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(412 )  268-315 7 

ABSTRACT 

A connectionist network has been used to simulate the solution, using a hill-climbing heuristic, 

of  th e D O G -  >  C A T puzzl e (changin g 1  lette r  a t  a  time ,  generat e a  sequenc e o f  3-lette r  word s 

beginnin g wit h D O G an d endin g wit h C A T )  an d a  simple r  varian t  o f  th e 8-til e puzzle ,  th e 

dog-cat-mous e ( D C M )  ̂'uzzl e devise d b y Klah r  (1985) .  Distribute d representation s hav e bee n 

use d t o represen t  th e dilFcren t  possibl e state s o f  th e puzzles .  Thes e state s ar e learne d b y th e 

networ k an d becom e loca l  energ y min im a o f  th e system .  T o simulat e th e sequenc e o f  state s 

correspondin g t o a  solutio n o f  th e puzzle ,  th e initia l  stat e o f  th e networ k i s se t  t o th e star t 

state ,  an d th e goa l  stat e i s  presente d t o th e networ k a s a  continuou s input .  A  sequenc e oi " 

state s i s generate d b y habituation ,  a  short-ter m modificatio n o f  th e connectio n strength s when -

eve r  al l  th e element s i n th e networ k ar e maximall y o r  minimall y activated ,  an d b y exploitin g 

th e propert y tha t  successiv e state s comprisin g th e solutio n ar e similar . 

Puzzle s an d game s hav e bee n studie d 

extensivel y becaus e the y illustrat e th e importanc e 

of  searc h i n issue s o f  proble m solving .  I n th e 

classi c 8-puzzle ,  fo r  example ,  8  uniquel y n u m -

bere d tile s fit  int o a  3-by- 3 matri x wit h on e ope n 

space .  T o solv e th e puzzle ,  a  til e adjacen t  t o th e 

ope n spac e i s  sli d int o tha t  position ,  which ,  i n 

turn ,  create s a  n e w configuratio n wit h th e ope n 

spac e n o w i n a n adjacen t  position .  Thi s contin -

ues unti l  th e goa l  stat e ( a particula r 

configuratio n o f  th e tiles )  i s attained . 

Althoug h quit e a  larg e numbe r  o f  distinc t 

configuration s exis t  (9 !  =  362,880 ,  excludin g 

rotation s an d reflections) ,  a  fe w move s ar e 

sufficien t  t o ge t  t o th e goa l  stat e fro m an y start -

in g state .  F r o m an y give n configuration ,  ther e 

ar e 2 ,  3 ,  o r  4  possibl e successiv e state s dependin g 

o n whethe r  th e ope n spac e i s a t  a  comer ,  a n 

edge ,  o r  th e center ,  respectively .  I f  move s bac k 

t o th e previou s stat e ar e no t  allowed ,  eve n fewe r 

possibilitie s arise .  T h e se t  o f  configuration s tha t 

ar e possibl e comprise s th e proble m spac e o r  stal e 

space .  Th e differen t  way s o f  transfonrun g on e 

stat e t o anothe r  ar e k n o w n a s operators . 

O ne approac h t o solv e thi s puzzl e involve s 

th e us e o f  searc h tree s (o r  graphs) .  Eac h nod e 

i n th e tre e represent s a  particula r  configuratio n 

of  th e puzzle ,  an d arc s coimec t  possibl e succes -

siv e configurations .  Begirmin g a t  th e roo t  o f  th e 

tree ,  th e star t  state ,  th e tre e ca n b e systematicall y 

searche d i n a  breadth-firs t  (explorin g al l  th e 

node s a t  on e leve l  befor e goin g t o th e nex t  lowe r 

level )  o r  depth-firs t  (followin g a  pat h fo r  a  fixed 

number  o f  levels ,  the n retracin g tha t  pat h an d 

explorin g alternativ e path s i f  th e searc h fails ) 

manner . 

I n contras t  t o th e algorithmi c solutio n 

describe d above ,  a  simpl e heuristi c ca n b e use d 

instead .  O n e suc h heuristic ,  hill-climbing ,  con -

sist s o f  selectin g tha t  chil d o f  th e curren t  nod e 

tha t  i s closes t  t o th e goa l  state ,  the n selectin g th e 

bes t  chil d o f  tha t  nod e whil e ignorin g it s sibling s 

an d off"sprin g o f  thos e siblings .  N o m e m o r y o f 

previou s state s considered ,  no r  th e pat h tha t  le d 

t o th e curren t  stat e nee d b e stored .  Suc h 

method s ar e appealin g becaus e the y ar e usuall y 
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faste r  (whe n successful )  an d see m t o mirro r  a t 

leas t  som e o f  th e processe s o f  h u m a n proble m 

solvers . 

O ne importan t  charactensci c o f  possibl e 

successiv e state s tha t  wil l  b e exploite d i n thi s 

stud y i s tha t  change s fro m on e stat e t o anothe r 

ar e incremental ,  wit h successiv e state s bein g a s 

simila r  a i  the y coul d possibl y b e withou t  bein g 

identical .  Note ,  however ,  tha t  no t  al l  suc h 

minimall y distinc t  state s ar e possibl e successor s 

of  eac h other .  I n th e 8-puzzle ,  fo r  example ,  onl y 

thos e involvin g th e m o v e m e n t  o f  a  til e fro m it s 

curren t  positio n t o a n adjacen t  empt y positio n 

ar e possibl e successors ,  wherea s configuration s 

wit h tw o tUe s switche d ar e not . 

I n implementation s t o date ,  eac h stat e ha s 

bee n bee n represente d a s a  distinc t  node ,  wit h 

arc s representin g lega l  m o v e s betwee n tw o states . 

A distribute d representatio n (wher e eac h stat e i s 

represente d a s a  patter n o f  activit y ove r  a  se t  o f 

features )  can ,  however ,  m o r e naturall y exploi t 

th e hill-cUmbin g heuristic .  •  Ther e ha s bee n a  lo t 

of  discussio n o f  distribute d representation s 

(Anderson ,  Silverstein ,  Ritz ,  an d Jones ,  1977 ; 

Hinton ,  McClelland ,  an d Rumelhart ,  1986 ; 

K n a p p an d Anderson ,  1984 ;  .McClellan d an d 

Rumelhart ,  1985 )  b y investigator s usin g a n 

approac h k n o w n i n som e circle s a s paralle l  dis -

tribute d processing ,  o r  mo r e generally ,  connec -

tionism ,  tha t  explore s paralle l  computin g archi -

tectures .  Suc h distribute d representation s hav e 

bee n show n t o b e importan t  i n issue s o f  learnin g 

and generalization .  Thi s stud y show s tha t  thi s 

representatio n schem e ca n b e exploite d i n issue s 

of  proble m solvin g a s well . 

T o date ,  on e drawbac k wit h a  coimection -

is t  approac h arise s fro m th e fac t  tha t  onc e th e 

networ k o f  element s settl e int o a  state ,  th e net -

wor k remain s i n tha t  state .  Thus ,  criticism s exis t 

tha t  whil e a  solutio n boun d b y a  se t  o f  con -

•  Th e reade r  i s cautione d t o b e awar e tha t  tw o closel y 
relate d notion s o f  hill-climbin g ar e use d i n thi s paper . 
One I S fro m th e A I  literatur e o n searc h heursitics ,  an d 
th e othe r  one .  quit e simila r  i n spirit ,  anse s fro m th e 
connectionis i  literatur e i n term s o f  searchirv g fo r  a  par -
ticula r  stat e (energ y minimum) .  I n th e framewor k o f 
thi s paper ,  th e forme r  influence s th e selectio n o f  subse -
quent  states ,  an d th e latte r  allow s th e networ k t o find 
loca l  energ y minima .  T o minimiz e possibl e confusion , 
th e term s relaxin g o r  settlin g wil l  b e use d i n discussion s 
of  finding  loca l  energ y minima . 

slr.iint s ca n b e foun d m parallel ,  seria l  behavio r 

ri' ;  iirin g transition s t o successiv e state s carmo t 

be simulate d b v thes e networks . 

Rumelhart ,  Smolensky ,  McClelland ,  an d 

Hiitto n (1986 )  pointe d ou t  tha t  th e dilemn a 

regardin g sequence s o f  state s ca n b e resolve d b y 

notin g tha t  th e syste m ca n chang e wit h a  chang e 

i n th e externa l  environment ,  a  chang e tha t  ca n 

be effecte d i n s o m e case s b y th e experience r 

(e.g. ,  g a m e playing) .  T h e y als o note d tha t  thes e 

idea s ca n b e extende d i n a  w a y tha t  allow s theii e 

network s t o simulat e menta l  simulation . 

Ther e is ,  however ,  a  clas s o f  stimu U tha t 

ar e mul t  i s  tabl e (e.g. ,  th e Necke r  cube) .  I n thes e 

cases ,  a  fixed  stimulu s ca n b e perceive d i n tw o 

differen t  configurations '  tha t  alternat e wit h eac h 

other .  Thes e stimu U sugges t  a n alternativ e base d 

o n th e notio n o f  habituation ,  whereb y continue d 

activit y o f  a  pai r  o f  element s result s i n a  short -

ter m attenuatio n o f  tha t  cormectio n ( K a w a m o t o 

& Anderson ,  1985) .  Thi s propert y wU l  b e use d 

t o simulat e th e solution ,  usin g "weak "  methods , 

of  tw o simpl e puzzles ,  th e D O G -  >  C A T p v a z l e 

(i.e. ,  chang e D O G t o C A T b y replacin g on e 

lette r  suc h tha t  eac h lette r  triple t  i s a  lega l  wo rd ) 

as wel l  a s a  simple r  varian t  o f  th e 8-puzzl e dev -

ise d b y Klah r  (1985 )  knowT i  a s th e dog-cat -

mouse (DCM )  problem . 

T HK M O D EL 

The approac h use d her e i s base d o n th e 
wor k o f  Anderso n an d hi s colleague s (Anderson , 
Silverstein ,  Ritz ,  &  Jones ,  1977 ;  Anderson , 

1983) .  Sinc e thi s mode l  ha s bee n describe d i n 

detai l  elsewher e (Anderson ,  e t  al. ,  1977 ;  Ander -

son ,  1983 ;  Kawamot o &  Anderson ,  1985) ,  onl y 

th e majo r  point s an d mor e recen t  development s 

wil l  b e note d here .  Th e us e o f  a  networ k o f  sim -

pl e processin g element s operatin g i n p.u-alle l  t o 

simulat e cognitiv e phenomeno n i s ver y simila r  t o 

many other s (se e Feldman ,  1985 ;  McClellan d & 

Rumelhart ,  1986; .  Rumelhar t  &  McClelland , 

1986) . 

Network architecture 

Auto-associativ e network .  T h e principl e 

networ k consiste d o f  21 6 elements ,  wit h eac h 

elemen t  formin g cormection s t o ever y othe r  ele -

ment  i n th e networ k (henc e th e n a m e ,  auto -
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associative) .  Th e activit y o f  a n elemen t  i s 

represente d a s a  rea l  valu e rangin g betwee n -1. 0 

and +  1.0 .  Thes e limit s constrai n th e activit y o f 

th e networ k withi n a  liigh-dimensionalit y hyper -

cub e an d i s th e basi s fo r  referrin g t o thi s mode l 

as th e "brain-statc-in-a-box. "  Th e activit y o f  a n 

elemen t  change s wit h time ,  wher e tim e change s 

i n discret e steps ,  suc h tha t  subsequen t  activit y o f 

an element ,  x, ,  i s  simpl y th e su m o f  th e input , 

s, ,  som e fraction ,  5 ,  o f  it s  activit y a t  th e previou s 

iteration ,  an d th e activit y o f  al l  th e othe r  ele -

ments ,  Xj ,  weighte d b y th e cormectio n strength , 

CO,. .  Tha t  is . 

X, U + h = L/.V//r|s, + 5x, (0 +10),; x/01. (1) 

where Z,LV/Z7 -constrains the activity to the range 

fro m -1. 0 t o ^  l.O .  Th e strength s o f  thes e con -

nection s ar c determine d adaptivel y durin g th e 

learnin g phas e i n th e manne r  describe d i n a  late r 

section .  Sinc e eac h elemen t  i s cormecte d wit h 

ever y othe r  element ,  a  feedbac k loo p i s forme d 

and th e stat e o f  th e syste m continue s t o chang e 

unti l  al l  th e element s i n th e networ k ar e 

saturate d (i.e. ,  minimall y o r  maximall y 

activated) . 

Associativ e network .  Fo r  th e D C M puzzl e 

only ,  th e networ k wil l  b e supplemente d wit h a 

secon d se t  o f  21 6 element s whos e activit y 

represent s th e mos t  recen t  puzzl e configuration . 

Cormection s fro m /  t h elemen t  o f  thi s se t  o f  de -

ment s form s connection s v ^  t o th e j  t h elemen t 

of  th e firs t  se t  o f  elements .  Th e cormection s v, y 

captur e th e constrain t  o n lega l  moves . 

Representation 

I n thi s approach ,  eac h stat e i s represente d 

as a  patter n o f  feature s tha t  ar e eithe r  o n ( a 

valu e o f  +  1.0 )  o r  of f  ( a valu e o f  -1.0) .  Fo r  bot h 

th e D O G -  >  C A T puzzl e an d th e D C M puzzle , 

ther e ar e alway s a  fixed  numbe r  o f  component s 

tha t  compris e th e configuration .  I n th- j  first 

case ,  ther e ar e alway s onl y 3  letters ,  an d i n th e 

secon d case ,  ther e ar e alway s a  fixed  numbe r  o f 

position s an d 3  token s place d i n thos e positions . 

A wor d o r  configuratio n i s forme d simpl y b y 

concatenatin g pattern s correspondin g t o letters , 

or  token s an d thei r  positions .  A  mor e detaile d 

descriptio n o f  th e representation s wil l  b e post -

pone d unti l  th e puzzle s themselve s ar e discussed . 

Learning 

An importan t  aspec t  o f  modelin g effort s o f 

thi s typ e i s th e trainin g involve d i n producin g a 

networ k tha t  successfull y generate s th e desire d 

outpu t  fo r  a  give n input .  Thi s i s achieve d b y 

modifyin g th e connectio n strength s betwee n 

pair s o f  element s t o captur e th e correlation s i n 

thei r  activities .  On e approac h introduce d b y th e 

earl y investigator s o f  learnin g i n network s 

(Rosenblatt ,  1962 ;  Widro w &  Hoff ,  1960 )  i s t o 

use "error-correction "  schemes .  Modificatio n o f 

th e synapti c weight s proceed s b y minimizin g 

(i.e. ,  correcting )  th e erro r  betwee n th e desire d 

outpu t  an d th e actua l  output .  Fo r  example ,  i f 

th e patter n g  (representin g a  3-lette r  wor d o r  a 

particula r  puzzl e configuration )  i s t o b e learned , 

th e differenc e betwee n th e correc t  valu e o f  th e i 

t h elemen t  o f  g ,  g, ,  an d it s actua l  valu e afte r  a 

singl e iteratio n throug h th e network ,  g,' ,  i s  use d 

t o determin e th e exten t  o f  th e modification . 

Here ,  g ,  i s  simpl y 

g;=LIMIT[Z<o,jgj\ . 
j 

(2 ) 

Afte r  a  learnin g trial ,  eac h connectio n strengt h 

<B,y i s modifie d b y 

A%='n(g,-g')g; . (3 ) 

wher e r |  i s  a  scala r  learnin g constant . 

For  th e D C M puzzle ,  th e connection s v ^ 

captur e th e constrain t  o f  allowabl e moves .  I n 

thi s case ,  th e locatio n o f  th e ope n positio n o f  th e 

puzzl e alway s change s wit h eac h move .  Thi s ha s 

been implemente d b y associatin g th e patter n 

representin g th e ope n positio n i n eac h o f  th e 4 

differen t  slot s wit h possibl e successiv e ope n posi -

tions .  Thes e cormection s wer e modifie d accord -

in g t o a  Hebbia n learnin g schem e (Anderson ,  e t 

al. ,  1977) . 

Energy 

Althoug h learnin g i s generall y a n importan t 

consideratio n fo r  thi s modelin g approach ,  thi s 

particula r  aspec t  i s no t  o f  primar y importanc e i n 
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thi s study .  Rather ,  thi s simulatio n exploit s th e 

propert y tha t  learnin g algorithm s o f  th e typ e 

use d her e lea d t o th e inpu t  pattern s becomin g 

loca l  energ y minim a (i.e. ,  stabl e states )  o f  th e 

syste m (Golden ,  1986 ;  Hopfield ,  1982) .  I n thes e 

networks ,  eac h successiv e state ,  x ,  i s  mor e ener -

geticall y favorabl e tha n th e previou s state .  Fo r 

th e D O G - > C A T puzzle ,  a n energ y measur e 

analogou s t o on e use d b y Rumelhart ,  e t  al . 

(1986 )  i s used , 

£ (0 = - S 1% X, (Ox, (0 -1", {I )s,. (4) 

The hill-climbing search heuristic arises from the 

contributio n o f  th e stimulus ,  s ,  an d th e curren t 

activity ,  x .  Fo r  th e D C M puzzle ,  th e additiona l 

constrain t  impose d b y allowabl e transition s 

yield s 

£(0= -S1% x,(r)x/0-Sx, (/)s, (5) 

-Slv,>c,x,(0, 
-  J 

where c represents the most recent stable state. 

HabiCuation 

Sinc e th e element s a t  on e laye r  ar e inter -

connected ,  a  positiv e feedbac k loo p i s formed . 

Thus ,  onc e al l  th e element s i n th e networ k ar e 

saturated ,  the y ten d t o remai n saturated .  O n e 

solutio n t o ge t  th e syste m ou t  o f  thi s stabl e stat e 

i s t o habituat e th e syste m b y a  short-ter m 

modificatio n o f  th e connectio n strength s 

(Kawamot o &  Anderson ,  1985) .  Give n th e 

stabl e stat e c ,  a  "comer "  o f  th e hypercube ,  th e 

connection s ar e modifie d b y 

AcOy=yc,c, , (6 ) 

wher e y  i s negativ e value d scala r  constant .  Thi s 

modificatio n take s plac e o n eac h iteratio n th e 

syste m i s i n th e stabl e state .  However ,  thi s 

modificatio n i s onl y temporar y a s th e effec t 

decrease s exponentiall y  wit h time . 

Essentially ,  habituatio n result s i n a  chang e 

i n th e energ y landscape ;  i.e. ,  th e curren t  stabl e 

stat e become s les s energeticall y favorable .  A t 

some point ,  tha t  stat e n o longe r  correspond s t o 

a loca l  energ y m i n i m u m an d th e stat e o f  th e net -

wor k move s awa y fro m thi s poin t  towar d a  n e w 

loca l  energ y m i n i m u m . 

D O G-  >  C A T P U Z Z L E 

Puzzle Description 

Th e objectiv e o f  thi s puzzl e i s t o transfor m 

a give n 3-lette r  word ,  D O G.  t o a  differen t  3-lette r 

word ,  C A T ,  b y replacin g a  singl e lette r  o f  th e 

curren t  wor d o n eac h successiv e m o v e suc h tha t 

eac h n e w lette r  triple t  form s a  vali d word . 

Representation 

I n thi s simulation ,  th e 3 0 3-lette r  word s 

liste d i n Tabl e 1  wer e learne d b y th e network . 

Eac h lette r  i s  represente d b y a  72-dimensiona l 

rando m vector .  Thes e pattern s ar e simpl y con -

catenate d i n th e appropriat e orde r  t o produc e 

th e patter n fo r  eac h word . 

Simulation 

O ne aspec t  o f  thi s puzzl e tha t  make s i t 

somewhat  difficul t  i s  th e larg e numbe r  o f  possi -

bl e operator s (2 5 possibl e lette r  replacement s a t 

eac h o f  3  lette r  positions )  fo r  an y give n state , 

most  o f  whic h lea d t o non-lega l  state s (i.e. , 

non-words) .  Rathe r  tha n tryin g al l  possibilities , 

on e strateg y i s t o substitut e a  lette r  fro m th e 

curren t  wor d wit h th e lette r  i n th e correspondin g 

positio n fro m th e goal ,  e.g. ,  C  i n positio n 1 . 

(Thes e possibUtie s woul d al l  b e "uphill "  i n term s 

of  th e hill-climbin g heuristic. )  Thi s wil l  limi t  ini -

tia l  consideratio n t o jus t  3  ver y likel y possibili -

ties .  Onc e a  possibilit y  ha s bee n generated ,  i t 

ca n b e teste d t o se e whethe r  o r  no t  th e resultin g 

triple t  i s  a  wor d o r  not .  I n contras t  t o thi s 

sequentia l  metho d o f  considerin g differen t  possi -

bilities ,  th e approac h use d her e essentiall y  con -

sider s al l  choice s i n parallel .  Moreover ,  th e 

model ,  i n general ,  "considers "  onl y lega l  words . 

Afte r  th e 3 0 word s fro m Tabl e 1  wer e 

learned ,  th e networ k wa s teste d t o determin e 

whethe r  a  sequenc e o f  stabl e state s correspond -

in g t o a  solutio n coul d b e generated .  Th e initia l 

stat e o f  th e networ k wa s se t  t o D O G,  an d o n 

eac h iteration ,  th e patter n correspondin g t o th e 

goa l  stat e C A T ,  wa s provide d a s inpu t  t o th e 
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Tabl e I .  Lis t  o f  th e 3 0 3-lette r  word s learne d b y th e 

network . 

A I M 
A PE 
A RC 
B UN 
C AR 
C AT 
C OG 
C OT 
DI G 
D OG 

D OT 
D LB 
EEL 
E GO 
G NU 
G UM 
IL L 
IM P 
IR E 
L ED 

LI P 
M AD 
PI N 
O RE 
R OB 
SUB 
S UN 
TI P 
U RN 
USE 

Tabl e 2 .  A  simulatio n o f  th e solutio n D O G - > CO G 
- > COT- > CAT . 

0. DOG 

1. DOG 

20. 
23. 
36. 
47. 

48. 
59. 
78. 

87. 

88. 
95. 
98. 

111. 

114. 

OG 
O 
OG 

C OG 

C OG 
CO 

O 
C OT 

C OT 
C T 

T 
C T 
C AT 

Note :  Th e underscore s indicat e tha t  th e subse t  o f  ele -

ments ar e no t  al l  saturated . 

network. A selected sample of states during the 

iteratio n ar e displaye d i n Tabl e 2 .  Wheneve r  th e 

networ k reache s a  stabl e state ,  th e connection s 

ar e habituate d i n th e manne r  describe d earlier . 

The sequenc e o f  stabl e state s i s D O G •  > 

C OG - > C O T • > C A T .  Whil e ther e ar e n o 

character s coimno n t o bot h th e startin g state , 

D O G,  an d goa l  state ,  C A T .  eac h successiv e stat e 

i s alway s close r  t o th e solution :  i.e. ,  th e solution , 

i n term s o f  heuristi c search ,  i s strictl y uphill . 

Not e tha t  th e mode l  di d no t  generat e non-word s 

suc h a s D A G.  Thi s i s a  genera l  tendenc y tha t 

arise s becaus e th e lowes t  energ y state s o f  th e net -

wor k correspon d t o th e word s learne d durin g th e 

initia l  trainin g period. * 

Ther e ar e aĵ tuall y tw o solution s t o thi s 

puzzle .  I n additio n t o th e solutio n generate d 

here ,  a n alternativ e i s th e sequenc e D O G - > 

D OT - > C O T - > CAT .  Bot h D O T an d CO G 
represen t  equall y goo d state s wit h respec t  t o th e 

goal  state .  I n thi s particula r  solution ,  th e non -

determinis m ha s bcC n resolve d successfull y an d a 

lega l  stabl e stat e wa s generated . 

W h en a n impass e i n proble m solvin g i s 

reached ,  headwa y ca n ofte n b e mad e b y workin g 

backward s fro m th e goa l  stat e towar d th e star t 

state .  I n th e A I  literature ,  suc h a n approac h i s 

used i n searchin g simultaneousl y fro m th e star t 

stat e t o th e goa l  stat e an d fron t  th e goa l  stat e t o 

th e star t  state .  Her e too ,  suc h ar t  approac h ca n 

be used ,  an d th e networ k successfull y simulate s 

th e solutio n i n th e revers e direction ,  C A T - > 

C OT -  >  D O T -  >  D O G.  Not e tha t  here ,  th e 

solutio n take s D O T a s a n intermediat e stat e 

rathe r  tha n C O G. 

Althoug h ther e ar e fals e peak s i n thi s prob -

lem ,  a  proble m doe s no t  aris e becaus e th e initia l 

stat e i s at-th e bas e o f  th e talles t  peak .  Th e nex t 

puzzl o illustrate s a  cas e wher e th e networ k 

begin s a t  a  fals e pea k an d get s dow n from  it . 

D CM P U Z Z L E 

Puzzle Description 

I n thi s varian t  of.th e 8-puzzle ,  ther e ar e 3 

differen t  pieces ,  a  dog ,  a  cat ,  a n d a  m o u s e ,  tha t 

m u st  b e place d i n th e configuratio n s h o w n i n 

Figur e 1 .  A  piec e ca n b e m o v e d onl y t o th e 

o p e n position ,  an d onl y i f  ther e i s a  cormection , 

indicate d b y th e soli d lines ,  from  it s ctirren t  posi -

*  Ther e is .  however ,  n o guarante e tha t  th e networ k wil l 
not  generat e non-word s becaus e ther e ar e essentiall y 
onl y pair-wis e connection s betwee n element s compris -
in g a  pai r  o f  letters .  Th e probabilit y o f  settlin g int o 
state s correspondin g t o word s increase s i f  ther e ar e ad -
ditiona l  unit s uniqu e t o a  give n wor d a s propose d b y 
Hinton(1981) . 

518 



K A W A M O TO 

Tabl e 3 .  Representatio n o f  al l  possibl e configurations . 

Figur e I .  Configuratio n o f  th e D C M puzzle .  Ther e 
ar e 4  position s an d thre e tokens ,  wit h a  toke n allowe d 
t o mov e onl y t o th e ope n positio n (i f  ther e i s a 
connnectio n betwee n th e tw o locations) . 

g ^ ^  m S  , 

H /  /  S  S  0 

r 

13 m .1 4 d  /  \ e 

e\  m /  4  2 0 m 19 " 

J. 

a 

K 

Figur e 2 .  Stat e spac e representatio n o f  th e D C M 
puzzle .  (Fro m Klahr ,  1985 .  Copyrigh t  198 S b y Th e 
Societ y fo r  Researc h i n Chil d Development .  Reprinte d 

by permission. ) 

lion to the open position. 

Representation 

Disregardin g rotation s an d reflections ,  ther e 

ar e 2 4 possibl e configurations .  A  grap h showin g 

al l  possibl e state s an d lega l  transition s i s  show n 

i n Figur e 2 . 

Tabl e 3  show s th e representatio n o f  th e 2 4 

possibl e state s o f  th e puzzle .  Eac h configuratio n 

i s represented  i n th e followin g way :  T h e piec e a t 

eac h o f  th e 4  position s (D ,  C ,  M ,  an d O ) 

representing  Dog ,  Cat ,  M o u s e ,  an d th e O p e n 

position ,  respectively )  a s wel l  a s eac h piece' s 

1 
2 

3 

4 

5. 
6 

7 

8 

9 

10 

11 

12 
13 
14 

15 
16 
17 

18 
19 

20 

21 

2X 
23 
24 

D C MO 

O C MD 

C O MD 

C M OD 

C M DO 

O M DC 

M O DC 

M D OC 

M D CO 

O D CM 

D O CM 

D C OM 
O C DM 
.\ICD O 

M C OD 
M O CD 
O M CD 
D M CO 
D M OC 

D O MC 

O D MC 
C D MO 

C D OM 
C O DM 

d̂ c-̂ rri y 

dtC^m- ^ 

d^c^m- ^ 

dffi^m ^ 

d^c^m-j ^ 

d jC^m 2 

dyC^ni i 

d^^m^ 

d2C-^m^ 

d2C^ni ^ 

dyc-^m ^ 

dyCjin ^ 

^i^i'^ i 
d-iCjiri y 

d̂ ĉ tri y 

d̂ ĉ rri i 

d^c^m 2 

d^c^m 2 

diC4ni 2 

dyC^m- ^ 

^2^4/ "  3 

f/jCi^ j 

d2C^m^ 

d^c^m ^ 

Note :  Th e numbe r  fo r  eac h configuratio n correspond s 
t o tha t  depicte d i n Figur e 2 . 

position (d, c, and m) with a numerical sub-

scrip t  fro m 1  t o 4  coirespondin g t o it s  position) , 

ar e indicate d b y a  distinc t  slot . 

Simulation 

O n ce th e lega l  position s an d constraint s o n 

th e operator s hav e bee n learned ,  th e abilit y o f 

th e networ k t o simulat e th e solutio n o f  th e puz -

zl e wa s observed .  O n e exampl e ru n i s s h o w n i n 

Tabl e 4 .  T h e star t  stat e i s configuratio n 14 ,  an d 

th e networ k successivel y reache s configuration s 

13,  12 ,  an d 1 ,  th e goa l  state . 

Durin g th e cours e o f  runnin g a  n u m b e r  o f 

simulations ,  i t  wa s observe d tha t  no t  al l  state s 

th e networ k settle d int o corresponde d t o a 

configuration .  Fo r  example ,  tw o piece s wer e 

sometime s " m o v e d "  simultaneousl y t o th e ope n 

position ,  creatin g 2  n e w ope n position s an d 
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Tabl e 4 .  Simulatio n o f  solutio n o f  th e D C M puzzle . 

0 M C DO 

1 M C DO 

19 _ C D O 

42 _ C D _ 

51 _ C D _ 

56 O C D _ 

57 O C D _ 

58 O C D M 

59 O C D M 

66 _ C D M 

8Q _ C _ M 

95 _ C _ M 

100 _ C _ M 

105 _ C _ M 

107 _ C O M 

108 _ C O M 

109 D C O M 

110 D C O M 

117 D C _ M 
149 D C _ M 

150 D  M 

154 D C 

158 D C 
161 D C 

163 D C 
167 D C 

168 D C _ 0 

169 D C MO 
171 D C MO 

JjCj/TJ , 

C/3C2'" ! 

f/jĈ /TJ j 

^3<^2^ 1 
d^C^ 

^ J ^ 2 _ 
dyC^m^ 

d iC2m i 

d jC2m ^ 

dyfi^m ^ 

d-^cm ^ 

^2/^ 4 

Ĉ  

<̂ 1<̂ ? . 
d^C2 

d^Cjin ^ 

d\C2m ^ 

d^c^m ^ 

d^C2m^ 

d , C 2 _ 

d^c ^ 

d ^ C 2 _ 

^l<^2* * 
d^c ^ 

c? 

_<^2'" 3 
_ C 2 m3 

_C2'" 3 

l̂C2'" 3 

Note .  Th e underscore s indicat e tha t  th e correspond -
in g se t  o f  unit s ar e no t  saturated .  Th e asteris k indi -
cate s tha t  althoug h th e se t  o f  unit s ar e saturated ,  the y 

do no t  correspon d t o a  define d pattern . 

combination of the two pieces at the position 

tha t  wa s formerl y empty .  Tlii s  wa s a  manifesta -

tio n o f  th e non-determinis m involve d i n choos -

in g a  successiv e stat e an d ha s bee n observe d i n 

youn g childre n (Klahr ,  1985) .  I n othe r  cases , 

th e equivalen t  o f  2  move s wer e sometime s take n 

durin g on e settlin g period . 

I n solvin g puzzles ,  on e wa y t o minimiz e 

th e pat h lengt h fo r  a  solutio n i s t o avoi d backup , 

i.e. ,  no t  returnin g t o th e previou s state .  Here , 

thi s constrain t  i s  impose d a s a  resul t  o f  habitua -

tion .  Previou s state s ar e les s likel y t o b e 

returne d t o simpl y becaus e thes e state s ar e n o 

longe r  energeticall y favorable . 

D I S C I S S I O N 

I n thi s study ,  th e solutio n o f  tw o puzzle s 

usin g a  hill-climbin g searc h heuristi c ha s bee n 

simulate d withi n a  coimectionis t  framework. 

Thi s i s implemente d b y usin g a  distribute d 

representatio n t o captur e similarit y o f  th e state s 

i n th e proble m space .  W h e n th e goa l  stat e i s 

provide d a s a n input ,  th e mor e simila r  a  stat e l i 

t o th e goa l  state ,  th e mor e energeticall y fa\'orabl e 

tha t  stat e is .  Sinc e th e networ k settle s int o loca l 

energ y minima ,  th e state s th e netv\.or k settle s 

int o ar e simila r  t o th e goa l  state .  Onc e th e net -

wor k settle s int o a  stabl e state ,  th e cormection s 

ar e habituated .  Thi s change s th e energ y 

landscap e an d allow s th e networ k t o mov e fro m 

th e curren t  stat e t o a  ne w stabl e stat e tha t  i s 

close r  t o th e goa l  state . 

Network s o f  thi s typ e ca n als o g o fro m on e 

stabl e stat e t o anothe r  (wit h a  fixe d input )  i f  th e 

activit y o f  unit s ar e stochastic .  I n suc h cases , 

th e probabilit y  tha t  th e networ k i s i n a  particula r 

stat e i s determine d fro m th e Bohzman n distribu -

tio n (Ackley ,  Hinton ,  &  Sejnowski ,  1985 ;  Sel -

man,  1985) . 

Althoug h i t  ha s bee n demonstrate d her e 

tha t  cormectionis t  network s ca n simulat e solu -

tio n o f  puzzles ,  th e behavio r  simulate d i s tha t  o f 

a naiv e proble m solver .  I t  woul d b e nic e i f  th e 

networ k coul d als o lear n th e optima l  solutio n 

give n a  particula r  star t  stat e an d goa l  state .  A n 

eve n mor e ambitiou s goa l  i s  fo r  th e networ k t o 

generat e a  representatio n schem e tha t  woul d 

allo w i t  t o generaliz e t o configuration s tha t  wer e 

isomorphic .  Thi s woul d almos t  surel y requir e 

th e networ k t o b e abl e t o trai n hidde n unit s 

usin g method s studie d b y Ackley ,  e t  al .  (1985 ) 

and Rumelhart ,  Hinton ,  an d William s (1985) . 
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