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Abstrac t 

This paper presents a model of the use of ex-
per t  knowledg e t o improv e accurac y o f  aneJo g re -
trieval .  Thi s model ,  matc h refinemen t  b y structura l 
differenc e link s ( M R S D L ) ,  i s  base d upo n th e as -
sumptio n tha t  expertis e i n domain s requirin g ana -
logica d reasonin g consist s i n par t  o f  knowledg e o f 
th e structura l  similaritie s an d difference s betwee n 
some pair s o f  th e sourc e analogs .  I n a n empiri -
cal  evaluatio n o n fou r  dat a sets ,  M R S DL consis -
tentl y retrieve d th e mos t  simila r  o r  nearl y mos t 
simila r  sourc e analog .  Achievin g comparabl e ac -
curac y o n thes e dat a set s wit h a  two-stag e retrieva l 
techniqu e suc h a s M A C / F A C woul d requir e exhaus -
tiv e matchin g wit h mor e tha n hal f  o f  th e sourc e 
anedogs .  T h e evaluatio n als o showe d tha t  paralle l 
competitiv e matchin g i s  ofte n substantiall y  faste r 
tha n exhaustiv e matchin g o r  M R S D L. 

Similarity in Analogical Reasoning 

Th e term s "reasonin g b y analogy "  an d "case-base d 
reasoning "  subsum e a  variet y o f  differen t  problem -
solvin g an d learnin g activities .  C o m m on t o al l 
thes e activities ,  however ,  i s  attributin g conclusion s 
t o a  ne w situatio n base d o n it s relevan t  similarit y 
t o som e previou s situatio n t o whic h th e sam e con -
clusion s applied . 

Ther e i s a  consensu s amon g researcher s i n ana ^ 
logica l  reasonin g tha t  structura l  consistenc y i s a 
centra l  componen t  o f  similarit y fo r  th e purpose s 
of  analogica l  rccisonin g (Winston ,  1980 ;  Centner , 
1983 ;  Falkenhaine r  e t  al. ,  1989 ;  Holyoa k an d Tha -
gard ,  1989) .  T w o analog s ar e structurall y consis -
ten t  i f  object s i n th e tw o analog s ca n b e place d int o 
correspondenc e s o tha t  relation s als o correspond . 
Thi s correspondenc e i s generall y modele d a s a  map -
pin g fro m th e object s i n on e analo g (th e source )  t o 
thos e i n anothe r  (th e target) . 

A numbe r  o f  few:tor s hav e bee n identifie d tha t 
m ay influenc e th e proces s o f  constructin g a  map -
pin g fro m a  sourc e t o a  targe t  analog .  Holyoa k 
et  al .  (Holyozd c an d Thagard ,  1989 )  hav e stresse d 
th e rol e o f  semanti c similarity ,  preferenc e fo r  map -

ping s tha t  pu t  semanticall y simila r  object s an d re -
lation s int o correspondence ,  an d pragmati c central -
ity ,  preferenc e fo r  mapping s tha t  ar e directl y re -
late d t o proble m solvin g goals ,  i n constrainin g th e 
mappin g process .  Cente r  ha s emphasize d system -
aticity ,  preferenc e fo r  mapping s betwee n "higher -
order "  relations ,  i.e. ,  thos e tha t  tak e proposition s 
as arguments ,  ove r  first-order  relations ,  i.e. ,  thos e 
tha t  tak e object s a s arguments .  Othe r  research , 
e.g. ,  (Farie s an d Reiser ,  1990 )  an d (Brantin g an d 
Porter ,  1991) ,  ha s studie d th e effec t  o f  elaboratio n 
of  th e targe t  analog ,  tha t  is ,  inferrin g fact s no t  ex -
plici t  i n th e targe t  analog .  Finally ,  (Branting ,  1991 ) 
and (Brantin g an d Porter ,  1991 )  illustrate d us e o f 
genera l  domai n theor y t o reformulat e a  proble m i n 
a manne r  tha t  ca n lea d t o improve d structura l  con -
sistenc y wit h it s  mos t  simila r  analog .  Followin g 
(Holyoa k an d Thagard ,  1989) ,  semanti c similarity , 
pragmati c centrality ,  systematicity ,  targe t  elabora ^ 
tion ,  an d proble m reformulatio n wil l  b e collectivel y 
referre d t o a s constraint s o n th e mappin g process . 

Methods for Analog Retrieval 

Th e tas k o f  analo g retrieva l  i s t o determin e th e po -
tentia l  sourc e analo g i n memor y tha t  share s th e 
greates t  structura l  consistenc y wit h a  targe t  ana -
log ,  o r  probe ,  unde r  a  give n se t  o f  mappin g con -
straints .  Th e simples t  approac h t o analo g retrieva l 
i s  exhaustiv e matchin g betwee n a  targe t  zmaJo g an d 
al l  potentia l  sourc e analog s i n memory .  However , 
exhaustiv e matchin g i s psychologicall y implausibl e 
and computationall y intractabl e fo r  larg e knowl -
edg e bases . 

Implemente d alternative s t o exhaustiv e match -
in g includ e A R C S (analo g retrieva l  b y constrain t 
satisfaction )  (Thagar d e t  al. ,  1990 )  an d M A C / F A C 
(man y ar e calle d bu t  fe w ar e chosen )  (Centne r 
and Forbus ,  1991) .  Cive n a  targe t  probe ,  A R C S 
first  finds a  se t  o f  candidat e sourc e analog s tha t 
"i n som e degree "  shar e semanti c similaritie s wit h 
th e probe .  Fo r  eac h candidat e analog ,  A R C S con -
struct s a  constrain t  network .  A  connectionis t  re -
laxatio n algorith m i s  the n use d t o settl e int o a 
stat e tha t  indicate s th e relativ e correspondenc e o f 
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th e variou s store d structure s t o th e prob e unde r 
th e give n constraints .  M A C / F A C i s als o two-stag e 
model .  A  computationall y inexpensiv e measur e o f 
surfac e similarit y i s use d t o retriev e a n initia l  se t 
of  candidates .  Exhaustiv e matchin g i s the n U8«' d t o 
determin e whic h o f  th e candidate s i s structurall y 
most  simila r  t o th e probe . 

A R CS an d M A C / F A C bot h successfull y accoun t 
fo r  th e widel y observe d phenomeno n tha t  surfac e 
(i.e. ,  semantic )  similarit y i s  a  stronge r  predicto r  o f 
memory acces s i n novice s tha n structura l  consis -
tenc y (Ross ,  1989 ;  Centner ,  1989 )  (althoug h struc -
tura l  consistenc y i s als o a  predicto r  o f  retrieva l 
(Wharto n e t  al. ,  1991)) .  Ther e i s reaso n t o ques -
tion ,  however ,  whethe r  thes e approache s t o re -
trieva l  ar e equall y successfu l  a t  modelin g analo g re -
trieva l  b y experts .  Ther e i s empirica l  evidenc e tha t 
expert s Jir e bette r  tha n novice s a t  usin g structurall y 
simila r  analog s an d ar e les s pron e t o us e analog s 
wit h misleadin g surfac e similaritie s (Novick ,  1988) . 
The hallmar k o f  expertis e i n man y fields  i s  th e abil -
it y  t o find  th e structurall y mos t  simila r  analo g ir -
respectiv e o f  surfac e differences .  I n lega l  reasoning , 
fo r  example ,  th e lega l  preceden t  mos t  relevan t  t o 
a give n cas e ma y hav e ver y differen t  facts .  Skillfu l 
attorney s ar e adep t  a t  finding  suc h precedents . 

Modelin g analogica l  retrieva l  i n expert s there -
for e require s showin g ho w th e mos t  simila r  (o r 
nearl y mos t  similar )  sourc e analo g ca n b e foun d 
withou t  exhaustiv e searc h o f  memory .  Th e diffi -
cult y o f  two-stag e retrieva l  method s suc h a s A R C S 
and M A C / F A C i s i n determinin g th e siz e o f  th e se t 
of  initia l  candidates .  I f  th e initia l  candidat e se t  i s 
to o small ,  the n th e mos t  simila r  analo g ma y no t  b e 
found .  I f  th e initia l  candidat e se t  i s  to o large ,  the n 
exhaustiv e searc h o f  th e candidat e se t  wil l  no t  b e 
significantl y les s expensiv e tha n searchin g th e en -
tir e librar y o f  analogs .  Whe n surfac e similarit y i s 
unrehable ,  a  sufficientl y poo r  choic e o f  candidat e 
set  siz e ca n conceivabl y lea d t o th e wors t  o f  bot h 
worlds :  exhaustiv e searc h o f  a  significan t  portio n o f 
th e cinalo g librar y tha t  nevertheles s fail s  t o retriev e 
th e mos t  relevan t  analog .  Improvin g upo n th e two -
stag e retrieva l  model s require s showin g ho w exper t 
knowledg e ca n improv e retrieva l  accuracy . 

One for m o f  knowledg e tha t  expert s ca n b e ex -
pecte d t o hav e an d novice s leic k i s knowledg e o f 
th e structura l  similaritie s an d difference s betwee n 
at  leas t  som e pair s o f  th e analog s i n memory .  Sup -
pose ,  fo r  example ,  tha t  a  la w studen t  i s aske d t o 
analyz e a  hypothetica l  HI ,  an d th e studen t  recall s 
a superficiall y  simila r  preceden t  Pi .  Suppos e tha t 
th e studen t  i s  the n tol d tha t  th e controllin g prece -
dent  i s  instea d P 2 becaus e o f  th e greate r  structura l 
similaritie s betwee n H I  an d P2 .  T o profi t  fro m 
thi s lesson ,  th e studen t  mus t  understjm d th e struc -
tura l  difference s bot h betwee n H I  an d P I  an d be -
twee n H I  an d P 2 i n orde r  t o appreciat e tha t  th e 
forme r  ar e greate r  tha n th e latter .  Perforce ,  th e 

studen t  mus t  als o understan d th e structura l  differ -
ence s betwee n P I  an d P 2 tha t  le d t o th e difference s 
i n thei r  degre e o f  structura l  similarit y t o HI .  I f  o n 
a late r  occasio n th e studen t  encounter s hypotheti -
cal  H 2 tha t  i s  superficiall y  simila r  bu t  structurall y 
dissimila r  t o PI ,  th e studen t  ca n us e knowledg e o f 
th e structura l  difference s betwee n P J an d P 2 t o re -
cove r  fro m th e spuriou s matc h t o P I  an d find  th e 
structurall y mos t  simila r  preceden t  P2 . 

The nex t  sectio n describe s a n algorith m tha t 
uses preexistin g knowledg e o f  structura l  difference s 
among sourc e analog s t o recove r  fro m spuriou s 
matches . 

Match Refinement by Structural 

Differenc e L ink s 

I n matc h refinemen t  b y structura l  differenc e link s 
(MRSDL) ,  a n initia l  candidat e i s selecte d o n th e 
basi s o f  surfac e semanti c similarity .  Precompute d 
informatio n o n th e structura l  relation s amon g 
analog s i s the n use d t o refin e th e match .  Specif -
ically ,  i f  th e structura l  difference s betwee n a n ana -
lo g Acu r  an d a  prob e P  hav e bee n determined ,  dif -
ferenc e link s containin g precompute d informatio n 
abou t  th e structura l  difference s betwee n Acu r  an d 
alternativ e analog s A i  .. .  A n ca n b e use d t o es -
timat e inexpensivel y th e similarit y betwee n P  an d 
each Ai .  Th e ide a behin d thi s approac h i s tha t 
Ai  i s  a  bette r  matc h t o P  tha n Acu r  t o th e exten t 
tha t  Acu r  differ s fro m A ,  an d P  i n th e sam e way . 
However ,  t o th e exten t  tha t  A i  ha s additiona l  dif -
ference s fro m P ,  th e matc h betwee n A i  an d P  i s 
worse .  Th e mos t  promisin g A i  i s  th e cas e fo r  whic h 
th e difference s wit h Acu r  share d b y A i  an d P  ar e 
greates t  an d th e additiona l  difference s betwee n A, -
and P  ar e least . 

Conside r  a  simpl e exampl e involvin g th e follow -
in g brie f  narratives ,  represente d i n figure  1 : 

•  Probe .  Joh n gav e flowers  t o Mar y becaus e h e 
like s her . 

•  Analog-1 .  Jimm y like s Bill y  becaus e Bill y  gav e 
hi m a  snake . 

•  Analog-2 .  Bo b gav e flowers  t o Sall y becaus e h e 
like s Sally' s mother ,  Jane . 

The highes t  degre e o f  surfac e semanti c similarit y 
i s  betwee n th e prob e an d Analog-1 :  th e prob e an d 
Analog- 1 hav e identica l  relations ,  wherea s Analog- 2 
has a  relation ,  mother ,  no t  foun d i n th e probe .  A n 
initia l  retrieva l  base d o n surfac e semanti c similarit y 
woul d therefor e favo r  Analog-1 .  However ,  Analog -
1 differ s structurall y fro m th e probe .  Th e mappin g 
tha t  maximize s th e structura l  congruenc e betwee n 
th e prob e an d Analog-1 ,  Analog-l=>Probe ,  i s th e 
following : 

Billy—Joh n 
Jimmy—•Mary 
like2-̂ Uke l 
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PROBE: 

thing-like d 

caus e 

dono r rea p 

flowers 

ANALOG-1: 

thing-like d 

caus e 

dono r reci p 

J imm y 

ANALOG-2: 

snak e 

thing-like d 

like 

like r 

Bob 

dono r 

caus e 

Jan e 

mother 

Sally 

reci p 

give 3 

obj 

candy 

Figure 1: A probe and two analogs. 

give2—»give l 
8nake-*flower s 

Under this mapping, the following propositions in 
Analog- 1 hav e n o correspondin g proposition s i n th e 
probe : 

(thing-liked Iike2 Billy) 
(like r  like 2 Jimmy ) 
(caus e give 2 like2 ) 

These unmatched propositions constitute a differ-
ence denote d Analog- l  — Dom(Analog-l:^Probe ) 
(wher e Dom(Analog-l=>Probe )  i s th e se t  o f  propo -
sition s havin g a n imag e unde r  Analog-l:^Probe) . 

Assume tha t  th e followin g structura l  informa -
tio n concernin g Analog- l  an d Analog- 2 ha s bee n 
precomputed : 

• Analog-l^Analog-2, the mapping that maxi-
mize s th e structura l  congruenc e betwee n Analog -
1 an d Analog-2 ,  an d Dom(Analog-l=>Analog-2) , 
th e Analog- 1 proposition s tha t  hav e a n imag e i n 
Analog- 2 unde r  Analog-1^Analog-2 . 

• Analog-2:^Analog-l, the mapping that maxi-
mize s th e structura l  congruenc e betwee n Analog -
2 an d Analog-l ,  an d Dom(Analog-2=>Analog-l) , 
th e Analog- 2 proposition s tha t  hav e a n imag e i n 
Analog- l  unde r  Analog-2=>Analog-1 . 

Using this information, the number of propo-
sition s o f  Analog- 2 tha t  woul d hav e n o imag e i n 
th e prob e unde r  th e bes t  mappin g from  Analog -
2 t o th e prob e ca n b e estimate d b y th e su m o f 
th e numbe r  o f  Analog- l  proposition s havin g a n 
imag e i n Analog- 2 bu t  n o imag e i n th e probe , 
i.e. ,  |Dom(Analog-l^Analog-2 )  — Dom(Analog -
l:̂ Probe)| ,  whic h i n thi s cas e i s zero ,  an d th e 
number  o f  Analog- 2 proposition s tha t  hav e n o 
imag e i n P  unde r  th e compositio n o f  Analog -
2^Analog- l  an d Analog-Is '̂Prob e (i.e. ,  |Analog- 2 
-  Dom(Analog-2=>AnaJog- l  o  Analog-Ir̂ 'Probe)] . 
I n thi s case ,  Analog- 2 -  Dom(Analog-2=>Analog- l 
o Analog- l  ̂  Probe )  i s th e following : 

(thing-liked likeS Jane) 
(mothe r  Sall y Jane ) 

This  is fewer than the three propositions in Analog-
1 — Dom(Analog-l=>Probe) ,  s o Analog- 2 i s a  close r 
matc h t o th e prob e tha n AneJog-1 . 

The ful l  algorith m fo r  matc h refinemen t  i s a s 
follows : 

Given : 

• P, a probe (i.e., target analog) 

• Acur, the source analog that is currently the best 
matc h t o P 

• Acur — Dom(i4cur=*^-P), the propositions of i4eur 
tha t  hav e n o imag e i n P  unde r  Acur^^P ,  th e bes t 
mappin g fro m Acu r  t o P 

584 



•  Precompute d differenc e link s betwee n Aeu r  an d 
case s A i  .. .  A n containin g th e followin g informa -
tio n fo r  eac h Af . 

Acur^Ai, the best mapping from Aeur to 
Ai ,  an d D o m { A c u r ^ A i ) ,  th e proposition s 
of  Aeu r  tha t  hav e a n imag e i n A i  unde r 
Acur^-A i 

Ai=> Aeur, the best mapping from Ai to 
Aeur ,  an d Dom{Ai^^Aeur) ,  th e proposition s 
of  A i  tha t  hav e a n imag e i n Aeu r  unde r 

Ai'^Acu r 

Do: 

1.  Selec t  th e A, -  fo r  whic h \A i  -  Dom{Ai=>P)\/\Ai\ , 
th e proportio n o f  proposition s unmatche d unde r 
th e bes t  mappin g fro m A i  t o P ,  i s estimate d t o 
be least ,  wher e \A i  — D o m { A i ^ P ) \  i s estimate d 
by th e cardinalit y o f  th e followin g set : 

Dom{Aeur=^Ai) - Dom{Aeur=>P) U ^i -

Dom{Ai=>Aeu r  °  Acur=> -  P ) 

2.  Calculat e th e actua l  valu e o f  A i  — Dom{A i=>P ) 

3. If \Acur - Bom{Aeur^P)\/\Aeur\ < \Ai -
Dom(Ai=>P)\/\Ai\ ,  the n P  matche s Aeu r  bette r 
tha n an y o f  th e Ai's ,  s o retur n Aeur -  Otherwise , 
cal l  th e procedur e agai n wit h A t  a s th e curren t 
bes t  match . 

As illustrate d i n (Branting ,  1991) ,  th e compo -
sitio n o f  tw o best-mapping s m a y fai l  t o b e itsel f  a 
best  mapping .  Unde r  thes e circumstcince s th e al -
gorith m ma y eithe r  over -  o r  underestimat e th e tru e 
degre e o f  structura J differenc e betwee n a n analo g A i 
and a  probe .  A s a  result ,  difference-lin k refinemen t 
i s a  heuristi c procedure. ^ 

Comparison of MRSDL with Other 

Retrieva l  Technique s 

To determin e whethe r  M R S DL represent s a n effec -
tiv e mode l  o f  th e us e o f  exper t  knowledg e i n analo g 
retrieval ,  a  comparativ e eveJuatio n wa s performe d 
i n whic h M R S DL wa s compare d t o thre e othe r  re -
trieva l  techniques .  Th e firs t  alternativ e retrieva l 
techniqu e wa s exhaustiv e matching .  Th e sec -
ond techniqu e wa s Best-Firs t  Incrementa l  Match -
in g (BFIM )  (Branting ,  1991) .  B F I M consist s o f 
best-firs t  searc h o f  th e spac e o f  partia l  mapping s 
betwee n eac h analo g i n memor y an d th e probe . 

*To compensate for the possible inaccuracy of the es-
timat e o f  th e degre e o f  structuia i  differenc e betwee n a n 
analo g A i  an d a  probe ,  th e implementatio n o f  M R S DL 
describe d belo w modifie s ste p 1  o f  th e algorith m b y 
selectin g no t  onl y th e analo g A i  fo r  whic h th e esti -
mate d structura l  differenc e i s least ,  bu t  als o al l  othe r 
analog s Aj...A k whos e estimate d structura l  difference s 
ar e withi n .0 5 o f  thos e o f  A, .  Th e actua l  closes t  struc -
tura l  matc h t o th e prob e amon g A,,A}...A k i s the n de -
termine d i n ste p 2 . 

B F I M resemble s A R C S i n tha t  i t  i s a  for m o f  paral -
le l  matchin g involvin g competitio n a m o n g analog s 
(althoug h i n B F I M thi s competitio n doesn' t  consis t 
of  inhibitio n betwee n competin g matc h hypotheses , 
but  merel y o f  directin g computationa l  resource s t o 
th e mos t  promisin g match) .  Th e thir d techniqu e 
was surfac e semanti c retrieval .  Degre e o f  surfac e 
matc h wa s determine d b y th e proportio n o f  rela -
tion s occurrin g i n a n analo g tha t  als o occurre d i n 
th e probe. ^ 

Thes e technique s wer e compare d o n fou r  set s o f 
analogs .  Th e first  tw o consiste d o f  10 0 fable s an d 
26 play s (2 5 Shakespearea n play s an d Wes t  Sid e 
Story) ,  generousl y provide d b y Pau l  Thagard ,  con -
sistin g o f  approximatel y 2 1 proposition s pe r  pla y 
and 5 5 proposition s pe r  play .  T h e remainin g tw o 
set s o f  analogs ,  take n fro m th e worker' s compen -
satio n la w knowledg e bas e o f  G R E B E (Branting , 
1991) ,  consiste d o f  1 1 precedent s o f  employmen t 
activitie s (averagin g 2 9 proposition s pe r  case )  an d 
10 precedent s o f  near-mis s noninstance s o f  em -
ploymen t  activitie s (averagin g 3 0 proposition s pe r 
case) . 

I n eac h retrieva l  trial ,  th e fable s an d play s wer e 
randoml y divide d int o 5  o r  3  (respectively )  approx -
imatel y equa l  partitions .  Eac h analo g o f  eac h par -
titio n wa s the n use d a s a  prob e wit h th e case s o f 
th e remainin g partition s a s analogs .  Thus ,  eac h re -
trieva l  o f  eac h fabl e wa s teste d usin g 8 0 othe r  fable s 
as analogs ,  an d retrieva l  o f  eac h pla y wa s teste d 
usin g 1 7 o r  1 8 othe r  play s a s analogs .  A  se t  o f  2 1 
worker' s compensatio n hypothetica l  (averagin g 8 9 
proposition s pe r  case )  wer e use d t o tes t  retrieva l  o f 
th e instanc e an d noninstanc e precedent s o f  employ -
ment  activities . 

Befor e M R S DL coul d b e ru n o n eac h collectio n 
of  analogs ,  som e se t  o f  differenc e link s ha d t o b e 
installe d amon g them .  Th e behavio r  o f  M R S DL 
depend s heavil y upo n th e configuratio n o f  differ -
enc e link s amon g anjJog s (Branting ,  1991) .  Fo r 
example ,  i f  ther e i s n o sequenc e o f  differenc e link s 
connectin g a n initia l  surfac e matc h wit h th e closes t 
analog ,  the n clearl y n o serie s o f  matc h refinement s 
ca n retriev e th e closes t  analog . 

I n thi s experiment ,  n o effor t  wa s m a d e t o achiev e 
an optima l  configuration .  Instead ,  a  configuratio n 
of  analog s connecte d b y differenc e link s wa s incre -
mentall y buil t  u p i n a  manne r  consisten t  wit h th e 
scenari o presente d a t  th e en d o f  sectio n 2 :  Eac h 
configuratio n wa s initi£dize d wit h a  singl e randoml y 
selecte d analog .  Th e remainin g analog s wer e adde d 
i n rando m order .  Fo r  eac h ne w analo g A ,  a  dif -
ferenc e hn k wa s installe d betwee n A  an d th e su -
perficiall y  mos t  simila r  analog ,  S S { A ) .  Exhaustiv e 
searc h wa s the n use d t o determin e th e analo g struc -
turall y mos t  simila r  £Uialog ,  E x { A ) .  I f  E x { A )  an d 

^Weightin g th e relation s b y thei r  relativ e abundanc e 
i n analog s wa s no t  foun d t o increas e retrieva l  accuracy . 
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Dat a Se t 

fable s (80 ) 

play s ( I M S ) 
E A+ (11 ) 

E A-  (10 ) 

MR.SDL 
% exac t 

51. 0 

73. 1 
76. 2 
1 U 

% clos e 

81. 3 
94. 2 

?8.f i 
92. 5 

compar -
ison s 

9. 0 
5. 3 
3. 1 
2. 5 

Tabl e 1 :  T h e proportio n o f  M R S DL retrieval s tha t 
wer e identica l  t o th e bes t  matc h a s determine d 
by exhaustiv e match ,  th e proportio n o f  retrieval s 
tha t  returne d a n analo g whos e degre e o f  matc h wa s 
withi n 5 % o f  th e closes t  anedog ,  an d th e averag e 
number  o f  structurs d comparison s require d i n eac h 
of  th e dat a sets .  "EA-I- "  an d " E A - "  represen t  in -
stance s an d near-mis s noninstance s o f  employmen t 
activities ,  respectively . 

S S { A )  wer e distinct ,  the n differenc e Hnk s wer e in -
stalle d betwee n E x { A )  an d S S { A ) ,  an d betwee n 
A an d E x { A ) .  Thi s approac h wa s chose n becaus e 
th e numbe r  o f  differenc e link s require d i s linea r  i n 
th e numbe r  o f  analog s an d becaus e th e approac h 
i s consisten t  wit h a  plausibl e scenari o fo r  acquirin g 
knowledg e o f  structura l  relation s a m o n g analogs . 
A distinc t  configuratio n o f  differenc e link s wa s con -
structe d fo r  eac h se t  o f  partition s use d a s sourc e 
analogs . 

I n eac h o f  th e retrieva l  approache s (excep t  sur -
fac e semanti c retrieval )  structur e matchin g wa s 
performe d b y th e best-firs t  algorith m describe d i n 
(Branting ,  1991 )  runnin g i n greed y m o d e .  T o iso -
lat e th e tas k o f  findin g th e structurall y mos t  sim -
ila r  analo g fro m th e contributio n o f  variou s m a p -
pin g constraint s an d t o expedit e th e trials ,  th e al -
gorith m wa s ru n wit h informatio n concernin g se -
manti c similarit y a m o n g relation s an d cas e elabo -
ratio n rule s removed .  Degre e o f  structura l  similar -
it y wa s measure d b y th e proportio n o f  proposition s 
i n th e sourc e cinalo g tha t  hav e a n imag e i n th e tar -
get  unde r  th e mappin g tha t  maximize s structura l 
congruence . 

Tabl e on e set s fort h th e performanc e o f  M R S DL 
average d acros s fou r  trials .  T h e first  colum n set s 
fort h th e proportio n o f  M R S DL retrieval s fo r  eac h 
dat a se t  tha t  wer e identica l  t o th e bes t  matc h a s 
determine d b y exhaustiv e search. ^  Ther e ar e ofte n 
severa l  ansdog s havin g a n almos t  identica l  degre e 
of  matc h wit h a  probe .  T h e secon d colum n set s 
fort h th e proportio n o f  M R S DL retrieval s tha t  re -
turne d a n aneilo g whos e degre e o f  matc h wa s withi n 
5 % o f  tha t  o f  th e closes t  analo g foun d b y exhaus -
tiv e search .  T h e thir d colum n contain s th e averag e 
number  o f  structura l  comparison s require d fo r  eac h 

Da t a 
Set 

fable s 
play s 
EA-i -
EA-

Surfac e 
Similarit y 

AVpeProfce a 
Min-exAct p 

i4. d 
4. 3 
3. 3 
3.1 

MAXp,/>ro6e » 
Min-exact p 

71. 3 
12. 5 
9.0 
6.0 

MAXp,/>ro6e i 
Min-dl p 

68. 0 
8.5 
9.0 
6.0 

Tabl e 2 :  Min-exact p i s th e m i n i m u m numbe r  o f 
candidate s tha t  mus t  b e retrieve d b y surfac e simil -

iarit y t o insur e tha t  th e analo g closes t  t o prob e p  i s 
i n th e candidat e set .  Min-dl p i s th e smalles t  candi -
dat e se t  siz e guarantee d t o contai n a n analo g whos e 
degre e o f  matc h i s a t  leas t  a s grea t  a s th e degre e o f 
matc h o f  th e analo g returne d b y M R S D L. 

M R S DL retrieval . 
T h e first  tw o column s o f  tabl e tw o contai n infor -

matio n concernin g Min-exactp ,  th e m i n i m u m num -
ber  o f  candidate s tha t  mus t  b e retrieve d b y surfac e 
similarit y t o insur e tha t  th e analo g closes t  t o prob e 
p i s i n th e candidat e set." *  T h e first  colum n set s 
fort h th e averag e o f  Min-exact p fo r  al l  probe s p  i n 
eac h dat a set .  Thi s represent s th e averag e numbe r 
of  candidate s tha t  woul d b e necessar y fo r  two-stag e 
retrieva l  i f  on e s o m e h o w kne w Min-exact p fo r  ever y 
prob e p .  T h e secon d colum n set s fort h th e maxi -
m u m o f  Min-ex£ict p fo r  al l  probe s p .  Thi s represent s 
th e smalles t  candidat e se t  siz e tha t  woul d guar -
ante e fo r  al l  probe s tha t  th e candidat e se t  woul d 
contai n th e bes t  analog .  T h e las t  colum n repre -
sent s th e m a x i m u m o f  Min-dl p ̂  th e smalles t  can -
didat e se t  siz e guarantee d fo r  al l  probe s p  t o contai n 
an analo g whos e degre e o f  matc h a t  leas t  a s grea t 
as th e degre e o f  matc h o f  th e analo g returne d b y 

MRSDL. 
Tabl e thre e set s fort h th e averag e retrieva l  tim e 

i n second s o f  use r  C P U tim e fo r  exhaustiv e search , 
BFIM,  an d M R S D L. 

Discussion 

Tabl e on e show s tha t  M R S DL perform s reasonabl y 
well ,  althoug h no t  infallibly .  I n th e fabl e an d em-
ploymen t  activit y noninstanc e dat a set s M R S DL 
was ove r  9 0 % accurat e i n retrievin g analog s tha t 
wer e withi n 5 % o f  th e optima l  match .  Tabl e tw o 
illustrate s th e shortcoming s o f  two-stag e retrieval . 
Althoug h th e averag e valu e o f  Min-exact p wa s com -
parabl e t o th e averag e numbe r  o f  structura l  com -
parison s performe d b y M R S D L,  eac h dat a se t  con -

^  A  separat e compariso n wit h BFI M wa s unnecessar y 
becaus e BFI M alway s find s th e sam e matc h a s exhaus -
tiv e searc h 

*I f  Ex(j) )  i s  th e analo g foun d b y exhaustiv e searc h 
of  a  give n analo g se t  wit h prob e p  an d SS(p ,  n )  i s th e 
set  o f  n  closes t  surfac e matche s t o p ,  the n Min-exact p 
= mm{n\Ex(p )  c  SS(p,n)} . 

*I f  £>/(p )  i s  th e analo g foun d b y M R S D L,  Min-dl p 
= min{n |  SS(p,n )  contain s som e analo g tha t  matche s 
p a t  leas t  a s wel l  a s Dl{p)} . 
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Dat a Se t 

fable s 
play s 

EA+ 
EA-

£xh . 
10. 7 

5i 
4. 1 
2. 9 

fiPIM 

2. 9 
4. 7 
2. 6 
1. 4 

M R S DL 
5. 0 
6. 3 
1. 7 
1.1 

Tabl e 3 :  Averag e retrieva l  time s (i n second s o f 
user  C P U time )  fo r  exhaustiv e search ,  BFIM ,  an d 
MRSDL. 

tain s som e prob e p  fo r  whic h Min-exact p i s a t  leas t 
hal f  th e siz e o f  th e dat a set .  Thus ,  o n thes e dat a 
set s a t  least ,  n o two-stag e retrieva l  schem e ca n si -
multaneou s insur e correctnes s an d searc h les s tha n 
hal f  o f  th e analog s i n memory .  Th e las t  colum n o f 
tabl e tw o illustrate s tha t  th e smalles t  initia l  can -
didat e se t  siz e guarantee d t o equa l  th e accurac y o f 
M R S DL i s a t  leas t  hal f  th e siz e o f  th e analo g li -
brary . 

Tabl e thre e illustrate s tha t  M R S DL i s usuall y 
substantijJl y faste r  tha n exhaustiv e matching .  Th e 
surprisin g exceptio n wa s i n th e play s dat a se t 
wher e M R S DL wa s actuall y slowe r  tha n exhaus -
tiv e matching .  BFI M wa s consistentl y faste r  tha n 
exhaustiv e matching ,  mor e tha n thre e time s a s fas t 
i n th e fabl e dat a set .  Surprisingly ,  BFI M wa s eils o 
faste r  tha n M R S DL i n tw o o f  th e dat a sets .  Par -
alle l  competitiv e matchin g ha s bee n criticize d o n 
ground s o f  psychologica l  implausibilit y  (Centne r 
and Forbus ,  1991) ,  bu t  thes e dat a sugges t  tha t  thi s 
retrieva l  techniqu e ca n b e relativel y efficient . 

Conclusion 

This paper has presented a model of the use of ex-
per t  knowledg e t o improv e th e accurac y o f  ana -
lo g retrieval .  Thi s model ,  matc h refinemen t  b y 
structura l  differenc e link s (MRSDL) ,  i s base d upo n 
th e assumptio n tha t  expertis e i n domain s requir -
in g analogica l  reasonin g consist s i n par t  o f  knowl -
edge o f  th e structura l  similaritie s an d difference s 
betwee n som e pair s o f  th e sourc e analogs .  I n a n em -
pirica l  evaluatio n o n fou r  dat a sets ,  M R S DL gen -
erall y foun d th e mos t  simila r  o r  nearl y mos t  simi -
la r  sourc e analog .  Achievin g comparabl e accurac y 
on thes e dat a set s wit h a  two-stag e retrieva l  tech -
niqu e suc h a s M A C / F A C woul d requir e exhaustiv e 
matchin g wit h mor e tha n hal f  o f  th e sourc e analogs . 
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