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Sequentia l  back-propagatio n network s wer e traine d t o answe r  simpl e question s abou t  object s i n a 

microworld .  Th e network s transferre d th e abilit y  t o answe r  thi s typ e o f  questio n t o pattern s o n whic h 

the y ha d no t  bee n trained .  Moreover ,  th e network s wer e show n t o hav e develope d expectation s abou t  th e 

object s eve n whe n the y wer e no t  presen t  i n th e microworld .  A  variet y o f  architecture s wer e teste d usin g 

thi s paradig m an d th e additio n o f  charmel-specili c  hidde n layer s wa s foun d t o improv e performance . 

Overall ,  thes e result s ar e directe d t o th e approac h o f  buildin g languag e user s wit h connectionis t  networks , 

rathe r  tha n languag e processors . 

Introductio n 

Because neural algorithms such as back-propagation [9j are such effective techniques for machine 

learning ,  i t  i s  no w possibl e t o seriousl y conside r  developin g system s whic h lear n t o us e language . 

Moreover ,  neura l  network s hav e man y othe r  characteristic s whic h mak e the m especiall y suitabl e fo r  suc h 

an effort .  The y ar e sensitiv e t o context ,  the y ca n adap t  t o exceptions ,  an d inpu t  fro m divers e source s ca n 

be easil y combined .  Th e concep t  o f  developin g a  languag e use r  i s a n alternativ e t o th e usua l  approac h i n 

artificia l  intelligenc e o f  attemptin g t o proces s th e component s o f  languag e an d the n t o synthesiz e a n 

"understanding "  fro m thos e components .  Rather ,  th e approac h suggeste d her e i s t o trai n network s unde r  a 

broa d enoug h rang e o f  condition s t o b e abl e t o understan d an d respon d wit h language-lik e stimuli . 

Potentially ,  thi s approac h ma y provid e a  robus t  basi s fo r  linguisti c processe s rangin g fro m translatio n [1 ] 

t o speec h recognition .  O f  course ,  th e exten t  t o whic h thes e network s ca n b e sai d t o actuall y 'have ' 

languag e ma y wel l  b e a s difficul t  an d controversia l  a s th e evaluatio n o f  linguisti c capabilitie s o f  ape s (se e 

[7]) . 

In the research described here, sequential networks were trained to accept language-like stimuli which 

refe r  t o object s i n th e microworld .  Thi s paradig m i s base d o n th e assumption s tha t  languag e i s mos t 

readil y acquire d throug h interactio n wit h th e worl d [1 ]  an d tha t  languag e learnin g i s essentiall y  a 

supervise d learnin g process .  Input s o f  tw o type s wer e employed ,  a  code d microworl d an d sequentia l 

verba l  codes ,  whic h forme d question s abou t  th e microworld .  On e typ e o f  sequentia l  networ k whic h 

migh t  b e applie d t o thi s tas k i s show n o n th e lef t  o f  Fig .  1 .  Thi s network ,  whic h ma y b e terme d a n 

output-feedbac k network ,  wa s develope d b y Jorda n [6 ]  t o mode l  articulation .  Th e outpu t  unit s fro m on e 

cycl e fee d 'state '  unit s whic h ar e use d a s extende d input s fo r  late r  cycles .  A s show n o n th e righ t  sid e o f 

Fig .  1  a  variatio n o f  tha t  procedure ,  suggeste d b y Elma n [4j ,  draw s feedbac k fro m th e hidde n laye r  rathe r 

tha n th e outpu t  layer .  Fig .  2  present s a  sequentia l  networ k whic h ma y b e terme d a  generahze d 

hierarchical-sequentia l  network .  I n thi s networ k input s ar e divide d int o separat e chaimel s an d hav e extr a 

hidde n layer s fo r  eac h o f  th e set s o f  inpu t  units ,  a s wel l  a s fo r  th e stat e units .  Thi s architectur e ha s th e 

advantag e o f  bein g modular ,  henc e i t  migh t  b e readil y adapte d t o multi-processo r  computer s an d perhap s 

speciaUze d perceptua l  hardware . 
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Fig .  i .  Simpl e sequentia l  network s wit h feedbac k tro m outpu t  an d hidde n units . 

i D i n y 

Fig .  2 .  Generalize d hierarchical-sequentia l  networic . 

Procedur e 

Codin g 

The verbal inputs were composed from questions from a vocabulary of 27 terms which were coded with 

randoml y assigne d 6-bi t  -1/ 1 codes .  Ther e wer e 1 6 outpu t  term s an d thei r  codin g w a s randoml y selecte d 

fro m 5-bi t  0/ 1 codes .  O n e se t  o f  input s presente d stati c code s wh ic h wer e characterize d a s object s i n a 

'perceptual '  field.  T h e perceptua l  field  w a s c o m p o s e d o f  3  slots ,  eac h slo t  consistin g o f  5  bits ,  i n whic h 

an y on e o f  8  object s coul d appear .  3  o f  thes e bit s encode d th e object s themselve s an d t w o additiona l  bit s 

code d features .  T h e object s themselve s wer e code d wit h randoml y selecte d -1/ 1 codes ,  whil e emp t y slot s 

we r e filled  wit h nulls .  I n additio n t o th e 3  bit s whic h uniquel y specifie d th e objects ,  t w o additiona l  bit s 

we r e correlate d wit h eac h objec t  i n th e proportion s s h o w n i n Tabl e 1 .  Wh i l e th e probabilisti c  feature s 

wil l  b e m o r e difficul t  t o lear n tha n perfectl y correlate d features ,  the y ar e necessar y t o guarante e tha t  th e 

networ k attend s t o th e microworld .  O n on e hand ,  thes e bit s migh t  b e considere d t o b e a n explici t  featur e 
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suc h a s color .  Fo r  instance ,  i t  woul d b e possibl e t o sa y tha t  object ^  ha d colorj .  Alternatively ,  thes e bit s 

coul d b e though t  o f  a s contex t  bits .  Fo r  instance ,  som e object s ar e highl y correlate d wit h places ,  whil e 

othe r  object s ar e les s likel y t o b e correlated .  Th e additiona l  bit s wer e associate d wit h th e object s i n th e 
followin g proportions : 

objec t 

1 
2 
3 
4 
5 
6 
7 
8 

featur e 
A B 
.9 . 9 
.8 . 9 
.7 . 9 
.6 . 9 
.4 . 1 
.3 . 1 
.2 . 1 
.1 . 1 

Tabl e 1 .  ProbabiUt y o f  objec t  token s havin g feature s A  an d B . 

Question Construction and Sequential Presentation 

The sequential presentation of verbal information is illustrated in Table 2. In the example two objects are 

i n th e perceptua l  field,  object ,  i n slot ,  an d object -  i n slot, .  Acros s th e fou r  intervals ,  th e code d form s o f 

th e word s is ,  this ,  object, ,  an d fA ,  ar e presented .  Becaus e th e inpu t  i s sequential ,  correc t  outpu t 

response s wer e generall y no t  know n unti l  th e questio n wa s complete .  Befor e th e correc t  outpu t  i s  know n 

erro r  value s o f  zer o wer e back-propagated .  ( A simila r  procedur e i n whic h ther e wa s n o back-propagatio n 

on thos e trial s produce d similar ,  bu t  slightl y wors e results. )  Thes e cycle s ar e indicate d b y ** *  i n th e tabl e 

and terme d don' t  car e cycle s afte r  th e don' t  car e unit s o f  Jordan . 

interva l 

1 

2 

3 
4 

perceptua l 

inpu t 

o /̂iA t̂B ^  o,/fA,/CB ,  nul l 

o /̂{A îB ^  o,M,/fB ,  nul l 

02/fA2/fB ,  o,/fA,/fB ,  nul l 

ô /fAy'lB ,  o,/lA,/fB ,  nul l 

verba l 

inpu t 

i s 

thi s 

object , 

lA , 

verba l 

outpu t 

** * 

*+ * 

*+ * 

yes 

Tabl e 2 .  Sequence s o f  code s fo r  typica l  questio n answerin g procediu-e . 

Input/output patterns were prepared from the templates shown in Table 3. With the exception of a few 

ver y simpl e command s (e.g. ,  repeat ,  describe) ,  th e inpu t  pattern s wer e questions .  A  questio n suc h a s 

What  f A i s th e objX .  migh t  b e read ,  wit h noun s inserted ,  a s W h a t  colo r  i s th e car ? Whil e th e answer , 

fAX p migh t  b e rea d blue .  Clearly ,  th e template s ar e somewha t  a d ho c an d stylized .  Th e question s wer e 

associate d wit h appropriat e perceptua l  inputs ;  thus ,  th e 8  object s coul d appea r  i n 3  slot s o f  th e perceptua l 

held .  I n case s wit h tw o object s i n th e perceptua l  field  an d onl y on e o f  the m wa s necessar y t o answe r  th e 

question ,  th e secon d objec t  wa s randoml y selecte d an d it s featiue s wer e constraine d s o a s no t  t o conflic t 

wit h th e question .  W h e n question s coul d b e answere d yes/no ,  equa l  number s o f  ye s an d n o question s 

wer e prepared .  324 2 uniqu e input s wer e generated ,  an d fro m thi s se t  2 5 wer e randoml y chose n fo r 
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transfer . 

Networ k Parameter s 

verba l  inpu t 

objec t  absen t 

repeat  objX , 

repeat  fAX , 

repeat  fBX , 

one objec t  presen t 

repeat  objX , 

repeat  fAX , 

repeat  fBX , 

what  d o yo u se e 

describ e wha t  yo u se e 

i s thi s th e objX , 

do yo u se e th e objX , 

i s thi s objX ,  fAX , 

isthisobjX ,  fBX , 

what  f A i s th e objX , 

what  f B i s th e objX , 

what  i s  th e f A o f  th e objX , 

what  i s th e f B o f  th e objX , 

istheobjX ,  intheslotS l 

tw o object s presen t 

istheobjX ,  fAX , 

istheobjX ,  fBX , 

whic h i s fAX , 

whic h i s fBX , 

what  f A istheobjX , 

what  f B istheobjX , 

what  i s th e f A o f  th e objX , 

what  i s th e f B o f  th e objX , 

i s th e objX ,  i n th e slotS I 

i s th e objX ,  over/unde r  th e objX j 

whic h i s over/unde r  th e objX , 

verba l  outpu t 

objX , 

fAX , 

fBX , 

objX , 

fAX , 

fBX , 

ObjX , 

ObjX , 

yes/n o 

yes/n o 

yes/n o 

yes/n o 

fAX , 

fBX , 

fAX , 

fBX , 

yes/n o 

yes/n o 

yes/n o 

objX , 

ObjX , 

fAX , 

fBX , 

fAX , 

fBX , 

yes/n o 

yes/n o 

objX , 

Tabl e 3 .  Input/outpu t  templates . 

The weight s fro m th e hidde n unit s t o tli e stal e unit s wer e fixed  a t  1. 0 an d th e self-weight s o n th e stat e 

imit s wer e 0.5 .  Al l  o f  th e othe r  weight s wer e adaptiv e wit h t|=0.0 1 an d a=0.9 .  Th e network s describe d 

belo w wer e traine d fo r  200 K patter n presentations .  Excep t  a s note d below ,  th e simpl e network s ha d 1 5 

perceptua l  units ,  6  verba l  inpu t  units ,  5 0 stat e units ,  5 0 hidde n units ,  an d 5  outpu t  imits .  I n addition ,  th e 

hierarchica l  network s ha d 15 ,  6 ,  an d 5 0 unit s i n th e perceptual ,  verbal ,  an d slate-hidde n layer s 

respectively .  A t  th e beginnin g o f  eac h questio n th e stat e unit s wer e rese t  t o zero ;  test s demonstrate d tha t 

learnin g occurre d withou t  reset ,  althoug h i t  wa s faste r  an d bette r  wit h resets . 
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Result s 

The transfer set consisted of 25 questions and because each question required a one word (5 bit) response, 

a tota l  o f  12 5 bit s ha d t o b e generated .  Th e sequentia l  networ k wit h feedbac k take n fro m th e outpu t  (lef t 

sid e o f  Fig .  1 )  mad e error s o n 2 9 bit s (1 2 words) .  Th e hidde n laye r  feedbac k networ k (righ t  sid e o f  Fig . 

1)  performe d somewha t  better ,  wit h 2 3 bi t  error s an d 9  wor d errors .  Indeed ,  mor e comple x network s 

(e.g. ,  th e PVS ,  se e Tabl e 4 )  mad e a s fe w a s 6  bi t  error s an d 2  wor d error s (se e below) .  I t  i s  perhap s 

remarkabl e tha t  thes e network s ca n lear n thi s tas k becaus e the y rarel y ge t  explici t  trainin g fo r  storin g 

word s i n th e earl y par t  o f  th e sentence .  Fo r  instance ,  i n question s suc h a s th e on e show n i n Tabl e 2 ,  th e 

networ k ha s t o remembe r  tha t  th e questio n concern s object, . 

Architecture Manipulation 

The hierarchical-sequential network (Fig. 2) can be thought of as a family of networks which may be 

teste d separately .  Th e error s fo r  th e 8  possibl e network s (forme d b y al l  possibl e combination s o f  th e 

presence/absenc e o f  th e perceptual ,  verbal ,  an d stat e hidde n layers )  i s show n i n Tabl e 4 .  A s a  shor t 

notation ,  thes e network s ma y b e referre d t o wit h three-lette r  code s fo r  instance ,  a  P N S networ k woul d 

hav e a  perceptua l  hidde n layer ,  n o verba l  hidde n layer ,  an d a  state-hidde n layer .  Th e N N N networ k i s th e 

networ k show n a t  th e righ t  sid e o f  Fig .  1 .  Al l  o f  th e othe r  network s perfor m bette r  tha n th e N N N 
network ,  an d tli e bes t  i s th e P V S network . 

N 
V 

N 
N P 

23(9 )  7(4 ) 
18(6 )  14(5 ) 

s 1 
N 

17(8 ) 
14(7 ) 

P 
12(6 ) 
6(2 ) 

Tabl e 4 .  Bi t  error s (wor d errors )  fo r  differen t  networks . 

Additional tests showed that these results replicated, essentially following the pattern in Table 4. 

However ,  wit h othe r  dat a set s th e P V S networ k i s no t  consistentl y foun d t o b e best .  Moreover , 

considerabl e cautio n mus t  b e exercise d i n comparin g th e differen t  architecture s i n Tabl e 4  becaus e the y 

includ e differen t  number s o f  neuron s an d weights .  A s a  contro l  fo r  this ,  severa l  othe r  network s wer e 

tested .  First ,  a n outpu t  feedbac k networ k (lef t  sid e o f  Fig .  1 )  wit h 10 0 hidde n unit s wa s tested ;  thi s 

performe d relativel y poorly ,  26(13) .  A s a  secon d test ,  a  N N N networ k wit h 6 5 unit s i n bot h th e hidde n 

and stat e layer s wa s tested ,  thi s ha d 1 3 bi t  error s an d 9  wor d errors . 

Several other architectures, related to hierarchical-sequential network described above, may also be 

considered .  Fo r  instance ,  a  networ k wa s investigate d i n whic h th e stat e unit s an d a  stat e hidde n laye r 

wer e attache d t o th e verba l  hidde n layer .  Wit h 3 0 hidde n units ,  2 0 verba l  hidde n units ,  2 0 stat e units ,  an d 

20 state-hidde n units ,  thi s networ k performe d th e tas k wit h 1 1 bi t  error s an d 6  wor d errors . 

Semantic Memory and Categorization 

Previous conncclionist research on semantic memory [5, also Runielhart unpublished] may be extended 

by considerin g semanti c memor y i n thi s paradig m wit h explici t  verba l  training .  Thus ,  th e P V S networ k 

traine d abov e wa s presente d wit h th e questio n W h a t  fA/ B i s th e object. ? whe n th e objec t  wa s absen t 

fro m th e perceptua l  field.  Th e decode d response s ar e show n i n Tabl e 5 ,  wher e 1  o r  2  indicate s on e o f  th e 

feature s belongin g t o tha t  featur e type ,  an d X  indicate s a n apparentl y meaningles s answer .  Fo r  7  o f  th e 
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object s th e networ k learne d tli e correc t  value s o f  fB ,  whic h i s mor e consistentl y associate d wit h th e 

object s tha n f  A  (se e Tabl e 1) .  Howeve r  fo r  f  A ,  th e networ k consistentl y assume d tha t  al l  object s ha d on e 
featur e valu e wit h th e exceptio n o f  objectj ,  whic h cause d a n error . 

objec t 

1 
2 
3 
4 
5 
6 
7 
8 

featur e 
A B 
X X 
2 1 
2 1 
2 1 
2 2 
2 2 
2 2 
2 2 

Tabl e 5 .  Response s t o featur e question s wit h th e objec t  absent . 

Additional tests have demonstrated that networks can learn about features although the features are 

neve r  presente d i n th e microworld .  Moreover ,  th e network s hav e bee n foun d t o readil y lear n categor y 

names fo r  groupin g objects .  O n th e othe r  hand ,  a  networ k i n whic h th e microworl d wa s entirel y absen t 

showe d onl y a  smal l  improvemen t  abov e chanc e performance . 

An Extended Generalization Test 

When working with complex stimuh such as the questions and microworlds used here it is possible to 

conside r  generalizatio n a t  man y levels .  Whil e th e transfe r  tes t  describe d abov e consiste d o f  randoml y 

selectin g tes t  case s fro m a  corpu s i n whic h th e sam e questio n wa s ofte n aske d abou t  severa l  differen t 

configuration s o f  th e perceptua l  field,  th e tes t  describe d her e completel y droppe d trainin g o n on e questio n 

and the n teste d tha t  questio n durin g transfer .  Specificall y al l  4 1 question s wer e remove d fro m th e corpu s 

whic h aske d whethe r  object ,  ha d fA. .  Althoug h othe r  question s aske d whethe r  object ,  ha d fB ,  an d 

whethe r  othe r  object s ha d fBj .  A  P V S networ k traine d o n th e pattern s whic h wer e no t  deleted , 

transferre d quit e wel l  wit h 6  bi t  error s an d 4  wor d errors . 

Discussion 

Networks were shown to learn and transfer the ability to answer questions in which coded 'verbal' 

question s an d object s ar e presente d sequentially .  Moreover ,  evidenc e wa s presente d fo r  th e utilit y  o f 

hierarchical-sequentia l  networks .  Naturally ,  thi s researc h ma y b e extende d i n man y ways .  Fo r  instanc e 

i n th e sequentia l  verba l  inpu t  paradigm ,  linguisti c construct s suc h a s plural s o r  negatio n coul d readil y 

incorporated .  Indee d [8 ]  report s th e comprehensio n o f  pronoun s whic h refe r  t o object s i n th e microworld . 

I n addition ,  th e contributio n o f  th e hidde n layer s migh t  b e investigate d throug h eithe r  analysi s o f  th e 

activation s o r  parametri c manipulatio n o f  th e number s o f  units .  Presumabl y th e additiona l  hidde n layer s 

i n th e hierarchica l  networ k transfor m tli e inpu t  encodin g t o a n encodin g whic h i s mor e easil y intergrate d 

wit h th e othe r  source s o f  information .  I n th e cas e o f  th e perceptua l  input s thi s suggest s tha t  languag e ca n 

affec t  perception ,  i n othe r  word s a  typ e o f  linguisti c relativity . 

The research described here has focused on the task of answering questions as a means of generating 

feedbac k fo r  languag e training .  Whil e thi s ma y see m restrictiv e a t  first,  i t  i s  possibl e t o imagin e man y 

variation s i n whic h th e trainin g woul d b e les s explicit .  Fo r  instance ,  th e question s migh t  no t  b e directe d 
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t o th e network .  I f  th e questio n wer e pose d t o a  differen t  agen t  whic h m a d e th e response ,  th e agen t  whic h 

i s acquirin g languag e migh t  lear n pairing s o f  inpu t  an d outpu t  fro m observatio n an d perhap s imitatio n o f 

th e othe r  agent .  Furthermore ,  asid e fro m answer s t o explici t  question s ther e ar e m a n y type s o f  feedbac k 

fo r  languag e us e suc h a s correctl y completin g a  verba l  c o m m a n d o r  instruction . 

Finally, the strategy of developing language users which interact with a microworld may be extended 

beyon d sequentia l  verba l  inputs .  Additiona l  wor k i s underwa y i n whic h verba l  an d microworl d 

informatio n i s combine d t o produc e language-lik e behavior ,  fo r  instanc e network s whic h generat e 

sequentia l  output s an d manipulat e th e microworl d [2 ]  an d multipl e network s whic h communicat e t o 

complet e task s [3] . 
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