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Abstract 

Many cognitive tasks involving analogy, such as understanding 
metaphors ,  problem-solving ,  an d learning ,  requir e th e abilit y t o 
exten d mapping s a s ne w informatio n i s found .  Thi s pape r 
describe s a  ne w versio n o f  S M E,  calle d I-SME ,  tha t  operate s 
incrementally .  I-SM E i s inspire d b y Keane' s lA M mode l  an d th e 
use o f  incrementa l  mappin g i n Falkenhainer' s PHINEA S learnin g 
system .  W e describ e th e I-SM E algorith m an d discus s tradeoff s 
introduce d b y incrementa l  mapping ,  includin g paralle l  versu s 
seria l  pnxessin g an d pragmati c influences .  Th e utilit y  o f  1-SM E 
i s illustrate d b y tw o examples .  First ,  w e sho w tha t  I-SM E ca n 
accoun t  fo r  th e psychologica l  result s foun d b y Kean e o n a  seria l 
versio n o f  th e Holyoa k &  Thagar d attribut e mappin g task . 
Second ,  w e describ e ho w I-SM E i s use d i n th e Minima l 
Analogica l  Reasonin g Syste m (MARS) ,  whic h use s analog y t o 
solv e engineerin g thermodynamic s problems . 

1. Introduction 

Many cognitiv e task s involvin g analogy ,  includin g 

metapho r  understanding ,  proble m solving ,  an d learnin g 

requir e th e abilit y  t o proces s informatio n incrementally . 
I n metapho r  understanding ,  reader s ofte n buil d u p 
correspondence s acros s severa l  sentence s (Borona t  & 
Centner ,  i n preparation) .  I n proble m solving ,  student s 

usin g a  worke d exampl e t o solv e a  relate d nove l  proble m 
may g o bac k an d fort h betwee n them ,  seekin g additiona l 
ways t o interpre t  th e ne w proble m i n ligh t  o f  th e old .  I n 

conceptua l  change ,  ne w dat a ca n lea d t o analogie s bein g 
modifie d o r  abandoned . 
Burstei n (1986 )  wa s th e first  t o computationall y mode l 
incrementa l  processin g i n analogica l  learning . 
Falkenhainer' s (1987 ,  1990 )  P H I N E A S demonstrate d tha t 

S ME coul d b e use d i n a  map/analyz e cycl e t o mode l  th e 

incrementa l  us e o f  analog y i n discoverin g physica l  theories . 

The first  general-purpos e incrementa l  analogica l  matche r 
was Keane' s l A M (Kean e &  Bradshaw .  1988) . 
Thi s pape r  present s I-SME ,  a n incrementa l  versio n o f  S M E 
(Falkenhainer ,  Forbus,  &  Genmer ,  1986 ;  1989 )  tha t 
simulate s th e computation s propose d b y Structure-Mappin g 
theor y (Genmer ,  1983) .  I-SM E ha s al l  th e capabilitie s o f 

S M E,  includin g th e abilit y  t o generat e nove l  candidat e 

inferences .  Unlik e S M E ,  I-SM E ca n exten d it s existin g 

interpretation s whe n give n ne w informatio n abou t  bas e o r 
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targe t  Sectio n 2  discusse s psychologica l  an d 

computationa l  issue s raise d b y incrementa l  mapping . 
Sectio n 3  describe s th e I-SM E algorithm .  Sectio n 4 

illustrate s it s operatio n o n tw o kind s o f  tasks :  (1 )  a n 
attribute-mappin g tas k tha t  show s I-SM E ca n explai n orde r 

effect s foun d b y Kean e (i n press) ,  an d (2 )  modelin g studen t 
behavio r  i n solvin g thermodynamic s problem s b y referrin g 

t o worke d examples .  Sectio n 5  discusse s othe r  issue s an d 

futur e work . 

Give n propositiona l  representation s fo r  a  bas e an d target , 
1.  Loca l  Matc h Construction :  Fo r  eac h pai r  o f 

expression s i n bas e an d target ,  i f  thei r  predicate s ar e 
identical ,  creat e a  matc h hypothesi s ( M H )  expressin g 

th e possibilit y  tha t  the y match .  Correspondin g 
argument s o f  item s participatin g i n a n M H ar e als o 
matche d i f  eithe r  (1 )  thei r  predicate s ar e identical ,  (2 ) 
th e predicate s ar e functions ,  o r  (3 )  the y ar e entities . 
Thi s networ k o f  matc h hypothese s provide s th e gris t 
fo r  subsequen t  processing . 

2.  Kerne l  Construction :  Fin d kerne l  mapping s b y startin g 
at  M H ' s whic h ar e no t  themselve s th e argumen t  o f  an y 
other .  Fo r  eac h suc h M H j ,  i f  i t  i s structurall y 

consistent ,  the n i t  an d ever y M H belo w i t  compris e a 
kernel .  Otherwise ,  recurs e o n th e M H ' s tha t  ar e it s 

arguments . 
3.  Structura l  Evaluation :  Propagat e score s throug h th e 

networ k o f  MH 's ,  usin g argumen t  connection s t o pas s 
activatio n downward .  Thi s "trickle-down "  o f  score s 

implement s th e systematicit y preference .  Th e scor e o f 
a mappin g i s th e su m o f  th e score s o f  it s MH 's . 

4.  Merge :  Construc t  u p t o n  globa l  interpretation s o f  a 

matc h b y usin g a  greed y algorith m t o find  structurall y 

consisten t  combination s o f  kernel s tha t  maximiz e 

structura l  evaluatio n scores . 

Figure 1: The SME Algorithm 

2.  Issue s i n incrementa l  mapp in g 

Seria l  v s Parallel :  What  part s o f  th e matchin g proces s 

shoul d b e seria l  versu s parallel ? I n S M E (Figur e 1) . 

processin g i s essentiall y  paralle l  withi n th e first  thre e 
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Figur e 2 :  Kernel s fo r  th e simpl e water/hea t  analog y example . 

Mapping s ar e constructe d b y mergin g consisten t  collection s o f  kernels .  I n thi s example ,  th e structurall y bes t  interpretatio n 

merge s kernel s 1  an d 2 .  Th e wors t  interpretatio n merge s kernel s 4  an d 5 . 

stages :  onl y th e fina l  ste p o f  constructin g globa l  mapping s 

i s serial' .  B y contrast ,  l A M i s seria l  throughout :  Eve n 

decision s abou t  loca l  matche s ar e mad e sequentially ,  s o tha t 

explorin g alternat e interpretation s require s backtracking . 

S ME avoid s backu^ckin g b y creating ,  i n parallel ,  network s 

representin g al l  alternativ e loca l  matche s betwee n item s 
plu s intermediat e cluster s (i.e. ,  kerne l  mappings ) 
We believ e tha t  a  combinatio n o f  initia l  paralle l  an d late r 
seria l  operatio n wil l  bes t  mode l  huma n analogica l 

processing .  S o m e seria l  processin g i s essential :  O n e 

canno t  combin e al l  informatio n i n paralle l  whe n som e i f  i t 

i s  no t  ye t  available .  However ,  w e believ e th e full y  seria l 
approac h o f  1 A M i s unlikel y t o scal e u p t o cognitivel y 

interestin g representations .  Th e natura l  plac e fo r  seria l 

processin g i s i n th e Merg e step ,  becaus e th e kernels ,  whic h 

represen t  coherent ,  structurally-consisten t  collection s o f 

loca l  matches ,  for m a  mor e appropriat e uni t  o f  analysi s fo r 

limited-resourc e seria l  processin g tha n individua l  loca l 
matche s themselves .  (Figur e 2  show s th e kerne l  mapping s 
fo r  a  simpl e example. )  W h e n bas e an d targe t  shar e larg e 

systemati c structures ,  th e numbe r  o f  kernel s i s small . 

Serial ,  capacity-limite d mergin g o f  kernel s coul d thu s 

provid e a  plausibl e explanatio n fo r  th e "Mor e i s Less " 

phenomen a (Genme r  &  Ratterman ,  1991 )  wher e additiona l 

knowledg e ca n improv e bot h th e rapidit y an d accurac y o f 

mapping . 

Pragmatics :  Ou r  origina l  positio n (Centne r  &  Clement , 

1988 ,  Centner ,  1989 )  wa s tha t  pragmati c concern s affecte d 

The fac t  tha t  mos t  S M E implementation s happe n t o ru n o n seria l 
machine s i s irrelevan t  here .  A C M E (Holyoa k &  Thagard .  1989) , 
i s  als o paralle l  i n conceptio n bu t  i s  commonl y implemente d o n 
seria l  machines ,  an d th e extractio n o f  a  mappin g fro m it s networ k 
i s a  seria l  proces s outsid e th e simulation .  Hummel  &  Holyoa k 
(1992 )  explore d incrementa l  mapping ,  bu t  thei r  scheme  doe s no t 
handl e higher-orde r  relation s ,  makin g i t  unsuitabl e fo r  problem -
solving . 

onl y th e pre -  an d post-processin g o f  th e mappin g 

subsystem ,  wit h mappin g bein g entirel y base d o n suiictura l 

consistenc y an d relationa l  identit y matches .  Others ,  suc h 

as Holyoa k (1985 )  claime d "Th e distinctio n [betwee n 
surfac e an d structura l  similarities ]  thu s cruciall y depend s 

on th e goa l  o f  th e proble m solver. "  Bot h position s hav e 

become les s exu-eme .  Holyoa k &  Thagar d (1989 )  hav e 
incorporate d structura l  consistenc y int o A C M E,  an d 

H u m m el  &  Holyoa k (1992 )  hav e pointe d ou t  problem s i n 

usin g pragmatic s t o influenc e th e onlin e mappin g process . 
On ou r  side ,  w e hav e adopte d fo r  som e purpose s a 

techniqu e calle d pragmati c markin g (Forbu s &  Oblinger , 

1990) ,  t o filter  kernel s tha t  canno t  yiel d nove l  candidat e 

inference s relevan t  t o a  goal .  Incrementa l  matchin g i s 
subjec t  t o misleadin g matche s whe n onl y partia l 

informatio n i s available ,  an d earl y poo r  decision s ca n 

mislea d subsequen t  processing .  Th e us e o f  thi s limite d 
for m o f  pragmati c informatio n durin g mappin g ca n hel p 

overcom e thes e problems .  However ,  w e continu e t o believ e 
tha t  i n orde r  t o captur e th e generativit y o f  huma n 

analogica l  reasoning ,  th e mappin g proces s need s t o hav e 

enoug h leewa y t o detec t  unanticipate d structura l 

correspondences .  Th e incrementa l  algorith m i n thi s pape r 

cycle s betwee n a  largel y autonomou s mappin g proces s an d 

interventio n b y othe r  goal-oriente d processes . 

3. The Incremental SME Algorithm 

The Incrementa l  S M E algorith m (I-SME )  accept s 
informatio n abou t  bas e an d targe t  description s t o compare . 

Informatio n ca n b e presente d t o i t  al l  a t  once ,  on e fac t  a t  a 

time ,  o r  i n an y combinatio n desired .  (Whe n 1-SM E i s 

give n ever y ite m i n bas e an d targe t  a t  th e sam e lime ,  it s 

result s ar e identica l  t o thos e o f  S M E . )  1-SM E maintain s a 

smal l  se t  o f  globa l  mapping s tha t  represen t  it s  bes t 

interpretation s o f  h o w th e bas e an d targe t  compare , 
accordin g t o th e informatio n i t  ha s received .  Eac h 
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E X T E N D: 

Give n ne w bas e item s Bl..B i  an d ne w targe t  item s TL.Tj , 

and previou s globa l  mapping s M L . M k (i f  any) , 
1.  Exten d se t  o f  loca l  matc h hypothese s {Mhi }  b y testin g 

BL.B i  agains t  ne w an d ol d targe t  items ,  an d b y testin g 

Tl  ..T j  agains t  ol d an d ne w bas e items .  N e w element s 

of  th e matc h hypothesi s networ k tha t  violat e th e 

paralle l  connectivit y constrain t  ar e marke d a s 

inconsistent ,  an d nogoo d link s ar e introduce d t o 

enforc e th e 1: 1 constrain t  i n merg e steps . 

2.  Updat e th e se t  o f  kernels .  Startin g wit h ne w roo t  M H ' s 
(thos e whic h ar e no t  argument s o f  othe r  M H ' s ) ,  searc h 

downwar d i n paralle l  unti l  th e first  structurall y 

consisten t  M H i s found .  I t  an d al l  o f  it s descendant s 
compris e a  ne w kernel .  N e w matc h hypothese s ca n 

introduc e ne w roo t  mapping s o r  subsum e ol d ones .  Le t 

K'  b e th e se t  o f  ne w kernels . 
3.  Carr y ou t  structura l  evaluatio n o n th e ne w matc h 

hypothese s an d K' .  Filte r  K '  vi a pragmati c 
constraints ,  i f  any . 

4.  Exten d M 1 ..M k b y mergin g i n kernel s fro m K ' 

wheneve r  possible .  (I f  n o previou s mapping s exist ,  us e 

th e greed y algorith m t o generat e a n initia l  se t  fro m th e 
ful l  collectio n o f  kernel s K .  Thi s algorith m produce s 

at  mos t  n  mappings ,  al l  o f  whic h ar e withi n p % o f  th e 
best  i n term s o f  thei r  structura l  evaluation. )  Kee p a t 

most  n  mappings . 
REMAP: 

1.  Le t  K  b e th e entir e se t  o f  kerne l  mappings .  LetKpb e 
th e resul t  o f  filtering  K  vi a pragmati c constraints ,  i f 
any 

2.  Clea r  th e previou s globa l  mappings . 

3.  Us e greed y algorith m t o find  ne w se t  o f  mapping s 
startin g fro m Kp ,  a s i n ste p 4  o f  E X T E N D 

Figur e 3 :  S u m m a r y o f  th e I -SM E Algorith m 

mappin g (a s i n S M E )  ha s a  structura l  evaluatio n scor e 

indicatin g th e overal l  qualit y o f  th e matc h an d a  se t  o f 
candidat e inference s representin g surmise s abou t  th e targe t 
domai n justifie d b y importin g informatio n fro m th e base . 

Figur e 3  summarize s th e I-SM E algorithm . 
The I-SM E algorith m follow s th e sam e basi c sequenc e o f 

th e S M E algorithm .  Th e majo r  feature s ar e (1 )  th e 

datastructure s an d processin g ar e carefull y organize d s o a s 
t o preserv e previousl y compute d result s tha t  ar e stil l  valid , 
rathe r  tha n recomputin g them ,  (2 )  th e defaul t  operatio n i s 
t o exten d a  se t  o f  existin g mappings ,  rathe r  tha n t o star t 
fro m scratch ,  (3 )  th e rema p operatio n provide s fo r 
backtrackin g a t  th e leve l  o f  kernel s i f  th e accumulate d 
mapping s becom e suboplimal ,  an d (4 )  mapping s ar e no w 
first-clas s entitie s tha t  ca n b e referre d t o b y system s usin g I -

S ME (e.g. ,  a  proble m solve r  ca n hav e a s a  goa l  extendin g 
or  verifyin g a  particula r  mapping) . 

The intuitio n her e i s tha t  normall y peopl e first  tr y t o 

incorporat e ne w informatio n int o a n ongoin g mapping ,  bu t 

tha t  the y ca n reinterpre t  th e analog y i f  necessary .  I-SM E 

does no t  automaticall y remap ,  sinc e w e believ e remappin g 

criteri a ten d t o b e task-specific .  T o hel p externa l  system s 

make suc h decision s I-SM E doe s provid e a n estimat e o f 

what  fractio n o f  th e tota l  possibl e structura l  evaluatio n th e 

curren t  mapping s represent . 

I-SM E currentl y support s tw o filters  o n kernels.̂ : 

•  (REQU I  RE D B  i  T  i ) :  Exclud e an y roo t  mappin g 

tha t  place s anothe r  targe t  ite m T j  i n correspondenc e 
wit h Bi ,  o r  place s anothe r  bas e ite m B j  i n 

correspondenc e wit h Ti . 

•  ( I D E N T I C A L - F U N C T I O N S )  :  Exclud e an y roo t 

mappin g tha t  place s non-identica l  function s i n 

correspondence . 
The R E Q U I R ED filter  wa s use d i n Pff lNEAS ;  i t  enforce s 

externall y impose d correspondence s (e.g. ,  th e speake r  say s 

tha t  "hea t  i s lik e water") .  Th e I D E N T I C A L - F U N C T I O N S 

filter  represent s a  conservativ e strateg y ofte n use d b y 
subject s i n a n unfamilia r  domain ,  whe n the y ma y rejec t  al l 

but  th e mos t  certai n mappings .  Th e utilit y  o f  thi s 

constrain t  show n i n Sectio n 4.2 . 
I-SME' s computationa l  complexit y  i s quit e low .  Mos t  o f  it s 

processin g ca n b e don e i n parallel ,  wit h bound s a s reporte d 
fo r  S M E i n (Falkenhainer ,  Forbus ,  &  Centner ,  1989) .  Th e 
greed y merg e algorith m i s linea r  i n th e numbe r  o f  kernels , 

whic h i n tur n i s betwee n lo g (bes t  case )  an d linea r  (wors t 
case )  i n th e siz e o f  th e matc h hypothesi s network .  Th e 
matc h hypothesi s network,  i n turn ,  i s betwee n linea r  (bes t 

case )  an d quadrati c (wors t  case )  i n th e siz e o f  th e bas e an d 

targe t  descriptions .  I n othe r  words ,  addin g incrementa l 
operatio n doe s no t  resul t  i n an y increas e i n computationa l 
complexit y fo r  I-SM E wit h respec t  t o S M E .  Whil e w e hav e 
not  ye t  optimize d th e code ,  alread y I-SM E i s fas t  eve n o n 

smallis h computers. ' 

4. Examples 

I-SME has been successfully tested with a corpus of 
example s fro m ou r  previou s work .  *  Her e w e describ e tw o 
computationa l  experiment s tha t  exploi t  it s incrementa l 

capabilities . 

^Currentl y thes e constraint s ar e implemente d a s har d filters,  bu t 
we hav e experimente d wit h "soft "  implementation s tha t  allo w 
thei r  violatio n whe n doin g s o woul d yiel d a n otherwis e excellen t 
match . 
^  O n a  PowcrBoo k 165c ,  smal l  example s lik e Figur e 2  tak e abou t 
1/ 2 second ,  a  typica l  qualitativ e physic s exampl e take s abou t  tw o 
seconds ,  an d matchin g storie s involvin g 6 7 an d 5 2 expression s 
respectively  require s 3 4 seconds . 
*  W e hav e als o use d I-SM E i n a  ne w versio n o f  ou r  M AC/FA C 
retrieval  mode l  an d i n a  simulatio n o f  symmetr y an d regularit y 
detectio n (Ferguson ,  1994) . 
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(friendl y rover ) 
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(friendl y blackie ) 
(frisk y blackie ) 

Singleto n firs t  conditio n (easy) :  Subject s mea n lim e t o 

solv e =  178. 0 second s (Keane ,  i n press ) 

Averag e #  o f  I -SM E remap s pe r  example :  1. 5 

(timi d tom ) 
(tal l  tom ) 
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(smar t  bill ) 
(smar t  steve ) 

(hungr y fido ) 
(frisk y blackie ) 
(friendl y blackie ) 
(hungr y rover ) 
(friendl y rover ) 

Singleto n las t  condition(hard) :  Subjects '  mea n lim e t o 

solv e =  363. 1 second s (Keane ,  i n press ) 

Averag e #  o f  I -SM E remap s pe r  example :  3. 0 

Figure 4: Examples of attribute mapping task 

4.1 The attribute mapping task 

Keane (in press) demonstrates that providing information 

incrementall y ca n lea d t o orde r  effect s i n analogica l 

processing .  Conside r  th e pair s o f  statement s a t  th e to p o f 

Figur e 4  (inspire d b y Holyoa k &  Thagard' s (1989 )  attribut e 
mappin g task) .  I f  subject s ar e give n eac h line ,  on e a t  a 

lime ,  the y star t  b y matchin g S M A RT wit h H U N G RY an d 

S T E VE wit h F IDO .  I n thi s exampl e ther e i s onl y on e 
statemen t  abou t  F I D O an d on e statemen t  abou t  S T E V E , 

and th e hypothese s tha t  sugges t  themselve s a s eac h ne w 
ite m i s adde d lea d t o a  solutio n wher e ever y entit y an d 

ever y attribut e ha s a  correspondence .  B y contrast ,  th e pair s 

of  statement s o n th e botto m ar e mor e difficult :  Th e natura l 

initia l  guess ,  tha t  T I M I D goe s wit h H U N G RY an d T O M 

goe s wit h F I D O ,  canno t  lea d t o a n interpretatio n i n whic h 
everythin g has  a  uniqu e match .  Kean e showe d tha t 

subject s take ,  o n th e average ,  twic e a s lon g t o d o suc h 

problem s whe n th e singleto n item s ar e las t  a s whe n the y 

ar e first . 
We hav e som e concern s abou t  thi s tas k a s a  tes t  o f 

analogica l  mapping ,  sinc e i t  involve s n o higher-orde r 

structure ,  whic h i s th e hallmar k o f  analogica l  processing . 

Nevertheless ,  th e orde r  effect s Kean e demonstrate d see m 

likel y t o appea r  eve n wit h mor e natura l  stimuli ,  s o w e use d 
I-SM E wit h th e conditio n tha t  i t  remappe d wheneve r  a n 

entit y o r  attribut e coul d no t  b e adde d t o it s curren t 

mapping. '  A s Figur e 4  shows ,  whe n I-SM E i s execute d o n 

th e representation s Kean e use d wit h l A M * ,  i t  produce s th e 

same kind s o f  orde r  effect s foun d i n huma n subjects :  Th e 

singleton-las l  condition ,  whic h o n th e averag e too k subject s 

twic e a s long ,  resulte d i n I-SM E performin g o n th e averag e 

twic e a s man y remaps . 

Problem :  Suppos e heliu m enter s a  heate r  a t  40 °  C  an d a t  a 

rate  o f  2  kg/sec .  I f  th e outle t  temperatur e i s 1(X) °  C ,  wha t  i s 
th e hea t  transfe r  rat e t o th e helium ? 

Worke d Example :  Suppos e ai r  enter s a  heate r  a t  50 °  C  an d 

at  a  rale  o f  1  kg/sec .  I f  th e outle t  temperatur e i s 70 °  C , 

what  i s th e hea t  transfe r  rat e t o th e air ? 

Solution :  Le t  h i  b e th e heater . 

1.  h(inlet(hl) )  =  324,253kJ/k g becaus e (sinc e ai r  i s a n idea l 
gas) .  h(inlet(hl) )  =  Cp(air)*T(inlet(hl) )  an d 

Cp(air )  =  1003.414J/kg C an d 
T(inlet(hl) )  =  323.1 5 K 

2.  h(outlet(hl) )  =  344,321kJ/k g b y th e sam e argument , 

sinc e 
T(outlet(hl) )  =  343.l5 K 

3.  q(hl )  =  20068kJ/kg ,  becaus e 

h(ouUet(hl) )  =  h(inlet(hl))+q(hl ) 

4.  Q(hl )  =  20068kW ,  becaus e 
q(hl )  =  Q(hl)/mass-flow(hl ) 

mass-flow(hl )  =  mass-flow(inlet(hl) ) 

mass-flow(inlet(hl) )  =  l.Okg/se c 

Figure 5: A typical problem and worked example given 

t o M A R S (summarize d i n English) . 

4. 2 T h e M i n i m a l  Analogica l  R e a s o n i n g S y s t e m 

(MARS) 

We are using I-SME to create cognitive simulations of 
human problem-solving .  Fo r  example ,  student s ofte n refe r 

t o worke d example s t o figur e ou t  h o w t o solv e ne w 
problem s (Anderso n &  Thompso n 1989 ;  VanLehn ,  Jones , 

& Chi ,  1992) .  M A R S i s designe d t o hel p explor e thi s 
phenomena ,  providin g a n architectur e whos e processe s an d 

parameter s shoul d b e adjustabl e t o mode l  differen t  classe s 

of  studen t  behaviors . 
M A RS currentl y solve s problem s i n engineerin g 

thermodynamics .  W e chos e tha t  domai n bot h becaus e i t  i s 

difficul t  an d becaus e w e akead y hav e develope d 
representation s an d tool s fo r  a n intelligen t  learnin g 

environmen t  fo r  engineerin g thermodynamic s (Forbu s & 

Whalley ,  1994) ,  thu s w e ca n easil y an d automaticall y 

generat e representation s o f  problem s an d worke d 

Althoug h w e disagre e wit h similarit y table s a s a  modelin g 
technique ,  t o kee p condition s betwee n th e l A M an d I-SM E an d 

A C ME a s clos e a s possibl e w e implemente d a  simpl e similarit y 
tabl e facilit y  fo r  thi s experiment . 
*  W e than k Mar k Kean e fo r  providin g hi s origina l  representations . 
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examples. '  M A R S receive s a s inpu t  tw o prepositiona l 
representations ,  on e representin g th e proble m t o b e solve d 

and th e othe r  representin g a  worke d example .  (Figur e 5 

summarize s i n Englis h a  typica l  pai r  o f  inputs. )  M A R S ha s 

some qualitativ e knowledg e abou t  th e kind s o f  processe s 

tha t  occu r  i n component s o f  thermodynami c cycles ,  a 

handfu l  o f  numerical  constants ,  an d a  simpl e equatio n 
solver .  However ,  M A R S currentl y ha s n o built-i n 

knowledg e o f  thermodynamic s equations .  I t  begin s b y 

creatin g a n initia l  matc h involvin g th e object s an d it s 

qualitativ e understandin g o f  them .  M A R S the n begin s a 

searc h fo r  equation s an d numerica l  value s tha t  wil l  allo w i t 

t o find  a  numerica l  valu e fo r  th e goa l  quantity .  T o find 

equations ,  i t  use s th e initia l  se t  o f  correspondence s t o 
identif y informatio n i n th e worke d exampl e tha t  i s 

potentiall y  relevant .  Th e initia l  mapping(s )  ar e the n 
extende d wit h thi s ne w information ,  providin g candidat e 

inference s tha t  ar e examine d fo r  usabl e information . 

Figur e 6  show s M A R S '  solutio n (whic h i s correct )  fo r  th e 
proble m o f  Figur e 5 .  M A R S extend s it s initia l  mappin g 

five  times ,  gettin g th e equation s i t  need s fro m th e ne w 
candidat e inference s sanctione d b y th e extende d mapping . 
M A RS use s th e i d e n t i c a l - f u n c t i o n s filte r 

constrain t  i n extendin g it s mapping s t o avoi d misleadin g 

correspondences .  I n thi s example ,  fo r  instance ,  removin g 
tha t  constrain t  allow s M A R S t o matc h h  (specifi c  enthalpy ) 

wit h T  (temperature) ,  leadin g t o a  simple r  bu t  incorrec t 
solution .  W e believ e tha t  th e appropriat e us e o f  mappin g 
filters  ma y b e acquire d a s par t  o f  eithe r  domai n expertis e o r 

genera l  metacognitiv e skills . 

1.  Exten d mappin g t o includ e Q(h2) . 
2.  Fro m mapping :  q(h2)=Q(h2)/mass-flow(h2) . 
3.  Exten d mappin g t o includ e mass-flow(h2) . 
4.  Fro m mapping :  mass-flow(inlet(h2))=mass-flow(h2) . 
5.  Derive d mass-now(h2)=2. 0 kg/se c fro m ste p 4  &  givens . 
6.  Exten d mappin g t o includ e q(h2) . 
7.  Fro m mapping :  h(outlet(h2))=h(inlet(h2))+q(h2) . 
8.  Exten d mappin g t o includ e h(inlet(h2) ) 
9.  Fro m mapping :  h(inlet(h2))=Cp(helium)*T(inlet(h2) ) 
10.  Fro m knowledg e base ,  Cp(helium)=5176.8 5 J/kg C 
11.  Derive d h(inlet(h2))=1621.1 3 kJ/kg ,  vi a step s 9  &  1 0 & 

given s 
12.  Exten d mappin g t o includ e h(outlet(h2)) . 
13.  Fro m mapping :  h(outlet(h2))=Cp(helium)*T(outlet(h2)) . 
14.  Derive d h(outlet(h2))=1931.7 4 kJ/k g fro m step s 13 .  10 ,  an d 

givens . 
15.  Derive d q(h2)=310.6 1 kJ/k g fro m step s 7 .  11 ,  an d 14 . 
16.  Derive d Q(h2)=621.2 2 k W from  step s 2 ,  5 ,  an d 15 . 

Figure 6; A summary of MARS' solution to the problem 

Currently ,  M A R S doe s no t  extrac t  an y operator s o r  contro l 

informatio n fro m it s worke d example. *  Thi s i s on e desig n 

choic e tha t  w e believ e shoul d b e varie d t o accoun t  fo r 

difference s i n individua l  students .  Othe r  suc h choice s 

includ e h o w closel y candidat e inference s ar e scrutinize d 

and th e siz e an d compositio n o f  th e M A R S '  knowledg e 

base .  W e ar e extendin g M A R S t o includ e a  se t  o f 

programmabl e option s correspondin g t o wha t  w e believ e 
wil l  b e theoreticall y importan t  choices ,  an d wil l  explor e it s 

behavio r  throug h th e spac e o f  thes e option s t o se e h o w wel l 

i t  ca n accoun t  fo r  variation s i n studen t  performance . 

5. Discussion 

I-SME's technique of parallel computation of kernels and 

seria l  mergin g appear s t o b e computationall y effectiv e an d 

we believ e tha t  i t  i s psychologicall y plausible .  I -SM E ca n 

accoun t  fo r  th e orde r  phenomen a discovere d b y Keane , 
whil e maintainin g th e efficienc y o f  paralle l  operation s fo r 

loca l  processing .  Furthermore ,  M A R S demonstrate s tha t  I -
S ME ca n b e use d a s a  modul e i n buildin g sophisticate d 
proble m solver s tha t  operat e vi a analogy . 
Modelin g analog y require s a  delicat e interpla y betwee n 

goal-sensitive ,  strategi c processe s an d processe s o f 

structura l  alignmen t  an d mappin g tha t  ca n ru n o n thei r 
own.  W e thin k tha t  th e mi x o f  paralle l  an d seria l 

processin g i n I -SM E m a y bes t  allo w fo r  planfulnes s an d 

creativity . 
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