 
was traine d o n tw o simplifie d subset s o f  English : 
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Figur e 1 :  Performanc e o f  Verbal-to-visua l  associatio n 
(afte r  languag e learnin g phase) .  Here ,  "red "  induce s 
a blo b wit h a  re d color ;  "triangle "  specifie s shape ; 
"moves "  activate s th e representatio n o f  motio n wit h 
most  c o m m o n (default )  spee d an d direction ,  fvlotio n i s 
s h o w n her e schematicall y b y a n arro w (whic h d o e s 
not  actuall y appea r  o n th e V S ) .  "up "  furthe r  specifie s 
mot io n directio n whi l e "hits "  i n d u c e s th e 
representatio n o f  anothe r  blo b locate d o n th e motio n 
pat h o f  th e triangle .  T h e word s "blue" ,  "circle "  furthe r 
refin e thi s blob .  Finally ,  "bounces "  induce s a n abrup t 
chang e o f  motio n directio n o f  th e triangula r  blo b 
(indicate d schematicall y b y arro w pointin g d o w n ) . 

F I R L A N an d S E C L A N.  Thes e diffe r  in :  (a )  Synta x 
-  fo r  example ,  i n F I R L A N ,  blo b locatio n an d 
motio n descriptor s occu r  afte r  blo b shape ,  whil e i n 
S E C L AN th e orde r  i s reversed ,  (b )  Semantic s -
thes e languag e subset s hav e differen t  vocabularie s 
and descriptiv e categorization s o f  th e perceptua l 
world .  Fo r  example ,  S E C L A N onl y distinguishe s 
positio n i n term s o f  eithe r  "in_middle "  o r 
"on_periphery '  whil e F I R L A N include s term s suc h 
as "left_of/right_oF' ,  "above/below" ,  an d "near/far" . 

D E TE ha s als o bee n taugh t  noun/adjectiv e gende r 
agreemen t  fo r  a  small ,  restricte d subse t  o f  Spanis h 
(e.g .  "pelot a roja "  [bal l  redjj . 

Representation of Visual/Motor Input 

All visual/motor input is mapped (by interface 
routines )  t o region s o f  activ e neuron s ove r  a  se t  o f 
Featur e Plane s (FPs) .  Th e 5  visua l  FP s are :  Shap e 
(SFP) ,  siZ e (ZFP) ,  Colo r  (CFP) ,  Locatio n (LFP )  an d 
Motio n (MFP) .  Eac h F P i s compose d o f  a  2- D arra y 
of  1 6 X  1 6 (256 )  neurons .  Differen t  activ e region s 
represen t  differen t  value s fo r  tha t  feature .  A n activ e 
neuro n i s on e tha t  oscillates ,  i.e .  i t  fires  periodicall y 
(wit h outpu t  1 )  an d i s silen t  th e res t  o f  th e lim e 
(outpu t  0) .  FP s hav e raster-linea r  o r  topographi c 
layouts .  Th e L F P an d M F P hav e topographi c layouts . 

I f  a  blo b i s i n th e lowe r  righ t  come r  o f  th e V S ,  the n 
it s positio n i s represente d b y a  regio n o f  activ e 
neuron s i n th e lowe r  righ t  come r  o f  th e LFP .  O n th e 
M F P,  th e spee d o f  a  blo b i s represente d b y distanc e 
fro m th e center ,  wit h stationar y object s a t  th e cente r 
an d mor e rapidl y movin g object s towar d th e 
periphery .  Ther e ar e als o FP s fo r  F I N G E R an d E Y E 
dynamics .  Figur e 2  illustrate s ho w th e motion s o f  4 
differen t  blob s o n th e V S ar e mappe d ont o th e 
Motio n Featur e Plan e (MFP) . 

Motivation for Feature Planes 

Feature Planes (FPs) are used as representational 
construct s fo r  thre e reasons :  (1 )  Neuropsychologica l 
an d Neurophysiologica l  Support :  FP s correspon d 
roughl y t o k n o w n neurophysiologica l  an d 
neuropsychologica l  studie s (Kande l  an d Schwartz , 
1985 )  indicatin g bot h topographi c mapping s an d tha t 
shape ,  position ,  etc .  ar e processe d i n differen t  region s 
of  th e brai n an d the n reintegrated .  (2 )  Spatia l 
Representat iona l  A n a l o g :  T o p o g r a p h i c layout s 
suppl y simplified ,  ye t  direc t  analog s fo r  spatia l 
features ,  an d thu s m a k e representin g spac e a n d 
mot io n easier .  Fo r  examp le ,  a  w o r d lik e " m o v e s "  ca n 
b e represente d b y activit y a n y w h e r e a w a y f ro m th e 
cente r  o f  th e M F P whil e direction s o f  mot io n terme d 
"diagonal "  ca n b e represente d s impl y b y activit y 
a n y w h e r e i n th e diagona l  region s o f  th e M F P .  F P s 
als o suppor t  smoo t h generalization .  I f  a n objec t  nea r 
th e cente r  o f  th e M F P i s m o v i n g slowl y the n object s 
m a p p ed nea r  t o i t  wil l  ten d t o b e m o v i n g a t  abou t  th e 
s a me speed/direction .  (3 )  Combina to r ia l  Learn in g 
a n d Generalizatio n Capability :  B l o b relationship s 
a n d mot ion s ca n b e represente d a s a  patter n o f 
activit y distribute d ove r  al l  F P s a s the y c h a n g e 
sequentiall y i n t ime .  F o r  e x a m p l e ,  th e w o r d 
"accelerate "  ca n b e represente d an d learne d a s a 
sequenc e o f  activations ,  goin g f ro m th e M F P ' s cente r 
towar d it s  periphery .  I ndependenc e o f  F P s als o 
support s i m m e d i a t e general izatio n t o n o v e l 
combination s o f  k n o w n words . 

Binding Features and Selective Attention 

DETE can have up to 5 blobs on the Visual Screen 
( V S )  a t  th e s a m e lime .  Multipl e blob s create s a 
"visua l  bindin g p rob lem "  w h e n ther e ar e separat e 
featur e planes .  T o avoi d cross-talk ,  region s o f 
activit y (representin g th e s a m e blob )  m u s t  b e "bound " 
acros s al l  featur e planes .  T h e solutio n use d i n D E T E 
i s on e suggeste d i n th e neuroscientifi c  literatur e (vo n 
de r  Malsbur g an d Singer ,  1988) ;  name ly ,  tha t  neuron s 
behav e a s oscillator s an d tha t  neuron s b e b o u n d i n th e 
tempora l  d imens io n b y oscillatin g i n p h a s e .  Al l 
neuron s i n D E T E oscillat e a t  th e s a m e frequency ; 
however ,  neurona l  oscillauon s ca n b e shifte d i n 
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Figur e 2 :  Motio n Featur e Plan e ( M F P ) .  Simultaneou s 
representatio n o f  th e motion s o f  fou r  differen t  object s 
o n th e Mot io n Featur e Plane .  The r e ar e tw o 
stationar y blob s an d anothe r  blo b movin g slowl y t o th e 
left .  T h e fourt h blo b i s movin g quickl y i n a  North-Eas t 
direction .  T h e arrow s d o no t  appea r  o n th e V S bu t 
ar e use d her e simpl y t o indicat e th e direction/spee d o f 
mot io n o f  blob s a s thei r  position s c h a n g e ove r 
successiv e input s o n th e V S .  Illustrate d als o ar e 2 
distinc t  motion-to-verba l  mapp ing s D E T E ha s learne d 
(i n separat e experiments) :  (1 )  I n F I R L A N (i.e .  word s 
immediatel y surroundin g th e M F P ) ,  th e stationar y 
object s ar e describe d a s "still "  an d th e large r  triangl e 
a s mov in g ias t  North-East "  (2 )  I n S E C L A N (word s 
s h o w n i n b o l d ) ,  th e smal l  squar e an d triangl e ar e 
describe d a s "stationary "  whil e th e larg e triangl e an d 
circl e ar e simpl y describe d a s "moves" .  T h u s , 
S E C L AN d o e s no t  discriminat e a m o n g differen t 
speed s o r  direction s o f  m o v e m e n t . 

phase .  Fo r  examp le ,  i f  ther e ar e 3  blob s o n th e retin a 
at  th e s a m e time ,  ther e wil l  b e thre e distinc t  phase s 
acros s al l  featur e plane s (i.e .  on e fo r  eac h blob) .  I n 
orde r  fo r  D E T E t o atten d t o on e o f  thes e objects , 
ther e i s a  nee d fo r  a  m e c h a n i s m tha t  wil l  focu s 
attentio n o n it .  D E T E ha s a  (non-neural )  Selectiv e 
Attention  Mechan is m ( S A M ) ,  whic h (a )  assign s 
distinc t  phase s t o eac h blo b o n th e V S an d (b )  make s 
any blo b tha t  i s a t  th e cente r  o f  th e E Y E b e i n th e 
focu s o f  attention .  D E T E i s designe d s o tha t  onl y 
thos e neuron s oscillatin g i n phas e wit h th e curren t 
focus-of-attentio n phas e ca n b e updated .  Thus , 
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Figur e 3 :  Gra-phonemi c encodin g o f  "re d ball" .  Fo r 
simplicity ,  eac h gra-phonem e i s show n a s onl y on e 
64-bi t  wid e pattern .  I n DETE ,  eac h gra-phonem e i s 
actuall y presente d (o r  5  B-cycle s (basi c cycl e o f 
neura l  updating/firing) ,  an d s o appear s a s a  sequenc e 
of  5  suc h patterns .  Pause s betwee n word s consis t  o f 
5 B-cycie s o f  zer o pattern s (4t h patter n here) . 

DETE learns about the retina-centered blob. 
However ,  th e sam e learnin g mechanis m allow s 
D E TE t o lear n als o abou t  retina-periphera l  blobs , 
whic h provide s a  visua l  context . 

Representation of Verbal Input/Output 

Verbal input to DETE consists of a sequence of gra-
p h o n e m e s whic h encod e bot h orthographi c an d 
phonemi c information .  Ther e ar e 2 6 differen t  gra -
phonemes ,  on e fo r  eac h lette r  (i.e .  grapheme )  i n th e 
Englis h alphabet .  Th e one-to-on e correspondenc e 
betwee n letter s an d gra-phoneme s allow s D E T E t o 
proces s textua l  input .  Eac h gra-phonem e i s 
represente d a s a  patter n o f  activ e neuron s ove r  a  ban k 
of  6 4 "verbal '  neurons .  Eac h patter n encode s th e 
frequencie s (i n Hz )  o f  th e first  thre e formani s (Fl ,  F2 , 
F3) .  Eac h locatio n (loc )  i n th e verba l  ban k represent s 
a soun d frequenc y windo w o f  4 0 Hz ,  rangin g fro m 
27 0 H z (lo c 1 )  t o 279 0 H z (lo c 64) .  Fo r  instance ,  i f 
th e loc- 1 neuro n fires,  the n i t  represent s a  gra -
phoneme whos e first  forman t  ha s a n averag e 
frequenc y i n th e rang e o f  27 0 t o 31 0 Hz .  Figur e 3 
shows ho w a  2-wor d sequenc e i s represented . 

Althoug h gra-phoneme s lac k man y feature s o f  rea l 
phonemes (e.g .  varyin g duration ,  distinc t  onse t  vs . 
termination )  the y allo w D E T E t o proces s th e interna l 
structur e o f  words ,  suc h a s inflection s o n verbs ,  an d 
prefixes/suffixe s o n adjective s an d adverb s (e.g . 
gende r  agreemen t  i n Spanish) . 

Katamic Memory 

To handle dynamic tasks (such as language, vision 
an d mot ion) ,  i t  i s  importan t  t o b e abl e t o learn ,  recall . 
an d recogniz e sequences .  Als o o f  importanc e ar e th e 
abilitie s to :  (a )  cluste r  relate d sequences ,  (b ) 
generaliz e t o nove l  (ye t  similar )  sequences ,  an d (c ) 
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Figur e 4 :  Ka tam i c M e m o r y wit h 4  predictron s (P) . 
(versu s 6 4 i n verba l  m e m o r y an d 2 5 6 i n e a c h visua l 
memory modul e i n D E T E model) .  Onl y 6  DCPs 
(vertica l  ovals )  ar e show n (versu s 12 8 i n D E T E 
model) .  Associate d wit h eac h predictro n i s a 
recognitro n (R )  tha t  sample s it s ow n pred-ictron' s 
outpu t  an d tha t  o f  neighbors .  Eac h predictron' s outpu t 
i s passe d throug h it s recognitron' s DC s an d Bi-Stabl e 
Switc h (BS )  t o connec t  t o th e D C P s o f  othe r 
predictrons ,  thu s bein g distributin g spatiall y  (acros s 

predictrons )  an d temporall y (acros s DCPs o f  a  given , 
singl e predictron) . 
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Figur e 5 :  Spira l  connectivit y patter n a m o n g Motio n 
Featur e M e m o r y ( M F M )  predictrons .  Onl y 2 5 6 pixel s 
of  th e V S ar e s h o w n ou t  o f  a  tota l  o f  4 0 9 6 . 
Predictron s formin g th e M F M ar e s h o w n a s vertica l 

bars .  T h e D C P s o f  eac h predictro n ar e arrange d 

alon g th e Z  axis .  Onl y 8  D C P s pe r  predictro n ar e 
s h o w n her e (fo r  simplicity ,  recognitron s an d B B S s ar e 
not  shown) .  Eac h blo b i n th e V S activate s 4  unit s i n 
th e M F P ,  tha t  the n p a s s informatio n t o th e 
correspondin g 4  predictron s (i.e .  a  c o l u m n )  i n th e 
MFM. 

recal l  an d generat e complet e sequence s Iro m 
onlypartia l  cues .  DETE' s sequenc e processin g 
abilitie s ar e base d o n a  unique ,  speciall y designe d 
neura l  networ k achilecture ,  terme d "katami c 
memory" ,  compose d o f  novel ,  artificia l  neuron s 
(Nenov ,  1990) .  Katami c neuron s hav e als o bee n 
give n specia l  names ,  t o distinguis h the m fro m othe r 
type s o f  artificia l  neuron s an d neura l  networ k 
memory models .  Eac h katami c memor y modul e i s 
constructe d ou t  o f  ensemble s consistin g o f  3  neura l 
elements :  Pred ic t ron s {predic i in g n e u r o n s ) , 
Recognitron s (recognitio n neurons )  an d Bi-Stabl e 
Switche s (BSSs) .  Figur e 4  show s a  smal l  katami c 
memory. 

Predictron s ar e lik e rea l  neuron s i n th e followin g 
ways :  (a )  the y fir e a  singl e actio n potentia l  a t  a  tim e 
(producin g a  strea m o f  binar y output) ,  (b )  the y 

contai n dendriti c  compartment s (DCPs )  (analogou s t o 
par t  o f  th e dendriti c  tre e betwee n tw o branchin g 
points )  tha t  hol d long-ter m memor y information ,  an d 
(c )  the y ac t  a s tempora l  dela y lines ,  a s th e resul t  o f 

short-ter m informatio n i n th e D C P s bein g shifte d 
towar d th e som a (bod y o f  th e neuron )  ove r  time . 
Thus ,  i t  take s longe r  fo r  signal s t o reac h th e som a 

fro m mor e distan t  DCPs .  Katami c memor y i s 
organize d s o tha t  eac h predictro n generate s a  0  o r  1 
ateac h B-cycl e (basi c cycle) ,  base d o n th e spatio -
tempora l  relatio n o f  tha t  outpu t  t o al l  othe r  bits , 
distribute d spatiall y  acros s al l  predictrons ,  an d 

distribute d temporally ,  acros s al l  D C P s withi n a 
predictron .  Th e functio n o f  th e Recognitron s an d 
BSSs i s t o determin e whe n t o d o interna l  patter n 
sequenc e completion ,  base d o n ho w correc t  wer e 
thei r  neighborin g predictrons '  predictions .  Katami c 
memory act s a s a  robus t  spatio-tempora l  (i.e . 
sequence )  associato r  wher e th e predictio n o f  eac h 
nex t  patter n i s base d o n trace s o f  al l  pas t  historie s o f 
al l  previou s patterns .  Th e firing/learning  B-cycI e o f 
katami c memor y neuron s consist s o f  9  steps ,  modele d 
by 1 6 equations ;  consequently ,  ther e i s no t  enoug h 
spac e t o discus s the m here .  Fo r  details ,  se e (Neno v 
1991 ;  Neno v an d Dye r  1992) . 

Numerou s experiment s o n Katami c memory , 
reporte d i n (Neno v 1991) ,  sho w tha t  Katami c 
memory ha s th e followin g ver y usefu l  properties :  (1 ) 
Rapi d learning .  O n average ,  onl y 4- 6 exposure s t o a 
patter n sequenc e ar e sufficien t  fo r  learning .  Thi s i s 
3- 4 order s o f  magnitud e improvemen t  ove r  recurren t 
P DF network s (Elman ,  1990) .  (2 )  Flexibl e memor y 
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capacity .  Multipl e sequence s o f  differen t  length s ca n 
be store d an d th e mode l  i s  easil y scalabl e t o large r 
inpu t  pattern s and/o r  sequence s o f  greate r  length .  (3 ) 
Sequenc e completion/recall .  A  shor t  sequenc e (i.e . 
cue )  i s  sufficien t  t o discriminat e an d retriev e a 
previousl y recorde d sequence .  (4 )  Faul t  an d nois e 
tolerance .  Missin g bit s ca n b e tolerate d an d th e 
m e m o ry ca n interpolate/extrapolat e fro m existin g 
data .  (5 )  Integrate d learnin g an d performance :  Th e 
Katami c m e m o r y ca n switc h automaticall y fro m 
learnin g mod e t o performanc e mod e o n a  bit-by-bi i 
and pattem-by-patte m basis . 

DETE Architecture 

The core of DETE's architecture consists of over 80 
interconnecte d katami c modules ,  eac h wit h slightl y 
differen t  interna l  connectivit y an d paramete r  sellings . 
Associate d wit h eac h Featur e Plan e (FP )  i s a  katami c 
modul e terme d a  "Featur e Memory "  (FM) .  Fo r  eac h 
position ,  e.g. ,  i n th e Shap e Featur e Plan e (SFP )  ther e 
i s a  correspondin g predictro n i n th e Shap e Featur e 
M e m o ry (SFM) .  Th e tas k o f  eac h visua l  F M i s t o 
encod e memor y trace s o f  al l  sequence s o f  activit y 
comin g i n fro m th e correspondin g visua l  Featur e 
Planes .  H o w eac h predictro n i s  connecte d t o it s 
neighborin g predictron s varie s wit h th e typ e o f 
featur e informatio n bein g encoded .  Fo r  instance ,  i n 
Motio n Featur e Memorie s ( M F M ) ,  th e predictron s 
ar e connecte d t o on e anothe r  i n a  spira l  formation . 
Figur e 5  show s thi s arrangemen t  fo r  th e M F M. 

Spira l  connectivity ,  (alon g wit h phase-locking ) 
provide s a  pola r  coordinat e schem e s o tha t  th e spee d 
and directio n o f  eac h blo b i n th e V S ca n b e uniquel y 
represented .  (Memor y trace s o f  gra-phonem e 
sequence s ar e als o store d vi a katami c memory , 
however ,  wit h a  differen t  connectivit y configuration. ) 

DETE Language Learning Performance 

DETE must be taught incrementally since multi-word 
sequence s rel y o n single-word-to-visua l  association s 
forme d earlier .  First ,  D E T E wa s taugh t  th e name s o f 
blob s b y bein g give n scene s o f  blob s wit h a  singl e 
shape ,  bu t  wit h varyin g colors ,  sizes ,  location s an d 
motions .  A s a  result ,  D E T E exû act s wha t  i s  invarian t 
(i.e .  shape )  an d form s th e stronges t  association s 
betwee n th e gra-phonem e sequenc e (e.g. ,  "circle" ) 

and th e modifie d D C P s o f  th e predictron s i n th e 
Shape Featur e M e m o r y (e.g. ,  i n th e regio n fo r  roun d 
objects) .  I n verbal-to-visua l  learnin g o f  word s 
"circle" ,  "square "  an d "triangle" ,  D E T E forme d it s 
first  correc t  association s fo r  eac h afte r  onl y 4- 5 
presentations .  T o ge t  1 0 0 % o f  th e trainin g dat a 
correct ,  however ,  require s 169-18 1 trials ,  mainl y 
becaus e irrelevan t  feature s mus t  b e varie d s o tha t  th e 
stronges t  association s ar e mad e fo r  th e invarian t 
feature .  Usin g thi s sam e approach ,  D E T E nex t 
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Figur e 6 :  Activatio n generate d o n predictro n soma s 
of  M F M fo r  "moves" .  Activit y appear s everywher e 
excep t  i n th e cente r  (wher e stationar y blob s ar e 
represented) .  Thi s activit y patter n i s  DETE' s 
reconstructe d visua l  memor y fo r  th e wor d "moves" . 
Greate r  activit y i n th e lowe r  lef t  corne r  represent s a 
defaul t  directio n an d velocity .  W h e n th e M F E i s fe d t o 
a winner-take-al l  networ k (WTA) ,  th e defaul t  i s 
extracte d an d use d t o assig n a  direction/velocit y fo r 
whateve r  blo b (i.e .  shape ,  color ,  etc. )  i s  currentl y 
bein g imagine d i n DETE' s "Mind' s Eye" ,  e.g .  a s i n 
Figur e 1 . 

learne d th e meaning s o f  word s fo r  color ,  size , 
locatio n wit h respec t  t o cente r  o f  th e V S (e.g."above", , 
"right" ,  "in_center' ,  "far" ,  etc.) .  Next ,  D E T E learne d 
singl e word s fo r  actions/event s - -  i .  e .  whe n ther e i s 
chang e i n on e o r  mor e visua l  feature s a s visua l 
frame s ar e updated .  Suc h word s include :  moves" , 
"accelerates" ,  "tums","bounces" ,  an d "shrinks "  (i.e . 
chang e i n blo b size) .  Onc e thes e word s wer e learned , 
D E TE wa s teste d b y presentin g i t  wit h gra-phonem e 
inpu t  only ,  an d seein g wha t  activit y appear s o n th e 
correspondin g F P (Figur e 6) .  D E T E ha s als o bee n 
trained/teste d o n multi-wor d sequence s (e.g .  th e wor d 
sequenc e show n i n Figur e 1) . 

Current Implementation Status and 

F u t u r e Direction s 

DETE currently runs on a 16K processor CM-2 in 
*Lis p wit h a  Su n 4/83 0 a s a  fron t  end .  I t  use s ove r  1 
millio n virtua l  processor s (vps )  an d 7/ 8 o f  availabl e 
hea p (16 K processor s x  . 5 Mbit s stac k pe r  processor ) 

Each o f  th e 5  visua l  Featur e Memorie s (FMs )  ar e 
mapped ont o a  3- D dat a structur e wit h dimension s 1 6 
X 1 6 predictron s (i.e .  th e siz e o f  eac h Featur e Plane )  x 
64 (th e numbe r  o f  pe r  predictron )  fo r  5  x  25 6 x  6 4 = 
81.92 0 vps .  Fo r  eac h F M ther e ar e 1 6 x  1 6 =  25 6 
recognitrons .  Verbal ,  Tempora l  Memorie s (whic h 
allo w D E T E t o lear n past/futur e tenses )  an d othe r 
module s resul t  i n a  tota l  o f  1,310,72 0 vps . 

I n spit e o f  DETE' s capabilities ,  i t  ha s numerou s 
limitations ,  includin g lackin g th e following :  (1 ) 
verbal-to-verba l  associatio n - -  neede d t o defin e 
abstrac t  word s i n term s o f  know n words .  (2 )  sens e o f 
sel f  versu s other s -  t o lear n indexical s lik e "you "  vs . 

404 



"me" ,  (3 )  goals/plan s - -  t o lear n word s lik e "wants" , 
"intends" ,  an d (4 )  model-leve l  visio n (i.e .  structure d 
object s (e.g .  "chair" )  an d composit e action s (e.g . 
"eat" ,  "walk") .  Thes e current ,  majo r  limitation s 
constitut e direction s fo r  futur e research . 

Conclusions 

We have explored, with the DETE system, several 
aspect s o f  th e "Languag e Groundin g Problem"- -  a 
tas k increasingl y recognize d a s fundamental ,  e.g . 
(Dresher ,  1991 ;  Feldma n e t  al .  1990 ;  Suppe s e t  al. , 
1991) .  Th e superio r  adaptiv e learnin g an d 
performanc e capabilitie s o f  th e D E T E syste m (e.g . 
ove r  simpl e recurren t  networks )  ar e largel y du e t o it s 
much mor e comple x architectur e (e.g .  th e existenc e 
of  separat e featur e planes ;  th e us e o f  neuron s wit h 
more comple x tempora l  dynamics ,  suc h a s shift-dela y 
dendriti c  input s an d phase-locke d outputs ;  th e 
connectivit y withi n an d amon g katami c memor y 
modules ,  etc.) .  W e believ e tha t  thi s us e o f  mor e 
comple x neura l  architectur e i s wel l  justified ,  bot h 
computationall y (i.e .  t o reduc e wha t  woul d otherwis e 
be a n enormou s adaptive-learnin g searc h space )  an d 
neuroscientificall y (i.e .  th e brain ,  a s th e resul t  o f 
selectiona l  pressure s ove r  million s o f  years ,  ha s 
evolve d numerou s architectura l  structure s -  eac h 
more comple x than ,  e.g. ,  tha t  o f  a  simpl e recurren t 
PDP network) . 

Ther e currentl y remain s a  ver y larg e ga p betwee n 
th e performanc e capabilitie s o f  symboli c natura l 
languag e processin g system s -  wit h thei r  infinit e 
generativ e capacit y an d sophisticated ,  human -
engineere d knowledg e an d processin g construct s (e.g . 
capabl e o f  limite d argumen t  an d belie f  analysi s 
(Alvarado ,  1990)) ,  an d a  perceptuall y grounded , 
adaptiv e learnin g neura l  architectur e lik e D E T E .  T o 
bridg e thi s ga p wil l  require ,  no t  onl y insight s fro m 
computationa l  neuroscienc e (Churchlan d an d 
Sejnowski ,  1992) ,  bu t  als o th e developmen t  o f 
structure d (Lang e an d Dye r  1989 ;  Lang e e t  al .  1991 ) 
and distribute d connectionis t  network s specificall y 
designe d t o suppor t  high-leve l  cognitio n (Dyer ,  1990 , 
1991 ;  Miikkulaine n an d Dye r  1991 ;  Sumid a an d 
Dyer ,  1992) . 
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