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Abstract: The Structure-Mapping Engine (SME) has successfully modeled several aspects of human 

analogica l  processing .  However ,  i t  ha s tw o significan t  drawbacks :  (l )  SME construct s al l  structurall y 
consisten t  interpretation s o f  a n analogy .  Whil e usefu l  fo r  theoretica l  explorations ,  thi s aspec t  o f  th e 
algorith m i s bot h psychologicall y implausibl e an d computationall y inefficient .  (2 )  SME contain s n o 
mechanis m fo r  focusin g o n interpretation s relevan t  t o a n analogizer' s goals .  Thi s pape r  describe s 
modification s t o SME whic h overcom e thes e flaws.  W e describ e a  greed y merg e algorith m whic h 
efficientl y compute s a n approximat e "best "  interpretation ,  an d ca n generat e alternat e interpreta -
tion s whe n necessary .  W e describ e pragmati c marking ,  a  techniqu e whic h focuse s th e mappin g t o 
produc e relevant ,  ye t  novel ,  inferences .  W e illustrat e thes e technique s vi a exampl e an d evaluat e 
thei r  performanc e usin g empirica l  dat a an d theoretica l  analysis . 

1 Introduction 

The importance of analogy in human reasoning makes it a natural focus for cognitive simulation. 
The Structure-Mappin g Engin e (SME )  [6,7] ,  ha s bee n use d t o successfull y mode l  severa l  aspect s 

of  huma n analogica l  processing .  A s a  simulatio n o f  Centner' s Structure-Mappin g theor y [9,10] , 
SME ha s bee n use d t o mode l  huma n soundnes s judgement s [13] ,  t o stud y th e representationa l  an d 

processin g choice s i n analogica l  processin g [8] ,  an d a s par t  o f  a  mode l  o f  sequenc e learnin g [14] . 

SME ha s als o bee n use d i n a n A I  syste m whic h learn s qualitativ e physic s b y analog y [3] . 
We believ e severa l  feature s o f  SME ar e accurat e reflection s o f  huma n analogica l  processing ,  in -

cludin g th e emergenc e o f  globa l  interpretation s fro m loca l  matches ,  th e us e o f  structura l  evaluatio n 
criteri a a s a  defaul t  mean s o f  judgin g a  comparison ,  th e abilit y  t o generat e nove l  candidat e infer -
ences ,  an d th e abilit y  t o construc t  an d compar e multipl e interpretation s o f  a  comparison .  However , 
th e curren t  SME algorith m ha s severa l  drawbacks .  First ,  SME construct s al l  structurall y consisten t 
interpretation s o f  a n analogy .  Thi s i s ofte n usefu l  fo r  theoretica l  explorations ,  sinc e i t  allow s on e 
t o kno w fo r  certai n th e bes t  possibl e interpretatio n o f  a  give n comparison .  Bu t  i t  i s  extremel y 
implausibl e psychologically .  Tner e ar e i n th e wors t  cas e a  factoria l  numbe r  o f  potentia l  solutions , 
makin g exhaustiv e enumeratio n impossibl e unde r  an y reasonabl e assumption s abou t  huma n pro -
cessin g constraints .  Eve n fo r  theoretica l  explorations ,  a s w e tackl e mor e realisti c representation s 
(c.f. ,  [8] )  thi s aspec t  o f  SME ha s becom e a  stumblin g block .  T o us e SME a s a  centra l  componen t  i n 
larger-scal e simulation s an d A I  systems ,  a  mor e practica l  algorith m i s needed .  Her e w e describ e 
a greed y algorith m whic h efficientl y provide s goo d approximation s t o th e "best "  interpretation . 
Althoug h an y greed y algorith m mus t  sometime s fai l  t o delive r  optima l  solutions ,  w e demonstrat e 
tha t  i n fac t  o n thi s tas k i t  perform s superbly . 

The secon d drawbac k i s tha t  SME doe s no t  focu s th e mappin g proces s accordin g t o th e goal s 
of  th e system .  Suc h influence s ca n b e incorporate d int o analogica l  processin g i n severa l  ways . 
Standar d structure-mappin g postulate s tha t  goal s hel p determin e bot h wha t  get s matche d an d 
ho w th e matc h i s evaluated ,  bu t  exclude s the m fro m th e mappin g stag e itsel f  [ll] .  Holyoa k an d 

Thagard' s ACME mode l  [12 ]  blend s structural ,  semantic ,  an d pragmati c consideration s int o weight s 
i n a  connectionis t  network ,  usin g a  relaxatio n schem e t o deriv e a  singl e solutio n a s a n approximat e 
best  mapping .  I n additio n t o biasin g preferenc e fo r  correspondence s accordin g t o relevance ,  the y 
allo w querie s t o b e inserte d i n th e targe t  description .  I f  th e quer y i s supporte d b y th e matc h i t  i s 
construe d a s th e candidat e inferenc e o f  th e analogy .  A  diff"eren t  approac h i s use d b y Falkenhainer' s 
contextua l  structur e mappin g [3,5] ,  whic h provide s a n elegan t  accoun t  o f  ho w t o rela x bot h th e 
identicalit y an d 1: 1 constraint s o f  structure-mappin g whe n doin g s o provide s mor e usefu l  conjecture s 
fo r  th e analogizer . 

Thi s pape r  describe s a  ne w technique ,  pragmati c marking ,  whic h i s consisten t  wit h bot h stan -
dar d an d contextua l  structur e mapping .  Th e ide a i s t o filter  wha t  subset s o f  loca l  matche s ar e 
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Figur e 1 :  A n exampl e o f  SME inpu t  description s 

We use this simple example for illustration only, realistic representations are typically much larger. The italicized 
number s ar e no t  par t  o f  tn e representation ,  bu t  nav e bee n introduce d t o provid e a  convenien t  mean s fo r  referin g t o 
subexpression s late r  on . 

Bcise domain: 

1 (IMPLIES 2 (AND 5(SENSITIVE-T0 4 LITMUS32 5 ALCOHOL-VAPOR) 6 (INSIDE 7 COOLANT 8 SUMP) 
10 (HELD-CLOS E LITMUS3 2 SUMP)) 

11 (DETECTABLE I S (GIVES-OF F COOLANT ALCOHOL-VAPOR))) 
I S (IMPLIE S U  (LIQUI D COOLANT)  1 5 (POSSIBL E (GIVES-OF F COOLANT ALCOHOL-VAPOR))) 
16 (IMPLIE S 1 7 (DECREASED 1 9 (PRESSURE SUMP)) 

SO (INCREASE D S I  (FLOW-RATE S S (FLO W S S STIL L SUMP COOLANT 2 4 PIPE))) ) 
S6 (IMPLIE S 2 7 (INCREASE D (PRESSURE SUMP)) 

28 (DECREASED (FLOW-RATE (FLO W STIL L SUMP COOLANT PIPE))) ) 
S9 (IMPLIE S S O (DECREASED S I  (ARE A PIPE) )  (DECREASED (FLOW-RATE (FLO W STIL L SUMP COOLANT PIPE))) ) 
SS (IMPLIE S S S (INCREASE D (ARE A PIPE) )  (INCREASE D (FLOW-RATE (FLO W STIL L SUMP COOLANT PIPE))) ) 
SS (CAUS E S 4 (GREATER S 5 (PRESSURE STILL )  (PRESSURE SUMP))  (FLO W STIL L SUMP COOLANT PIPE) ) 
S6 (FLAT-TO P COOLANT) 

Target domain: 
1 (INCREASED 2 (FLOW-RATE 5 (FLOW 4 EFFLUENT 5 HEAT-SINK 6 HEAT 7 HX))) 
8 (DETECTABLE 9  (GIVES-OF F EFFLUENT 1 0 RADIATION) ) 
11 (CAUS E 1 2 (CONTAIN S EFFLUENT I S STRONGTIUM)  (GIVES-OF F EFFLUENT RADIATION) ) 
U (LIQUI D EFFLUENT) 
15 (FLAT-TO P EFFLUENT) 
16 (GREATER 1 7 (TEMPERATURE EFFLUENT)  1 8 (TEMPERATURE HEAT-SINK) ) 

considere d b y whethe r  o r  no t  the y ca n suppor t  candidat e inference s relevan t  t o th e analogizer' s 
state d goal .  Unlik e ACME' s quer y mechanism ,  thi s techniqu e doe s no t  requir e th e actua l  for m o f  th e 
candidat e inferenc e t o b e specifie d i n advance .  Thu s ou r  techniqu e i s bette r  abl e t o suppor t  th e 
use o f  analog y i n modelin g problem-solvin g an d discovery . 

Sectio n 2  review s th e SME algorith m usin g a n example .  Sectio n 3  describe s th e GreedyMerg e 
algorith m fo r  efficientl y combinin g loca l  matche s int o consisten t  globa l  interpretations .  W e analyz e 
it s theoretica l  propertie s an d w e demonstrat e empiricall y tha t  i t  tend s t o b e optimal ,  i n tha t  th e firs t 
interpretatio n i t  provide s i s usuall y th e sam e a s th e bes t  interpretatio n foun d b y th e exhaustiv e SME 
merg e algorithm .  Sectio n 4  describe s pragmati c marking ,  analyze s it s complexity ,  an d illustrate s 
i t  b y example .  Finally ,  w e discus s ou r  plan s fo r  futur e work . 

2 How SME works 

Here we sketch the standard SME algorithm to provide the backdrop for our improvements (see [7] 
fo r  details) .  SME take s a s inpu t  tw o propositiona l  descriptions ,  a  bas e an d a  target .  I t  produce s 

as outpu t  a  se t  o f  globa l  interpretation s (gmaps )  o f  th e comparision .  Eac h gma p contain s a  se t 

of  correspondence s linkin g item s i n th e bas e an d targe t  (includin g bot h entitie s an d statement s 

abou t  them) ,  a  structura l  evaluatio n scor e whic h provide s a n indicatio n o f  matc h quality ,  an d a 
set  o f  candidat e inferences .  Th e candidat e inference s ar e statement s i n th e bas e whic h ca n b e 
hypothesize d t o hol d i n th e targe t  a s a  resul t  o f  th e gmap' s correspondences .  Eac h candidat e 
inferenc e i s a  surmise ,  an d henc e mus t  b e evaluate d b y othe r  mean s t o ensur e it s validity . 

Figur e 1  show s a  simpl e exampl e w e us e throug h th e pape r  fo r  clarity .  Conside r  a  case-base d 
desig n system ,  whic h alread y ha d designe d a  stil l  an d wa s no w working  o n a  recyclin g plant .  Th e 
bas e domai n show s par t  o f  wha t  i t  migh t  retai n abou t  th e still ,  an d th e targe t  show s par t  o f  th e 
descriptio n o f  th e ne w design .  Thi s analog y ca n hel p solv e tw o problems :  ho w on e migh t  detec t 
radiatio n i n th e effluen t  an d ho w on e migh t  increas e th e rat e o f  wast e hea t  removal . 

SME begin s th e mappin g proces s b y computin g matc h hypothese s (Mi/'s) ,  eac h representin g 
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Figur e 2 :  Hypothesize d loca l  matche s fo r  th e compar iso n 
Each matc h hypothesi s ha s th e for m <  Base,Targe t  > ,  wher e Bas e an d Targe t  ar e expressio n number s 
fro m Figur e 1 .  Th e root s o f  th e grap h ar e circled ,  an d th e pma p define d b y eac h roo t  i s  indicate d b y 
dotte d lines .  Th e thic k line s indicat e nogoods .  Onl y structurall y consisten t  M H ' b ar e show n fo r  clarity . 

< 20 ,  1  > 

/  <35 ,  17 > <19 ,  18>\ /  <22,3 > < 12 ,  9> » 

> <8 ,  5 > /  <7 ,  6 > <24 ,  7  > ;  \  <5 ,  10 > v\<7 ,  4 > i \ ' 

a potentia l  correspondenc e betwee n a n ite m o f  th e bas e an d a n ite m o f  th e target̂ .  Figur e 2 
depict s th e matc h hypothese s fo r  ou r  example .  Thes e loca l  matche s mus t  b e carefull y filtered 
and combine d t o buil d structurall y consisten t  interpretations .  First ,  M H ' s involvin g item s whos e 
argument s canno t  b e place d i n correspondenc e ar e eliminate d fro m furthe r  consideration .  I n ou r 
example ,  th e hypothesize d matc h betwee n thes e tw o statement s 

B; (CAUSE (GREATER (PRESSURE STILL) (PRESSURE SUMP)) (FLOW STILL SUMP COOLANT PIPE)) 
T:  (CAUSE (CONTAIN S EFFLUENT STRONGTIUM)  (GIVES-OF F EFFLUENT RADIATION) ) 

fails because neither of the corresponding arguments can match, while 

B: (DETECTABLE (GIVES-OFF COOLANT ALCOHOL-VAPOR)) 
T:  (DETECTABLE (GIVES-OF F EFFLUENT RADIATION) ) 

is locally consistent, given the hypothesized pairings between COOLANT and EFFLUENT and between 
ALCOHOL-VAPOR an d RADIATION .  (Thes e pairing s ca n b e considere d a s th e argument s o f  th e matc h 

hypothesis. )  Next ,  SME install s loca l  consistenc y constraint s [nogoods )  betwee n pair s o f  M H ' s t o 
mark potentia l  violation s o f  th e 1: 1 constraint .  Tha t  is ,  th e M H whic h map s COOLANT t o EFFLUENT 
canno t  eve r  b e par t  o f  th e sam e interpretatio n a s th e M H whic h map s COOLANT t o HEAT.  Thes e 
loca l  inconsistencie s ar e propagate d u p th e argumen t  structur e o f  th e matc h hypotheses ,  t o rul e 
out  M H ' s whos e argumen t  matche s d o no t  sugges t  consisten t  correspondences .  Thos e M H ' s whic h 
remai n becom e th e gris t  fo r  gma p construction . 

Constructin g maxima l  set s o f  M H ' s i s th e goa l  o f  gma p construction .  A  gma p i s maxima l  i f 
addin g anothe r  M H cause s structura l  inconsistancy .  I t  i s usefu l  t o vie w th e se t  o f  matc h hypothese s 
as a  partia l  order ,  wit h th e M H ' s concernin g objec t  correspondence s formin g th e botto m element s 
and inclusio n relationship s determine d b y th e argumen t  structure .  Cal l  a n M H a  roo t  i f  i t  i s 
consisten t  an d i s no t  a n argumen t  o f  som e othe r  matc h hypothesis .  Th e root s o f  thi s grap h ar e th e 
initia l  gma p candidates ,  o r  pmaps ,  fo r  "partia l  mappings "  (Again ,  se e Figur e 2) . 

So far ,  th e computationa l  complexit y i s low .  I f  n  i s th e numbe r  o f  item s i n th e bas e an d 

target ,  the n finding  matc h hypothese s an d loca l  inconsisten t  combination s ar e bot h 0{n'^) ,  an d th e 

variou s propagatio n step s ar e 0{log{n)) .  Exhaustivel y combinin g pmap s int o gmap s i s th e expensiv e 
part .  I t  begin s cheaply ,  b y takin g th e unio n o f  th e constraint s fo r  eac h pmap' s correspondence s t o 

'Th e rule s whic h guid e M H constructio n ar e programmable .  T o simulat e structure-mapping ,  attribute s an d 
relationa l  item s mus t  hav e identica l  functors .  Differen t  rul e set s ca n b e use d t o implemen t  context-sensitiv e method s 
fo r  relaxin g identicalit y  [5 ]  an d eve n simulat e certai n aspect s o f  ACME[4] . 
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effect s o f  structura l  consistency .  A s 
second s o f  C P U time .  However ,  w e 

comput e wha t  i t  i s  inconsisten t  wit h (0(n^)) .  Th e standar d SME algorith m build s ever y possibl e 
complet e gma p b y makin g successiv e merges ,  subjec t  t o thes e consistenc y constraints ,  unti l  n o 
large r  combination s ca n b e built .  I f  p  i s th e numbe r  o f  pmaps ,  ther e ar e a t  wors t  p !  gmaps .  This , 
of  course ,  i s  expensive .  Typica l  example s perfor m muc h oette r  tha n this ,  du e t o th e stron g filterin g 

7]  reports ,  o n man y comple x example s SME take s onl y a  fe w 
lav e foun d example s tha t  ca n produc e thousand s o f  gmaps , 

and tak e day s o f  C P U tim e t o compute . 
Finally ,  th e structura l  evaluatio n an d candidat e inference s fo r  eac h gma p ar e computed .  Thes e 

operation s ar e o f  lo w complexit y  [7] .  Th e structura l  evaluatio n scor e computatio n i s irrelevan t  fo r 

thi s paper ,  se e [7,8 ]  fo r  details .  Th e onl y importan t  featur e i s tha t  th e structura l  scor e o f  a  gma p i s 
th e su m o f  it s M H ' s scores ,  s o i t  ca n easil y b e compute d fo r  pmap s an d combine d durin g merging . 

Candidat e inference s ar e compute d b y findin g structur e i n th e bas e whic h i s consisten t  wit h a 
gmap' s correspondences ,  bu t  i s no t  i n fac t  include d i n them .  Thinkin g no w o f  th e bas e domai n 
as a  graph ,  w e ar e seekin g structure s whic h ar e root s (e.g. ,  the y ar e no t  themselve s argument s o f 

anothe r  item )  an d whic h hav e some ,  bu t  no t  all ,  o f  thei r  subitem s mappe d b y th e correspondences . 
Such item s compris e potentia l  ne w knowledg e abou t  th e target ,  an d ar e carrie d ove r  b y makin g 
th e substitution s define d b y th e correspondences .  Skole m function s ar e provide d fo r  bas e object s 
not  mentione d i n th e correspondences .  On e candidat e inferenc e fro m a  gma p resultin g fro m ou r 
exampl e compariso n is : 

(CAUSE (GREATER (TEMPERATURE EFFLUENT) (TEMPERATURE HEAT-SINK)) (FLOW EFFLUENT HEAT-SINK HEAT HX)) 

because the base structures 34 and 28 can map onto the target structures 16 and S respectively, 
whil e S S i n th e bas e ha s n o correspondenc e i n th e targe t  (se e Figure s 1  an d 2) . 

We believ e th e abilit y  t o generat e structurall y justifiabl e conjecture s abou t  th e targe t  i s  a  centra l 
featur e o f  analogy ,  responsibl e fo r  it s  importan t  rol e i n creativ e proble m solvin g an d discover y (c.f . 

2]) .  Th e res t  o f  thi s pape r  show s ho w t o achiev e uniforml y lo w complexit y i n gma p constructio n 

(a t  th e cos t  o f  no t  alway s providin g th e optimu m answer )  an d ho w t o tun e SME t o produc e nove l 
candidat e inference s relevan t  t o th e analogizer' s goals . 

3 Greed 

The greedy method is a standard technique for combining a set of constrained, local solutions into a 
goo d globa l  solution .  Th e ide a i s tha t  (a )  finding  a  globa l  solutio n ca n b e modele d a s decidin g whic h 

loca l  solution s t o includ e an d (b )  som e indicatio n o f  "quality "  exist s fo r  orderin g loca l  solutions[l] . 
Rouffhly ,  i t  work s lik e this :  Pic k th e bes t  loca l  solution .  Thi s rule s ou t  othe r  choices ,  namel y thos e 
whic h ar e inconsisten t  wit h th e on e picked .  Thro w awa y thos e whic h ar e inconsisten t  wit h you r 
first  choice .  N o w augmen t  you r  solutio n wit h th e bes t  o f  th e remainin g loca l  solutions .  Again ,  thi s 
m ay rul e ou t  furthe r  choices ,  s o on e continue s filtering  an d selectin g unti l  n o mor e choice s remain . 
Th e resul t  i s  a  singl e solutio n whic h i s often ,  bu t  no t  always ,  optimal . 

The simples t  versio n o f  GreedyMerg e cast s gma p constructio n a s a  sequenc e o f  decision s abou t 
whic h pmap s shoul d b e combined .  Th e orderin g i s provide d b y th e pmap' s structura l  evaluatio n 
score .  Startin g wit h th e largest ,  eac h p m a p i s merge d int o th e solutio n unde r  construction ,  unles s 
doin g s o woul d violat e structura l  consistency .  I f  a  p m a p i s inconsisten t  wit h th e solution ,  i t  i s 
skipped .  B y startin g wit h th e larges t  w e improv e ou r  chance s o f  gettin g th e bes t  solution . 

The attractio n o f  greed y method s i s lo w complexity .  Thei r  drawback s ar e (1 )  th e solutio n ma y 

not  b e optima l  an d (2 )  obtainin g usefu l  alternativ e interpretation s ca n b e difficult .  Whethe r  o r  no t 
th e first  proble m i s significan t  fo r  natura l  representation s i s a n empirica l  questio n addresse d below . 
Th e secon d proble m i s ver y important .  W e vie w th e abilit y  t o generat e multipl e interpretation s o f 
an analog y a s critical .  Eve n wit h a  firm  goa l  i n mind ,  ther e ca n stil l  b e severa l  way s t o interpre t 
an analog y (c.f .  th e Contra s exampl e i n [12]) . 

Ther e ar e severa l  way s tha t  multipl e interpretation s coul d b e generated .  On e algorith m w e 
explore d generate d a n approximatio n o f  th e to p n  gmap s base d o n thei r  structura l  evaluation . 
Thi s i s ofte n no t  a  goo d strategy .  Conside r  a  ver y larg e bas e an d a  medium-size d target ,  s o tha t 
many small ,  semi-independen t  pmap s ar e forme d a s wel l  a s severa l  larg e ones .  Th e gmap s fo r  suc h 
comparison s ca n ofte n b e divide d int o severa l  familie s o f  basicall y differen t  interpretations ,  wit h 
eac h famil y member  varyin g onl y i n whic h smal l  pmap s ar e included .  I n suc h case s th e to p n  gmap s 
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Figur e 3 :  Greed y Merg e Algorith m 
We assum e tha t  th e standar d SME algorith m ha s bee n execute d u p t o th e stag e o f  constructin g pmaps . 

1. Place pmaps in descending order based on their structural evaluation score. 
2.  PMAPS < -  th e se t  o f  pmaps ;  USED < -  {  } 
3.  Repea t  fo r  desire d numbe r  o f  interpretation s 

3.1 .  MAPPING « -  {PMAP. }  9  PMAP,  ̂  USED 
and V ;  <  i  PMAPy G  USED 

3.2 .  Fo r  eac h PMAPG PMAPS 
3.2.1 .  I f  PMAP i s consisten t  wit h MAPPING The n 

3.2.1.1 .  MAPPING*-MAPPINGU PMAP 
3.2.1.2 .  USED • -  USED U  {PMAP} 

3. 3 Outpu t  MAPPING 

Figur e 4 :  Empirica l  Result s o f  GreedyMerg e 

JNumber  o t  matche s 
Min/Ma x numbe r  o f  gmap s 
Min/Ma x GreedyMerg e tim e (Sec. ) 
Min/Ma x FullMerg e tim e (Sec. ) 
Percentag e o f  case s Greed y i s optima l 
Lowest  rati o Greed y Scor e /  Bes t  Scor e 

Types Ol  Analogie s 
Objec t 

8 
1/ 3 

0/0. 6 
0/2. 6 
100 % 
100 % 

Physica l  System s 
20 

3/8 1 
0.03/1. 3 
0.6/23 5 

85 % 
67 % 

Storie s 
28 

3/16 0 
0.5/ 7 

0.6/333 5 
96 % 
91 % 

ar e likel y t o b e trivia l  variation s o n th e to p theme ,  an d sinc e thes e wil l  largel y shar e th e sam e se t  o f 
candidat e inferences ,  thi s i s  ofte n undesirable .  Wha t  w e usuall y wan t  i s a n alternat e interpretatio n 
whic h i s radicall y different .  Thi s suggest s generatin g subsequen t  gmap s b y startin g wit h pmap s 
whic h ar e a s larg e a s possibl e bu t  inconsisten t  wit h previousl y generate d interpretations . 

The algorith m w e currentl y us e (se e Figur e 3 )  start s b y greedil y generatin g th e bes t  gmap ,  an d 
ensure s tha t  it s  gmap s ar e representativ e b y alway s startin g a n alternat e interpretatio n fro m a  see d 
pmap whic h ha s neve r  bee n use d i n an y othe r  interpretation .  B y addin g th e unuse d pma p firs t  w e 
ensur e tha t  w e ge t  a  significantl y differen t  interpretatio n -  i t  mus t  b e differen t  sinc e i t  contain s 
a (hopefull y large )  structur e whic h i s inconsisten t  wit h al l  previousl y generate d gmaps .  Sinc e th e 
candidat e inference s ar e base d o n th e M H s thes e ar e als o likel y t o b e different .  Not e GreedyMerg e 
reduce s t o th e origina l  greed y algorith m whe n generatin g onl y on e interpretation .  Eac h succes -
siv e gma p start s wit h th e larges t  unuse d pmap .  Al l  interpretation s generate d ar e maxima l  sinc e 
GreedyMerg e alway s attempt s t o ad d al l  pmap s t o th e interpretatio n durin g construction . 

GreedyMerg e i s O[nlog{n) )  i n th e numbe r  o f  pmaps ,  an d 0{ri )  i n th e numbe r  o f  interpretation s 

generated .  Th e numbe r  o f  pmap s i s O(n^ )  i n th e siz e o f  th e bas e an d target ,  i n wors t  case .  I n 
practic e th e numbe r  o f  pmap s tend s t o b e muc h smaller ,  sinc e onl y plausibl e M/f' s  ar e generated , 
and thes e ten d t o cluste r  int o reasonabl y larg e pmaps . 

GreedyMerg e ha s bee n teste d o n ove r  fift y  differen t  analogies ,  rangin g fro m comparison s be -
twee n physica l  phenomon ,  shor t  stories ,  an d objec t  descriptions ,  draw n fro m th e librar y o f  SME 
examples .  Figur e 4  summarize s th e results .  Th e storie s sho w th e mos t  dramati c speedu p -  on e 
stor y coul d no t  b e include d becaus e th e exhaustiv e algorith m faile d t o terminat e afte r  severa l  day s 
of  computation ,  ye t  GreedyMerg e foun d a  reasonabl e interpretatio n i n unde r  a  minute .  An d i n 
most  case s th e first  gma p generate d b y GreedyMerg e wa s identica l  t o th e bes t  gma p foun d b y th e 
exhaustiv e merg e algorithm . 

W hy doe s GreedyMerg e d o s o well ? Typically ,  thes e larg e example s hav e a  fe w larg e pmaps , 
onl y som e o f  whic h ar e mutuall y inconsistent ,  an d a  muc h large r  se t  o f  smal l  pmaps .  Thu s th e 
first  fe w decision s ar e th e reall y critica l  ones ,  an d the y ar e r e ativel y eas y t o make .  W h e n wil l 
GreedyMerg e fail ? Ther e ar e tw o kind s o f  case s wher e i t  shoul d d o poorly .  Th e first  i s  whe n ther e 
ar e man y larg e pmap s wit h a  hig h degre e o f  mutua l  inconsistency ,  sinc e man y mor e decision s hav e 
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t o b e correct ,  an d henc e th e chanc e o f  erro r  grows .  Thi s wa s th e proble m i n th e fe w case s ( 4 ou t 
of  56 )  wher e a  non-optima l  solutio n wa s generated .  Th e secon d i s whe n a n initial ,  larg e pma p i s 
inconsisten t  wit h ever y member  o f  a  larg e se t  o f  smal l  bu t  mutuall y compatibl e pmap s whic h i n fac t 
outweig h th e initia l  one .  We d o no t  kno w ho w likel y suc h situation s ar e i n natura l  representations . 
Fortunately ,  th e abilit y  t o generat e radicall y differen t  interpretation s provide s a  wa y t o recove r 
fro m suc h problems . 

4 Pragmatism 

The power of analogy comes from its ability to shed new light on the target by importing knowledge 
fro m th e base .  Retamin g thi s abilit y  usin g GreedyMerg e require s modifyin g SME further .  Th e rea -
son i s tha t  th e structurall y bes t  matc h ma y no t  alway s provid e th e mos t  relevan t  inference s [3, 5 . 
Returnin g t o ou r  example ,  th e structurall y bes t  interpretatio n place s th e tw o flow s i n correspon -
dence .  Bu t  wha t  i f  ou r  goa l  i s  t o propos e ho w t o detec t  strongtiu m i n th e recycler' s effluent ? A s 
we fin d below ,  a n interpretatio n wnic h map s COOLANT t o EFFLUENT i s bette r  fo r  thi s purpose ,  eve n 
thoug h a  smalle r  structur e i s mapped .  Whe n usin g th e origina l  SME merg e algorithm ,  on e simpl y 
searche s th e interpretation s t o fin d a  relevan t  inference .  Sinc e GreedyMerg e i s no t  exaustive ,  w e 
must  tak e car e t o ensur e tha t  relevan t  interpretation s ar e actuall y generated . 

Unfortunately ,  th e technique s use d b y ACME provid e n o leverag e here .  Thei r  technique s see m 
most  usefu l  fo r  modelin g instructiona l  analogies ,  wher e a  teache r  ma y explicitl y  provid e correspon -
dence s o r  poin t  ou t  whic h fact s ar e mos t  important .  Her e ther e i s n o correspondenc e involvin g 
th e bas e fac t  tha t  w e wis h t o brin g over ,  s o i t  canno t  b e give n extr a weigh t  o r  identifie d a  prior i 
as interesting .  Introducin g a  quer y fac t  i n th e targe t  doe s no t  hel p -  i f  w e kne w th e for m o f  th e 
quer y fact ,  w e wouldn' t  nee d analog y t o solv e th e problem .  T o ge t  th e nove l  inference s require d 
fo r  analogica l  proble m solvin g require s a  mor e generativ e solution . 

Our  pragmati c markin g techniqu e operate s b y lookin g fo r  interpretation s whic h ca n potentiall y 
impor t  relevan t  bas e structur e int o th e target .  Ho w ca n th e relevan t  par t  o f  th e bas e b e found ? 
Suppos e w e hav e targe t  ite m G  a s ou r  goal .  Tha t  is ,  w e wan t  t o fin d ho w G  migh t  legitimatel y 
be inferre d o n th e basi s o f  othe r  (perhap s new )  item s i n th e target .  Fo r  concreteness ,  suppos e ou r 
goal  is : 
(DETECTABLE (GIVES-OFF EFFLUENT RADIATION)) 

Consider the set of match hypotheses generated for a comparison. The interpretations we are 
intereste d i n mus t  includ e a  matc h hypothesi s M H q involvin g G ,  sinc e onl y the y ca n provid e 
th e structura l  ground s fo r  candidat e inference s involvin g G .  (I f  G  i s no t  involve d i n an y matc h 
hypotheses ,  the n i t  canno t  b e th e subjec t  o f  an y candidat e inference s an d henc e w e immediatel y 
kno w th e compariso n i s useles s fo r  thi s purpose. )  Thi s mean s tha t  th e interpretatio n mus t  i n tur n 
includ e MH ' s fo r  th e correspondin g argument s o f  M H q ,  an d possibl y fo r  som e large r  structur e o f 
whic h i t  i s  a  part . 

Now conside r  th e projectio n o f  M H g ont o th e bas e domain .  Agai n viewin g th e bas e a s a  graph , 
any pma p whic h include s th e subgrap h roote d i n M H q coul d provid e inferences .  However ,  pmap s 
whic n d o no t  includ e thi s subgrap n ca n als o contribut e t o th e structura l  groundin g o f  a n inference , 
so w e mus t  carefull y examin e the m a s well .  Ther e i s som e subse t  o f  root s o f  th e bas e whic h contai n 
MHg ' s projection .  An y pma p whos e bas e projectio n lie s outsid e thi s subse t  o f  th e grap h ca n b e 
ignored ,  sinc e i t  doe s no t  includ e th e projectio n o f  ou r  goa l  ont o th e base .  Furthermore ,  an y pma p 
insid e thi s subse t  o f  th e grap h ca n b e ignore d i f  i t  i s  inconsisten t  wit h th e correspondence s implie d 
by M H g ,  sinc e i t  coul d no t  b e par t  o f  a  gma p wit h it . 

Thi s intuitiv e pictur e provide s th e basi s fo r  th e pragmati c markin g algorith m (Figur e 5) .  I t  i s 
slightl y mor e complicate d t o tak e int o accoun t  th e fac t  tha t  ther e ca n b e mor e tha n on e M H g ,  bu t 
otherwis e i s straightforward .  Th e informatio n require d fo r  th e function s Targe t  Item ,  Baseltem , 
Roots ,  BaseRoots ,  Descendants ,  an d Nogoo d i s alread y compute d i n th e proces s o f  generatin g 
pmaps.  Th e complexit y i s  thu s 0(|{pmap} |  x  \{MHg)\) -

Figur e 6  illustrate s th e result s o f  tw o querie s i n ou r  extende d example .  Wit h th e quer y abou t 
radiatio n detection ,  thre e ou t  o f  th e fiv e pmap s ar e potentiall y  relevant ,  an d GreedyMerg e success -
full y combine s the m all .  Th e inferenc e wnic h result s ma y b e paraphrase d a s "B y findin g somethin g 
whic h i s sensitiv e t o radiation ,  lik e litmu s pape r  i s sensitiv e t o alcoho l  vapor ,  an d holdin g i t  clos e t o 
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Figur e 5 :  Pragmati c Markin g Algorith m 
We assum e tha t  th e standar d SME algorith m ha s bee n executed ,  independen t  o f  an y query ,  throug h pma p construction . 

1. Let {MHa}= {M\TaTgetItem{M) = G) 
2.  RELEVANT̂  { } 
3.  Fo r  eac h M H a G  {MHa} , 

3. 1 Fo r  eac h pmap ,  G  pmap s 
3.1. 1 I f  Descendants{Tpma,Y>i )  n  Descendants{MHG )  /  { }  the n g o t o 3.1. 4 
3.1. 2 I f  BaseRoots{pma,pi)r \  Roots{BaseItem(MHG) )  =  { }  the n skip . 
3.1. 3 I f  Nogood{pma.pi,MHa )  the n skip . 
3.1. 4 Otherwise ,  RELEVANT*-  RELEVANTU pmap, -

4.  Gree(iyMer3e(RELEVANT ) 

Figur e 6 :  Inference s generate d i n respons e t o querie s 
G= (DETECTABLE (GIVES-QF F EFFLUENT RADIATION) ) 

There are 1 relevant interpretations: 
GMl:  4  correspondencee ,  SES =2. 5 

Objec t  mappings :  COOLANT <- > EFFLUENT.  ALCOHOL-VAPOR <- > RADIATIO N 
Candidat e Inferences : 

CIMPLIES (AN D (SENSIIIVE-T O (:SKOLE N LITMUS32 )  RADIATION )  (INSID E EFFLUENT (:SKOLE M SUMP)) 
(HELD-CLDSE (:SKDLE M LIIMUS32 )  (:SKOLE M SUMP)) ) 

(DETECTABLE (CIVES-OF F EFFLUENT RADIATION)) ) 
G= (INCREASED (FLOW-RATE (FLOW EFFLUENT HEAT-SINK HEAT HX))) 
There are 1 relevant interpretations: 
GM5:  1 0 correspondences ,  SES =  4.37 6 

Objec t  mappings :  PIP E <- > HX.  COOLANT <- > HEAT.  STIL L <- > EFFLUENT.  SUMP <- > HEAT-SIN K 
Candidat e Inferences : 

(CAUSE (GREATER (TEMPERATURE EFFLUENT)  (TEMPERATURE HEAT-SINK) )  (FLO W EFFLUENT HEAT-SIN K HEAT HX) ) 
(IMPLIE S (INCREASED (ARE A HX) )  (INCREASED (FLOW-RATE (FLO W EFFLUENT HEAT-SIN K HEAT HX))) ) 
(IMPLIE S (DECREASED (TEMPERATURE HEAT-SINK) )  (INCREASED (FLOW-RATE (FLO W EFFLUENT HEAT-SIN K HEAT HX))) ) 
the effluent's container, one may detect when the effluent is giving off radiation." Notice that this 
interpretatio n i s no t  th e structurall y best ,  whic h make s th e flows  correspon d bu t  i s  inconsisten t 
wit h th e mappin g o f  COOLANT t o EFFLUENT.  Th e secon d questio n exploit s th e structurall y large r 
interpretation ,  suggestin g tha t  i n orde r  t o brin g abou t  a n mcreas e i n th e rat e o f  hea t  removal ,  on e 
can eithe r  increas e th e are a o f  th e hea t  exchange r  H X o r  decreas e th e temperatur e o f  th e hea t  sink . 
We hav e als o successfull y teste d pragmati c markin g o n a  variet y o f  standar d SME examples ,  wit h 
correc t  result s i n eac h case . 

5 Discussion 

We have seen how the SME algorithm can be modified to efficiently generate interpretations of 
analogie s b y usin g a  greed y mergin g algorithm ,  an d demonstrate d tha t  pragmati c markin g ca n 
focu s it s eff"ort s o n jus t  thos e interpretation s likel y t o lea d t o relevant ,  nove l  candidat e inferences . 
I n movin g fro m a n exhaustiv e algorith m t o a  polynomia l  on e w e giv e u p th e guarente e o f  optimality , 
but  a s ou r  empirica l  result s indicate ,  w e los e littl e b y doin g so . 

Ther e ar e severa l  direction s t o explor e next .  Fo r  example ,  sometime s degree s o f  certaint y o r 
relevanc e ca n b e estimate d fo r  item s i n a  representation .  I t  woul d b e usefu l  t o exploi t  suc h infor -
mation ,  a s ACME does .  Combinin g score s fo r  certaint y an d relevanc e wit h th e structura l  evaluatio n 
scor e use d b y GreedyMerg e coul d provid e a n increase d sensitivit y t o relevanc e tha t  migh t  b e usefu l 
on large r  problems .  W e als o pla n t o us e thes e technique s t o embe d SME int o a  large r  simulatio n o f 
human problem-solvin g activity . 
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