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Abstract—Connectionis t  learnin g scheme s hav e hithert o seeme d fa r  remove d fro m cogni -

tiv e skill s  suc h a s reasoning ,  planning ,  an d th e formatio n o f  interna l  models .  I n thi s articl e 
we investigat e wha t  sor t  o f  worl d model s a  connectionis t  syste m migh t  lear n an d ho w i t 

migh t  d o so .  A  learnin g schem e i s  presente d tha t  form s suc h model s base d o n observe d 
stimulus-stimulu s relationships .  Th e basi s o f  th e schem e i s a  recurrentl y connecte d net -
wor k o f  simple ,  neuron-lik e processin g elements .  Th e ne t  produce s a  se t  o f  prediction s o f 

futur e stimul i  base d o n th e curren t  stimuli ,  wher e thes e prediction s ar e base d o n a  mode l 
an d involv e multiple-ste p chain s o f  predictions .  Result s ar e presente d fro m compute r  sim -

ulation s o f  th e schem e connecte d t o a  simpl e worl d consistin g o f  a  stochasti c maz e (Marko v 

process) .  B y wanderin g aroun d th e maz e th e networ k learn s it s construction .  W h e n re -
inforcemen t  i s  subsequentl y introduced ,  th e solutio n t o th e maz e i s  learne d muc h mor e 
quickl y tha n i t  i s  withou t  th e "exploration "  period .  Th e for m an d logi c o f  th e experimen t 

i s th e sam e a s tha t  o f  th e laten t  learnin g experiment s o f  anima l  learnin g research . 

World Models and Connectionism 

Many of the predominant high-level theories of cognition give a central role to internal 

model s (e.g. ,  se e Gelertne r  an d Gerstenhaber ,  1956 ;  Craik ,  1943 ;  Dennett ,  1978 ;  Simon , 

1969 ;  o r  Sutto n an d Baxto ,  1981 ,  fo r  a  review) .  Thei r  centra l  ide a i s tha t  muc h o f  wha t  w e 

mean b y "thought "  ca n b e understoo d a s th e formation ,  modification ,  an d us e o f  interna l 

model s o f  th e world .  Here ,  b y interna l  model s w e mea n cognitiv e structure s tha t  allo w u s 

t o predic t  th e futur e an d t o anticipat e th e result s o f  possibl e action s w e migh t  take .  I n 

particular ,  w e mea n model s tha t  allo w chain s o f  anticipatio n an d inference ,  e.g. ,  "i f  I  d o 

A the n B  wil l  occur ,  an d i f  B ,  the n C  wil l  occur ,  etc. " 

In connectionist networks, all concepts (e.g., perceptions of the environment, stimuli 

an d actions )  ar e represente d a s activit y i n th e element s o f  th e network .  I n othe r  words ,  th e 

activit y o f  th e networ k act s a s a  stati c mode l  o f  th e curren t  situation .  Th e natura l  plac e t o 

model  th e dynamic s o f  th e environmen t  i s i n th e connection s betwee n elements :  i f  stimulu s 

or  actio n A  i s alway s follow s b y stimulu s B ,  the n a  stron g connectio n fro m A  t o B  model s 
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thi s fac t  i n th e sens e tha t  i t  cause s th e evolutio n o f  activit y i n th e networ k t o mimi c th e 

evolutio n o f  state s i n th e externa l  environment .  O f  cours e th e network' s evolutio n wil l  b e 

much quicke r  tha n th e environment's ,  s o it s prediction s wil l  b e anticipator y an d thereb y 

valuabl e fo r  directin g behavior . 

That the behavior of activity within a network might be used to model the behav-

io r  o f  th e worl d i s a  simpl y state d ide a wit h man y ramifications .  Th e advantage s ax e 

apparent :  beside s inheritin g th e parallelis m an d mechanisti c advantage s o f  connection -

ism ,  th e theor y i s als o extremel y parsimonious ,  sinc e worl d modelin g i s achieve d usin g 

th e sam e apparatus—th e connection s o f  a  network—tha t  i s use d t o implemen t  simpl e 

stimulus-respons e mappings .  Connectionis t  interna l  model s coul d conceivabl y for m a  sor t 

of  "missin g link "  betwee n cognitiv e processe s suc h a s reasonin g an d plannin g o n th e on e 

hand ,  an d stimulus-respons e learnin g an d neuroscienc e o n th e other . 

Problems with the idea are also apparent. If a network's connections are used to 

implemen t  th e dynajnic s o f  a n interna l  model ,  ho w ca n the y als o b e use d t o implemen t 

stimulus-respons e mappings ? O r  ho w ca n the y als o b e use d t o implemen t  th e structure s 

necessar y fo r  recognizin g comple x concept s an d executin g comple x actions ? I n addition , 

model s caj i  easil y involv e self-referentia l  chains ,  e.g. ,  " A i s followe d b y B  whic h i s followe d 

by A  again. "  I f  a  networ k form s cycle s o f  excitator y connection s i n orde r  t o mode l  suc h 

an environment ,  i t  court s th e dange r  o f  positiv e feedbac k an d instability .  Th e result s 

presente d her e dea l  wit h th e self-referenc e issue ,  but  no t  wit h th e issu e o f  ho w t o integrat e 

th e differen t  function s o f  a  network .  W e assum e tha t  th e othe r  function s ar e completel y 

separat e fro m th e networ k o r  sub-networ k tha t  learn s an d embodie s th e interna l  model . 

From the point of view of artificial intelligence, where the use of internal models is 

commonplace ,  th e primar y advantag e o f  connectionis t  model s i s tha t  the y ar e well-suite d 

fo r  learning .  Standar d A I  technique s includ e sophisticate d method s fo r  searchin g a  mode l 

efficientl y whe n th e mode l  i s  completel y define d an d known .  I n practice ,  th e mode l  i s  ofte n 

onl y partiall y  known ,  an d seaxc h method s fo r  suc h case s ar e les s wel l  understood .  Wha t 

i s neede d i s th e abilit y  bot h t o lezir n a  mode l  an d t o searc h i t  a s i t  i s  bein g learned .  Con -

nectionis t  structure s see m t o b e wel l  suite d t o learnin g methods ,  particularl y i n uncertai n 

and nois y domains .  A s suc h the y sugges t  a n attractiv e directio n i n whic h t o loo k fo r  way s 

of  learnin g searchabl e models . 

To limit the scope of this paper, we pay little attention to the issues involved in how 

a connectionis t  ne t  shoul d bes t  us e a  model ,  an d instea d concentrat e o n ho w i t  mayb e ac -

quired .  W e als o concentrat e o n capturin g inference s tha t  ar e no t  dependen t  o n th e action s 

selected ,  tha t  is ,  w e focu s o n stimulus-stimulu s rathe r  tha n response-stimulu s inferences . 

A networ k an d learnin g procedur e ar e presente d whic h ca n lear n t o mimi c environments , 

includin g multiple-ste p causa l  chains ,  a s outline d above .  Th e learnin g procedure ,  thoug h 

deterministic ,  i s  simila r  t o th e stochasti c learnin g procedur e use d i n th e Boltzman n ma -

chin e (Ackley ,  Hinton ,  an d Sejnowski ,  1985 )  i n tha t  i t  involve s lettin g a  recurren t  networ k 

ru n t o equilibriu m i n respons e t o tw o differen t  stimulu s patterns . 
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Ther e ar e numerou s tie s betwee n thi s wor k an d anima l  learnin g theory .  Th e learnin g 

involve d i n buildin g a n interna l  mode l  i s analogou s t o th e S- S learnin g effectivel y advo -

cate d b y Tolmaj i  an d other s i n respons e t o th e ris e o f  behavioris m (e.g. ,  se e Hilgar d an d 

Bower ,  1975) .  Th e final  simulatio n experimen t  reporte d her e i s directl y analogou s t o thei r 

"laten t  learning "  experiments ,  i n whic h i t  wa s show n tha t  animal s lear n extensivel y abou t 

thei r  environmen t  eve n i f  neve r  rewarde d o r  punished ,  th e learnin g remainin g laten t  an d 

unexpresse d i n behavio r  unti l  reinforcemen t  i s introduced .  Th e tie s betwee n thi s wor k an d 

moder n anima l  learnin g theor y ar e eve n stronger .  Contemporar y anima l  learnin g theory , 

particularl y tha t  p2U' t  concernin g classica l  o r  Pavlovia n conditioning ,  ha s a  ver y cognitiv e 

orientatio n (e.g. ,  se e Dickinson ,  1980) .  M a n y o f  it s  result s bea r  directl y o n th e issue s o f 

ho w a  declarativ e interna l  mode l  i s learne d b y animals .  Th e learnin g schem e use d her e i s 

a descendan t  o f  th e mode l  o f  classica l  conditionin g develope d b y Sutto n an d Bart o (1981) , 

pursuin g th e networ k approac h illustrate d b y Moor e an d Stickne y (1980) . 

Recurrent NetAvorks and Markov Worlds 

The network used here is of the simplest of connectionist designs. Each element receives 

as inpu t  th e activit y o f  ever y elemen t  an d a n externa l  inpu t  fro m outsid e th e net .  Thes e 

externa l  stimul i  ax e th e variable s t o b e predicted .  The y correspon d t o th e stimul i  A ,  B ,  etc. , 

mentione d earlier ,  whil e th e connection s withi n th e ne t  ar e mean t  t o mode l  th e world' s 

dynamics .  Accordingly ,  eac h connectio n betwee n element s ha s a  modifiabl e connectio n 

weight ,  whil e eac h externa l  inpu t  ha s a  direc t  an d unmodifiabl e eff̂ec t  o n th e activit y o f 

it s  correspondin g element .  Th e activit y o f  th e networ k i s update d accordin g t o 

y'=x + Vy (1) 

where y is the old activity vector, y' is the new activity vector, x is the external stimulus 

vector ,  an d V  i s th e matri x o f  modifiabl e connectio n weights .  Th e proces s give n b y (1 ) 

m ay converg e (reac h equilibrium) ,  diverge ,  o r  oscillate ,  dependin g o n th e weights .  Fo r  th e 

weight s foun d b y th e learnin g schem e i n ou r  simulations ,  i t  ha s alway s converged . 

A perfect stimulus-stimulus model would produce complete information about future 

stimuli .  Give n a  stimulu s x t  a t  tim e t ,  i t  woul d b e abl e t o repl y wit h E  {xt̂ k \  xt\ , 

fo r  an y k  >  0 .  Conside r  th e specia l  cas e o f  th e stimul i  x t  bein g generate d b y a  Marko v 

proces s wit h stat e transitio n matri x P  * ,  wher e eac h x t  i s  a  vecto r  wit h on e componen t 

fo r  eac h state ,  tha t  componen t  bein g 1  whe n th e Marko v proces s i s i n tha t  stat e an d 0 

otherwise .  The n E  {xt+ i  \  xt }  =  Px t  and ,  i n fact ,  E  {xt̂ i ^  \  xt }  =  P*Xf .  Recurren t  net s 

ar e goo d a t  computin g suc h power s o f  matrices :  I f  a n autonomou s (inputless )  recurren t 

networ k wit h connectio n matri x V  =  P  i s initialize d t o y  =  xt ,  the n it s activit y wil l 

naturall y compute ,  i n sequence ,  th e desire d P^xt . 

Thi s i s th e matri x  [pij] ,  wher e eac h p, y i s th e probabilit y  o f  a  transitio n fro m stat e j  t o stat e t , 
give n tha t  th e proces s i s i n stat e j . 
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The abov e i s a  particularl y clea r  specia l  case ,  bu t  i s o f  littl e valu e i n mos t  practica l 

cases .  Th e principa l  proble m i s tha t  thi s appro2ic h focuse s o n a  single-ste p mode l  o f  th e 

world .  I t  Cci n kno w tha t  A  precede s B  onl y i f  A  immediatel y precede s B ,  o r  i f  distinc t  stimul i 

C,  D ,  E ,  etc. ,  occu r  fo r  ever y ste p intervenin g betwee n A  an d B .  Thi s approac h force s 

th e mode l  t o b e a n extremel y local ,  myopi c one ,  whil e th e majo r  observabl e regularitie s 

inevitabl y appea r  a t  a  variet y o f  tim e scales .  Alternatively ,  w e ca n imagin e learnin g 

sepeiratel y th e 1-step ,  2-step ,  3-step ,  etc. ,  transitio n probabilitie s fo r  th e environment , 

and the n usin g eac h t o answe r  specifi c  questions .  However ,  thi s appro2Lc h violate s th e 

whol e ide a o f  maJcin g multiple-ste p prediction s b y combinin g sepajat e predictiv e steps .  I n 

addition ,  i t  i s  no t  clea r  tha t  al l  thi s informatio n i s needed .  D o w e nee d t o kno w wha t  i s 

goin g t o happe n a t  ea^ h futur e tim e ste p separately ,  o r  ca n som e o f  thi s informatio n b y 

merge d withou t  significan t  loss ? T o answe r  thi s questio n w e mus t  tur n t o tha t  o f  ho w th e 

prediction s ar e goin g t o b e used . 

The ultimate use of the model will be to answer questions of the form "how desirable 

ar e th e consequence s o f  thi s possibl e action? "  an d "no w tha t  I'v e mad e a m action ,  ho w 

wel l  doe s i t  appea r  t o hav e turne d out? "  On e consequenc e o f  thi s i s tha t  w e wil l  no t  b e s o 

concerne d wit h makin g prediction s o f  wha t  wil l  happe n a t  specifi c  futur e time s a s muc h a s 

we w e wil l  b e concerne d wit h th e su m o f  futur e predictions .  Rathe r  tha n predictin g tha t 

" A wil l  probabl y happe n a t  t  +  k, "  w e wil l  wan t  t o predic t  " A wil l  probabl y happe n n 

time s i n th e nea r  future. "  Rathe r  tha n predictin g Xf+ k w e wis h t o predic t  somethin g mor e 

lik e ̂ n= i  xt+ n •  A  simila r  approach ,  bu t  whic h avoid s a n abrup t  cutof f  a t  a n arbitrar y 

tim e limi t  t  +  k ,  i s t o predic t  Yl'̂ = i  l^^t+n ,  wher e 0  <  7  <  1 .  Thi s measur e add s u p 

al l  futur e stimul i  xt+ t  >  weightin g eac h accordin g t o 7 *  ,  i.e. ,  th e farthe r  i n th e futur e a 

stimulu s wil l  occur ,  th e les s i t  contribute s t o th e sum .  Th e valu e o f  7  determine s ho w 

rapidl y th e weightin g o f  futur e stimul i  drop s off . 

An estimate of YlnLi l"'^t+n is also readily computed by a recurrent network if its 

connectio n matri x incorporate s th e environment' s probabilit y  transitio n matrix .  Th e equi -

libriu m valu e fo r  th e proces s give n b y (l )  i s  Yln'=o^^^ t  (takin g x  =  xt) .  I f  V  i s a 

fractio n 7 P o f  th e probabilit y  transitio n matri x P  o f  a  Marko v process ,  the n thi s su m 

i s E  {Yl'̂ =ol"'̂ t+n }  ,  fro m whic h th e desire d quantity ,  E  {Yl'^=il^^t+n }  ca n b e imme -

diatel y obtaine d b y subtractin g xt .  I n othe r  words ,  i f  V  i s a  fractio n o f  th e one-ste p 

predictiv e relationship s o f  th e environment ,  the n th e networ k wil l  converg e t o prediction s 

of  ho w ofte n eac h stim.ulu s wil l  occu r  i n th e nea r  future . 

A major advantage of being concerned only with the sum of all future predictions is 

tha t  on e ca n easil y incorporat e prediction s tha t  spa n severa l  step s an d tha t  canno t  b e 

made a s chain s o f  one-ste p predictions .  Recal l  tha t  thes e ar e neede d whe n A  precede s B 

wit h a  "gap "  o f  on e o r  mor e tim e step s wit h n o distinc t  stimul i  filling  th e gap .  Le t  u s cal l  a 

predictio n "irreducible "  i f  i t  canno t  b e reduce d t o a  chai n o f  shorte r  predictions .  Al l  single -

ste p prediction s ar e irreducibl e predictions ,  and ,  a s w e discusse d above ,  fo r  th e specia l  cas e 

of  Marko v environment s tha t  revea l  thei r  stat e completely ,  thes e ar e th e onl y irreducibl e 
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predictions .  I n almos t  an y rea l  problem ,  however ,  multi-ste p irreducibl e prediction s ar e 

common. 

Irreducible predictions have a nice relationship to sums of future predictions. As a 

generalizatio n o f  th e one-ste p predictio n matri x P ,  w e propos e th e irreducibl e predictio n 

matri x P  ,  whos e element s p, y represen t  th e irreducibl e predictio n o f  th e t  t h inpu t  fro m 

th e presenc e o f  th e j  t h input .  W e conjectur e tha t  a s lon g a s on e i s intereste d onl y i n th e 

s u m o f  futur e prediction s on e ca n replac e P  wit h P ,  i.e. ,  tha t  Yln'=o^"^ ^  ~  YlnLo^^^ ^ 

Vx .  *  I f  on e i s discounting ,  thing s ar e slightl y mor e complicated .  I n orde r  fo r  Yl'̂ = o ̂ ^ ^ 

t o matc h X)nL o l^P^ ^  >  th e irreducibl e prediction s i n P  shoul d b e discounte d accordin g 

t o thei r  length ,  i.e. ,  one-ste p prediction s shoul d b e discounte d b y 7 ,  two-ste p irreducibl e 

prediction s b y 7 ^  ,  etc .  A n exampl e i s give n belo w a s par t  o f  th e simulatio n results . 

The Learning Procedure 

At each new time step t -\- 1 the environment generates a new stimulus vector xt+i. 

H ow Ce m thi s informatio n b e use d t o updat e th e prediction s mad e b y th e ne t  a t  tim e t 

usin g x t  ?  Withi n eac h tim e ste p th e networ k i s ru n completel y t o equilibriu m (b y repeate d 

applicatio n o f  (1) )  fo r  bot h x t  an d xt+i ;  le t  u s denot e th e equilibriu m valu e fo r  th e net' s 

activit y i n respons e t o x t  a s z ,  an d th e equilibriu m valu e i n respons e t o xt+ i  a s z' .  Wha t 

i s th e desire d relationshi p betwee n z  an d z '  ?  Recal l  tha t  z  i s suppose d t o estimat e th e 

discounte d su m o f  futur e x  's : 
00 

Z^Yl^^'xt+n . 

Similarly, z' « XT^o l^^t+n+i, so 2 's desired value can be rewritten in terms of z' as 

Z fii Xt + 72'. 

The difference between z and xt + '^z' can be taken as an error in z and used to update 

th e connectio n matri x V .  Accordin g t o th e learnin g scheme ,  eac h connectio n weigh t  i s 

incremente d proportionall y t o th e produc t  o f  thi s differenc e (X f  +  72 '  — 2 )  a t  th e post -

connectio n elemen t  an d th e recen t  externa l  inpu t  t o th e pre-connectio n element .  Thi s 

chang e tend s t o caus e z  t o chang e s o a s t o reduc e th e difference .  Symbolically ,  th e 

learnin g schem e i s define d by : 

AVi = /?(xf + 72' - ^jxf, Vo = 0, 

where /? is a positive learning constant and xj' denotes the transpose of a vector Xf of 

average s o f  recen t  value s o f  x  (takin g th e transpos e make s th e vecto r  produc t  her e a n 

Thi s shoul d probabl y b e take n a s a  forma l  statemen t  o f  th e definitio n o f  a n irreducibl e prediction , 

wit h th e conjectur e bein g tha t  suc h a  matri x P  exists . 
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oute r  product) ,  x t  i s  iterativel y compute d a s follows : 

xt = X£t-i + (1 - A)zt, xo = 0 

where the parameter A, 0 < A < 1, determines how strongly previous values of x influence 

curren t  change s t o V  . 

Simulation Results 

Figure 1 shows the state transition structure of a simple autonomous Markov process. 

The number s o n th e arc s indicat e th e probabilit y  tha t  th e indicate d transitio n occurs ;  thi s 

informatio n i s als o give n i n th e stat e transitio n matri x P .  Usin g th e method s describe d 

above ,  a  networ k successfull y learne d t o mode l  thi s environment .  Th e stimul i  presente d t o 

th e ne t  wer e uni t  basi s vector s distinctl y identifyin g th e curren t  state :  i f  th e environmen t 

was i n stat e i  a t  tim e t ,  the n th e i  t h componen t  o f  x t  wa s 1  an d al l  othe r  component s 

wer e 0 .  Th e parameter s use d wer e 7  =  .5 ,  / ? =  .! ,  aji d A  =  .5 .  Th e activit y o f  th e 

networ k afte r  20 0 step s wa s use d a s a n approximatio n t o it s asymptoti c behavior .  Figur e 

2 show s a  compariso n o f  7 P an d th e V  matri x foun d b y th e learnin g algorith m afte r  100 0 

steps :  Th e matc h i s quit e good ;  b y choosin g / ? smalle r  an d takin g mor e step s w e wer e 

abl e t o mak e V  approac h 7 P a s closel y a s w e desired . 

P = 

/ O 0  . 5 .5 \ 

1 0 0  0 

0 1  0  . 5 

VO 0  . 5 0  7 

Figur e 1 .  Stat e transitio n structur e an d matri x o f  a  simpl e 
au tonomou s M a r k o v process .  Eac h circl e represent s a  stat e o f 
th e proces s an d eac h ar c a  possibl e stat e transition .  Th e number s o f 
th e arc s indicat e th e probabilit y  o f  th e stat e trajisition . 

Next  w e introduce d a  "gap "  i n th e environment .  Th e stimulu s vecto r  fo r  Stat e 2 

was change d t o 0 ,  s o tha t  nothin g coul d b e associate d wit h it .  A s a  result ,  th e two-ste p 

predictiv e relationshi p betwee n Stat e 1  an d Stat e 3  becam e irreducible .  Figur e 3  show s 

th e ne w matri x found .  Sinc e stimulu s componen t  2  n o longe r  occurs ,  nothin g ha s becom e 

associate d wit h it .  Th e association s fro m 1  t o 2  an d fro m 2  t o 3 ,  whic h wer e formerl y eac h 

of  strengt h 7 ,  hav e bee n replace d b y a  singl e associatio n fro m 1  t o 3  o f  strengt h 7 ^  .  Thi s 

two-step ,  direc t  associatio n fro m 1  t o 3  compensate s fo r  th e network' s inabilit y  t o for m 
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Figur e 2 .  C o m p a r i s o n o f  7 P a n d th e foun d connectio n matr i x V  fo r  th e 
environmen t  s h o w n i n Figur e 1 . 

an indirec t  associatio n fro m 1  t o 3  b y wa y o f  th e no w undetectabl e Stat e 2 .  A s a  result , 

th e prediction s fro m al l  state s othe r  tha n Stat e 2  ar e exactl y th e sam e a s the y wer e whe n 

Stat e 2  wa s observable .  Figur e 4  compare s th e idea l  tota l  predictio n matri x Yl^= i  7"P " 

wit h th e tota l  predictio n matri x ^ ^ j  V "  foun d b y th e network . 
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Figur e 3 .  T h e connectio n matri x foun d fo r  th e 
environmen t  s h o w n i n Figur e 1  w h e n Stat e 2  w a s 
a "gap "  an d coul d no t  b e th e basi s fo r  predic -
tions . 

Finally ,  w e simulate d th e large r  Marko v environmen t  show n i n Figur e 5 ,  an d w e in -

troduce d a  reinforcemen t  learnin g mechanis m t o illustrat e ho w a  mode l  learne d b y thi s 

metho d ca n b e use d t o improv e performanc e o n reinforcemen t  learnin g tasks .  A t  eac h 

tim e ste p on e o f  tw o actions ,  L E F T o r  R I G H T ,  wa s selecte d b y th e reinforcemen t  learnin g 

system .  Thi s selectio n determine s whic h o f  th e arc s fro m eac h stat e show n i n Figur e 5  wa s 

followed ;  wher e a  stat e ha s onl y on e ar c leavin g it ,  th e ar c wa s followe d independen t  o f 

th e actio n selected .  Th e experimen t  ha d tw o phases ,  1 )  a  pretrainin g phase ,  durin g whic h 

no reinforcemen t  wa s delivere d an d th e environmen t  wa s randoml y explored ,  an d 2 )  a  tes t 

phase ,  durin g whic h reinforcemen t  wa s delivere d upo n reachin g stat e F .  Durin g th e tes t 

phase ,  optima l  performanc e i s achieve d b y selectin g th e R I G H T actio n fro m state s A ,  B , 

C,  an d D ,  thereb y movin g aroun d th e maz e a s rapidl y a s possibl e an d visitin g stat e F  a s 
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Figur e 4 .  Compar iso n o f  idea l  an d foun d tota l  predictio n matrice s fo r 
th e environmen t  s h o w n i n Figur e 1  wit h Stat e 2  a  "gap" . 

Figur e 5 .  Stat e transitio n structur e o f  a  large r  M a r k o v 
environment .  Stat e F  i s observabl e an d reinforcin g durin g 
th e tes t  phas e o f  th e experiment . 

frequentl y a s possible . 

During the test phase, all states were represented in the usual way: There was one 

componen t  o f  th e stimulu s vecto r  fo r  eac h state ,  an d i f  th e environmen t  wa s i n tha t  state , 

the n th e componen t  wa s 1 ,  otherwis e i t  wa s 0 .  A  non-zer o 10t h component ,  correspondin g 

t o stat e F ,  wa s viewe d a s reinforcemen t  b y th e reinforcemen t  learnin g algorithm .  T o 

preven t  reinforcemen t  durin g th e pretrainin g phase ,  th e 10t h componen t  o f  th e stimulu s 

vecto r  wa s hel d a t  0 ,  makin g stat e F  a  "gap "  state . 

We ran two learning systems on this experiment, called MODEL and NOMODEL. 

M O D EL constructe d a n interna l  mode l  durin g th e pretrainin g phas e an d the n use d th e 

model  durin g th e tes t  phas e b y reinforcin g it s actio n selection s accordin g t o change s i n th e 

model s prediction s o f  reinforcement ,  i.e. ,  accordin g t o th e 10t h componen t  o f  x t  +  72 '  — z . 

N O M O D EL di d no t  construc t  a  mode l  an d reinforce d it s actio n selection s accordin g t o 

externa l  reinforcemen t  directly ,  i.e. ,  accordin g t o th e 10t h componen t  o f  x .  Bot h system s 

selec t  thei r  action s b y maintainin g a  weigh t  Wi  fo r  eac h stat e i .  W h e n stat e i  i s  entered , 

R I G HT i s selecte d wit h probabilit y  1/( 1 +  e'^^l"^) ,  T  a  positiv e parameter ;  otherwis e 
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L E F T i s selected .  I f  Wi  i s zer o (a s i t  i s  initially) ,  the n thi s probabilit y  i s  1/2 .  I f  u;, -

i s  positiv e the n R I G H T wil l  b e favore d i n stat e i ,  an d i f  ly ,  i s  negative ,  L E F T wil l  b e 

favored .  Whateve r  actio n i s selecte d i n a  state ,  th e probabilit y  o f  repeatin g tha t  actio n 

wil l  b e incremente d o r  decremente d proportionall y t o th e reinforcemen t  (a s define d abov e 

fo r  M O D EL an d N O M O D E L)  tha t  follow s th e actio n selection .  Th e siz e o f  th e incremen t 

or  decremen t  als o depend s o n ho w closel y th e reinforcemen t  follow s th e actio n selection ;  i t 

i s  proportiona l  t o A *  ,  wher e k  i s th e (possibl y zero )  numbe r  o f  step s intervenin g betwee n 

actio n an d reinforcement .  Fo r  a  mor e complet e discussio n o f  th e typ e o f  reinforcemen t 

learnin g algorith m employe d her e se e (Sutton ,  1984 ;  Barto ,  Sutton ,  an d Anderson ,  1983) . 

In theory, the use of a model can be a great advantage on this task. The "wrong" 

action s fro m state s A ,  B ,  C ,  an d D  al l  ultimatel y lea d t o th e goa l  state ,  jus t  mor e slowl y 

tha n th e correc t  actions .  Withou t  a  model ,  a  learnin g syste m ca n easil y becom e stuc k 

maJfin g a  wron g actio n selectio n withou t  realizin g tha t  i t  coul d d o better .  T o avoi d this , 

learnin g mus t  b e ver y slow .  Wit h a  model ,  o n th e othe r  hand ,  thi s proble m ca n b e 

completel y avoided .  Onc e reinforcemen t  ha s bee n receive d i n stat e F ,  a  pre-existin g mode l 

ca n meik e goo d prediction s o f  reinforcemen t  fro m ever y state .  Fo r  example ,  th e mode l 

woul d immediatel y predic t  tha t  stat e C  i s bette r  (close r  t o reinforcement )  tha n stat e C , 

tha t  stat e B  i s bette r  tha n stat e B' ,  etc .  Arme d wit h thi s informatio n abou t  th e relativ e 

desirabilit y  o f  states ,  i n theor y a  muc h bette r  jo b ca n b e don e assignin g credi t  an d blam e 

t o actio n selections . 

Both the pretraining and test phases lasted until the learning system had completed 100 

circuit s o f  th e environmen t  fro m stat e A  bac k t o stat e A .  Th e first  reinforcemen t  occurre d 

on th e 101s t  circuit .  Fo r  th e N O M O D EL learnin g syste m w e use d th e parameter s tha t  gav e 

th e bes t  performanc e o n thi s problem .  Thes e wer e T  =0. 5 an d X^ ,  =0.3 .  Fo r  th e M O D EL 

learnin g system ,  w e chos e "reasonable "  paramete r  value s withou t  makin g an y attemp t  t o 

find  th e best .  Fo r  th e reinforcement-learnin g par t  o f  th e system ,  th e parameter s use d wer e 

T =10an d A^ ,  = 0 ;  fo r  th e model-learnin g par t  o f  th e system ,  th e parameter s use d wer e 

A = 0 ,  /3=0.01 ,  an d 7=0.8 .  Th e activit y o f  th e networ k afte r  1 0 application s o f  (1 )  wa s 

use d a s a n approximatio n t o it s asymptoti c (equilibrium )  activity . 

We found that the MODEL system did in fact perform much better than the 

N O M O D EL learnin g syste m o n thi s task .  Figur e 6  compare s th e performanc e o f  th e 

M O D EL an d N O M O D EL learnin g system s o n thi s experiment .  Averag e performanc e ove r 

10 run s i s plotte d fo r  eac h learnin g syste m fo r  eac h circui t  o f  th e tes t  phase .  Th e per -

formanc e measur e use d fo r  a  circui t  i s  th e numbe r  o f  step s actuall y take n i n completin g 

th e circuit .  Not e tha t  lowe r  value s ar e bette r  fo r  thi s performanc e measure .  Th e learn -

in g syste m withou t  a  mode l  clearl y ha d a  difficul t  tim e wit h thi s task .  It s performanc e 

improve d ove r  th e duratio n o f  th e tes t  phase ,  bu t  remaine d errati c an d fa r  fro m optimal . 

Th e learnin g syste m wit h a  model ,  o n th e othe r  hand ,  acheive d optima l  o r  nea r  optima l 

performanc e afte r  jus t  3  circuit s o n al l  te n runs .  Th e us e o f  a  mode l  result s i n a  muc h 

highe r  performanc e leve l  afte r  fewe r  experience s wit h reinforcemen t  o n thi s task . 
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Figur e 6 .  Averag e learnin g curve s fo r  th e 
M O D EL an d N O M O D EL learnin g system s dur -
in g th e tes t  phas e o f  th e experimen t  w h o s e en -
vironmen t  i s s h o w n i n Figur e 5 .  A  circui t  i s  a 
complet e tri p fro m stat e A  bac k t o stat e A .  Th e hori -
zonta l  axi s show s circui t  number ,  an d th e vertica l  axi s 
shows step s take n t o complet e th e circuit .  Not e tha t 
a lowe r  circui t  tim. e correspond s t o bette r  performance . 
Th e lowe r  dcishe d lin e indicate s th e optima l  (fastest ) 
performanc e level ,  an d th e uppe r  dashe d lin e indicate s 
th e chanc e performajic e leve l  (acheive d i f  R I G H T an d 
L E F T action s ax e chose n wit h equa l  probabilit y  fro m 
al l  states) . 

Conclusion s 

The modeling and internal simulation of the world is an important part of cognition, 

and on e whic h th e connectionis t  approac h mus t  eventuall y address .  Surprisingly ,  i n certai n 

respect s connectionis m i s ver y wel l  suite d t o worl d modeling .  A  dynamicall y evolvin g 

networ k caj i  b e use d a s a  worl d mode l  b y linkin g it s activit y t o state s o f  th e world ,  a s i s 

commonl y done ,  an d b y linkin g th e evolutio n o f  tha t  activit y t o th e evolutio n o f  worl d 

states ,  a s ha s bee n don e here .  Th e specifi c  metho d use d her e t o shap e tha t  th e network' s 

evolutio n ha s advantage s wit h regar d t o th e spannin g o f  gap s i n stimulu s sequences ,  but 

i s limite d t o formin g stimulus-stimulu s a s oppose d t o response-stimulu s models .  W e hav e 

trie d t o mak e th e poin t  tha t  connectionis t  interna l  model s ar e feasible ,  eve n natural ,  an d 

t o sho w a n exampl e o f  ho w the y ca n b e use d t o improv e performanc e o n simpl e learnin g 

tasks . 
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