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Abstrac t 

Analogical reasoning is the process of retrieving knowledge 
of  a  familia r  proble m (sourc e analog )  simila r  t o th e curren t 
proble m (target )  an d transferrin g tha t  knowledg e t o solv e th e 
problem .  Th e powe r  o f  a n analogica l  reasone r  thu s come s i n 
par t  fro m th e abilit y  t o retriev e th e "right "  analo g whe n a  taî e t 
i s  specified .  Indexin g o f  analog s therefor e i s a n importan t 
issu e i n analogica l  reasoning .  Thi s issu e i n fac t  ha s thre e 
differen t  aspects :  (i )  indexin g vocabulary ,  (ii )  learnin g o f  th e 
indice s t o a  ne w analog ,  an d (iii )  us e o f  indice s fo r  retrievin g 
store d analogs .  W e hav e bee n explorin g th e hypothesi s tha t 
th e reasoner' s menta l  model s o f  th e analog s giv e rise  t o th e 
answer s t o thes e issues .  W e hav e teste d thi s hypothesi s i n th e 
contex t  o f  analogica l  desig n o f  physica l  devices .  I n thi s paper , 
we describ e ho w structure-behavior-functio n (SBF )  model s o f 
device s hel p i n addressin g th e indexin g issue s i n analogica l 
design .  W e als o describ e ho w th e IDEA L syste m implement s 
and evaluate s th e model-base d schem e t o indexin g an d inde x 
learning . 

Introduction 

Analogica l  reasonin g i s th e proces s o f  retrievin g knowledg e 
of  a  familia r  proble m (calle d sourc e analog )  simila r  t o th e cur -
ren t  proble m (calle d target )  an d transferrin g tha t  knowledg e 
t o solv e th e problem .  Th e powe r  o f  a n analogica l  reasone r 
thu s come s i n par t  fro m th e abilit y  t o retriev e th e "right "  ana -
lo g whe n a  ne w proble m i s specified .  Indexin g o f  analog s 
therefor e i s a n importan t  issu e i n analogica l  reasoning . 

Actually ,  th e indexin g issu e ha s thre e differen t  aspects : 
(i )  wha t  migh t  b e th e indexin g vocabulary ,  (ii )  h o w migh t 
th e indice s b e learne d fo r  a  ne w analo g whe n i t  i s  store d i n 
memory,  an d (iii )  h o w migh t  th e learne d indice s b e use d fo r 
analo g retrieval .  W e hav e bee n explorin g th e hypothesi s tha t 
menta l  model s o f  analog s giv e ris e t o th e indexin g vocabulary , 
enabl e an d constrai n th e learnin g o f  indice s fo r  ne w analogs , 
and provid e similarit y measure s fo r  matchin g a  targe t  proble m 
wit h th e store d analog s an d retrievin g relevan t  ones .  W e hav e 
teste d thi s hypothesi s i n th e contex t  o f  designin g physica l 
devices . 

I n earlie r  work ,  w e showe d ho w structure-behavior -
functio n (SBF )  model s o f  device s provid e th e indexin g vo -
cabular y an d enabl e th e retrieva l  o f  analog s relevan t  t o th e 
targe t  proble m (Goel ,  1992) .  W e als o showe d h o w S B F mod -
el s enabl e an d constrai n th e transfe r  o f  structura l  knowledg e 
fro m th e sourc e analo g t o th e targe t  proble m (Goel ,  1991a) , 
and ho w th e concurren t  transfe r  o f  structura l  an d behaviora l 
(i.e. ,  causal )  knowledg e lead s t o th e acquisitio n o f  th e S B F 
model s o f  ne w analog s (Goel ,  1991b) .  I n thi s paper ,  w e de -

scrib e h o w S B F model s enabl e an d constrai n th e learnin g o f 
indice s t o ne w analogs .  W e als o describ e h o w th e IDeA L sys -
te m implement s an d evaluate s th e model-base d schem e fo r 
indexin g an d inde x learnin g i n analogica l  design . 

Analogical Design 

IDEA L i s a n operationa l  syste m tha t  autonomousl y design s 
physica l  device s suc h a s electrica l  circuit s an d hea t  exchang -
ers .  I t  take s a s inpu t  a  specificatio n o f  th e functio n o f  a  desire d 
desig n an d th e structura l  constraint s o n it .  Th e structura l  con -
straint s m a y specify ,  fo r  example ,  wha t  component s canno t 
be (o r  mus t  be )  use d i n th e design .  Th e syste m give s a s outpu t 
a specificatio n o f  a  structur e tha t  realize s th e desire d functio n 
and satisfice s th e structura l  constraints . 

A desig n analo g i n IDEA L specifie s (i )  th e function s de -
livere d b y th e store d design ,  (ii )  th e structur e o f  th e design , 
and (iii )  a  pointe r  t o th e causa l  behavior s o f  th e desig n (th e 
S BF model) .  Sinc e th e inpu t  t o th e syste m i s a  specificatio n 
of  th e functiona l  an d structura l  constraint s o n th e desire d de -
sign ,  th e desig n analog s ar e indexe d bot h b y th e function s tha t 
th e store d desig n ca n delive r  an d b y th e structura l  constraint s 
i t  satisfies ,  wher e th e delivere d function s ac t  a s th e primar y 
indices . 

Give n th e specificatio n o f  a  desig n problem ,  IDEA L re -
trieve s th e closes t  matchin g analo g fro m th e analo g memory . 
The "closeness "  o f  a  matc h i s determine d b y h o w man y fea -
ture s an d whic h feature s i n th e proble m specificatio n (functio n 
and/o r  structure )  ar e th e sam e a s (o r  differen t  from )  th e re -
spectiv e indice s o f  a  candidat e analog .  The n IDEA L use s th e 
S BF mode l  o f  th e retrieve d desig n t o modif y an d transfe r  th e 
desig n structur e t o th e give n problem .  I t  als o revise s an d 
transfer s th e causa l  behavior s o f  th e ol d design ,  an d thu s i t 
generate s no t  onl y a  ne w desig n bu t  als o a  S B F mode l  fo r  it . 
The n i t  evaluate s th e ne w desig n b y a  qualitativ e simulatio n 
of  th e ne w S B F model .  Finally ,  IDEA L learn s indice s fo r  th e 
ne w desig n analo g a s describe d i n thi s pape r  an d store s th e 
desig n fo r  potentia l  reuse . 

Device Models 

IDEA L represent s th e knowledg e o f  h o w device s wor k i n th e 
for m o f  structure-behavior-functio n (SBF )  models .  S B F mod -
el s ar e base d o n a  component-substanc e ontology .  I n thi s on -
tology ,  th e structur e o f  a  devic e i s viewe d a s constitute d o f 
component s an d substances .  Component s for m th e structura l 
topolog y o f  th e device .  Substance s flo w betwee n compo -
nent s wit h a  correspondin g rate .  Substance s hav e location s 
i n referenc e t o th e component s i n th e device .  The y als o hav e 
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(c )  Behavio r  "Coo l  Acid "  o f  High-Acidit y SA C 

Note ;  Al l  location s ar e wit h referenc e t o component s i n thi s design . 
Al l  label s fo r  state s an d transition s ar e loca l  t o thi s design . 

Figur e 1 :  Desig n o f  High-Acidit y Sulfuri c Ac i d Coole r 

behaviora l  properties ,  suc h a s acidit y o f  sulfuri c acid ,  an d 
correspondin g values ,  suc h a s low ,  high ,  etc .  Th e constituent s 
of  th e S B F mode l  ar e describe d below . 
Structure :  Th e structur e o f  a  desig n i s expresse d i n term s 
of  it s  constituen t  component s an d substance s an d th e interac -
tion s betwee n them .  Figur e 1(a )  show s a  h i g h - a c i d i t y 
s u l f u r i c a c i d c o o l e r  (SAC) .  Component s an d sub -
stance s ca n interac t  bot h structurall y an d behaviorally .  Fo r 
example ,  wate r  ca n flow  fro m HiO-pip t  t o heat-exchang e 
chamber  onl y i f  the y ar e connected ,  an d sulfuri c aci d flows 
fro m p i  t o p 2 du e t o behavio r  allo w o f  i/2'504-pipe-l .  Th e 
typolog y o f  suc h structura l  an d behaviora l  interaction s i s bor -
rowe d fro m (Bylander ,  1991) . 

Function :  A  functio n o f  a  devic e i s a  desire d outpu t  behavio r 
of  th e devic e suc h a s coolin g o f  som e substanc e o r  producin g 
ligh t  o f  certai n colo r  an d intensity .  A  functio n i s represente d 
as a  schem a tha t  specifie s th e behaviora l  stat e th e devic e take s 
as input ,  th e behaviora l  stat e i t  give s a s output ,  an d a  pointe r 
t o th e interna l  causa l  behavio r  o f  th e desig n tha t  achieve s th e 
function .  Figur e 1(b )  show s th e functio n "coo l  acid "  o f  th e 

h i g h - a c i d i t y S A C .  Bot h th e inpu t  stat e an d th e out -
put  stat e ar e represente d a s substanc e schemas .  Th e in -
put  stat e specifie s tha t  sulfuri c aci d a t  l o c a t i o n p i  i n 
th e topograph y o f  th e devic e (Figur e 1(a) )  ha s th e proper -
tie s t e m p e r a t u r e ,  f l o w ,  s t a t e ,  an d a c i d i t y ,  an d 
th e correspondin g value s T l ,  R ,  l i q u i d ,  an d h i g h .  I t 
als o specifie s tha t  th e sulfuri c aci d contain s anothe r  substanc e 
h e a t  whos e m a g n i t u d e i s Q l .  Similarly ,  th e outpu t  stat e 
specifie s th e propertie s an d th e correspondin g value s o f  th e 
substanc e a t  l o c a t i o n p4 .  Not e tha t  th e value s T l  an d T 2 
of  temperatur e o f  sulfuri c aci d ar e use d t o denot e som e cor -
respondin g quantitative/qualitativ e value s (e.g. ,  10 0 degrees , 
high ,  low ,  etc. )  an d tha t  T 2 <  T l .  I n addition ,  th e slo t 
by-behavio r  act s a s a n inde x int o th e causa l  behavio r  tha t 
achieve s th e functio n o f  coolin g sulfuri c acid .  Th e resultin g 
organizatio n o f  behavior s aroun d th e function s the y delive r 
i s base d o n Sembugamoorth y an d Chandrasekaran' s (1986 ) 
functiona l  representatio n scheme . 

Behavior :  Th e interna l  causa l  behavior s o f  a  devic e ar e 
viewe d a s sequence s o f  stat e transition s betwee n behaviora l 
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states .  Th e annotation s o n th e stat e transition s expres s dif -
feren t  kind s o f  contex t  (e.g. ,  causal ,  functional ,  an d structura l 
contexts )  i n whic h th e transformatio n o f  stat e variables ,  suc h 
as substance ,  location ,  properties ,  an d values ,  ca n occur .  Th e 
causa l  context ,  fo r  instance ,  provide s causa l  relation s be -
twee n th e variable s i n precedin g an d succeedin g states .  I'ig -
ur e 1(c )  show s a  fragmen t  o f  th e causa l  behavio r  tha t  explain s 
ho w sulfuri c aci d i s coole d fro m t e m p e r a t u r e T l  t o 
T2 .  S t a t e 2 i s th e precedin g stat e o f  t r a n s i t i o n 2 3  an d 
s t a t e 3 i s it s succeedin g state .  S t a t e 2 describe s th e stat e 
of  sulfuri c aci d a t  locatio n p 2 an d s o doe s s t a t e B a t  locatio n 
p3.  Th e annotatio n U S I N G - F U N C T I O N i n t r a n s i t i o n 2 3 
indicate s tha t  th e transitio n occur s du e t o th e behavio r  allo w 
of/f2'504-pipe- 2 (i.e. ,  functiona l  context) . 

Similarly ,  th e U N D E R - C O N D I T I O N - S U B S T A N CE anno -
tatio n specifie s tha t  th e behavio r  allo w o f  i/25'04-pipe- 2 ca n 
allo w th e flow  o f  onl y som e substances—th e substance s tha t 
ar e i n liqui d stat e an d tha t  hav e hig h acidity .  O n e o f  th e 
annotation s U N D E R - C O N D I T I O N - S T R U C T U RE specifie s 
tha t  th e heat-exchang e chambe r  I N C L U D E S /f25'04-pipe- 2 
(i.e. ,  structura l  context) .  Furthermore ,  th e causa l  behavior s 
can b e specifie d a t  differen t  level s o f  detail .  A  singl e tran -
sitio n betwee n tw o state s ca n b e describe d a s a  sequenc e o f 
severa l  state s a t  a  differen t  leve l  o f  detai l  usin g th e primitiv e 
by-behavio r  (no t  show n i n th e example) . 

Model-Based Indexing 

Since the SBF models explicitly specify the device functions, 
th e devic e structure ,  an d th e causa l  principle s tha t  underli e 
th e functionin g o f  th e device ,  a  desig n analo g ca n b e indexe d 
by an y an d al l  o f  these .  Bu t  IDeAL' s analo g memor y i s 
organize d functionally ,  i.e. ,  it s  indexin g schem e reflect s th e 
reasonin g task s i t  addresses .  Sinc e th e desig n tas k i t  addresse s 
i s specifie d b y th e functiona l  an d structura l  constraint s o n a 
desire d design ,  th e desig n analog s ar e indexe d b y th e function s 
the y delive r  an d th e structura l  constraint s the y satisfy .  Th e 
S BF model s provid e th e vocabular y fo r  thi s indexin g o f  th e 
desig n analogs . 

Functional Indexing of Design Analogs 

For now, we focus on IDeAL's use of device functions for in-
dexin g th e desig n analogs—w e wil l  retur n t o th e us e o f  struc -
tura l  constraint s fo r  indexin g i n th e evaluatio n section .  Th e 
desig n analog s ar e organize d i n generalization-specializatio n 
hierarchies .  A s describe d earlier ,  a  functio n i s expresse d i n 
term s o f  substanc e schemas .  Sinc e th e substanc e schem a 
specifie s propertie s o f  substances ,  IDeA L use s the m a s dimen -
sion s alon g whic h desig n analog s ar e generalized/specialized . 
For  example ,  i t  organize s design s o f  aci d cooler s alon g th e 
dimensio n o f  propert y acidity ,  an d discriminate s o n th e cor -
respondin g value s l o w v s h i g h a s show n i n Figur e 2. '  Th e 
H N Oi  c o o l e r  c a s e i n Figur e 2(a )  i s a  desig n o f  low -
acidit y nitri c  aci d coole r  an d henc e store d unde r  th e categor y 
tha t  refer s t o l o w - a c i d i t y coo le r s . 

pMig n Cl H M«mor y JDMlgn C< M Memor y I 

' Th e figur e 2(a )  illustrate s th e analo g m e m o r y onl y a lon g th e 
d imens io n o f  acidit y fo r  clarity .  T h e propert y acidit y i n ou r  e x a m p l e 
i s importan t  b e c a u s e th e cho ic e o f  p ip e i n th e des ig n d e p e n d s o n 
whe the r  i t  ha s t o al lo w a  low-acidit y substanc e o r  a  high-acidit y 
substance . 

DImentlo n o l 
girwfillullon :  AcldMy y 

:  Dimensio n o f 
:  generelluilon :  Acidit y 

Low-Acldlty-Coole n 
Acldliy:lo w 

Dimensio n o f 
genenllzailon :  Sut e 

Acldlty-Spec-Boot-Node ? 
Acidity :  quallteilve-velu e 

Stite-Spec-Rool-Node 9 
Suieillqul d 

(^jCoole r  C W ) 

II I  Befor e th e ne » dolj n I s stora ) 

Low-Acidity-Cooler s 
Acldlty:lo w 

Acldlty-Hlgh-Node « 
Acldltyihlg h 

j  (fiilOjCoolerCese ) iSO^Coole r  C*s« ) 

(1) 1 Arie r  th e ne w desig n i s store d 
onde r  th e learne d indice s 

Figur e 2 :  Snapshot s o f  IDeAL' s functionall y organize d 
analo g m e m o r y 

Learn in g o f  Functiona l  Indice s 

Now consider the task of identifying indices for the design 
of  high-acidit y S A C (Figur e 1 )  whe n storin g i t  i n memory . 
Althoug h th e analo g memor y presentl y ha s design s o f  aci d 
cooler s organize d onl y alon g th e dimensio n o f  propert y acid -
ity ,  perhap s th e ne w analo g shoul d b e indexed  alon g othe r 
dimension s als o s o tha t  i t  i s  mor e usefu l  i n futur e desig n 
episodes .  Ther e ar e tw o differen t  issue s concernin g th e se -
lectio n o f  indice s fo r  th e ne w desig n analog .  First ,  i f  a  ne w 
desig n i s store d onl y alon g th e substanc e propertie s speci -
fied  i n it s function ,  th e retrieve r  woul d no t  b e abl e t o m a k e 
us e o f  knowledg e o f  othe r  substanc e propertie s relevan t  t o 
th e design .  Second ,  i f  th e ne w desig n i s indexed  b y al l  th e 
propertie s o f  th e substanc e i n it s function ,  the n th e retrieve r 
may retriev e a  desig n base d o n a  matc h wit h a n unimportan t 
property ,  whic h ca n mak e analo g transfe r  har d o r  eve n impos -
sible .  So ,  th e issu e become s h o w t o determin e th e substanc e 
propertie s tha t  ar e relevan t  t o th e functionin g o f  high-acidit y 
S A C.  I n general ,  th e issu e i s h o w t o lear n "new "  indexin g 
vocabulary. ^ 

IDEA L capitalize s o n th e knowledg e o f  th e causa l  behav -
ior s i n th e S B F mode l  o f  th e ne w analog .  I n particular ,  i t 
use s th e behaviora l  requirement s o n th e substanc e expresse d 
unde r  U N D E R - C O N D I T I O N - S U B S T A N CE t o identif y th e 
substanc e propertie s relevan t  t o th e functionin g o f  th e design . 
Thes e behaviora l  requirement s o f  a  substanc e specif y tha t  i n 
orde r  fo r  th e transitio n t o tak e place ,  th e propertie s o f  th e 
specifie d substanc e shoul d satisf y certai n conditions . 

IDeAL' s algorith m fo r  selectin g usefu l  indice s t o a  ne w 
analo g i s show n i n Figur e 3 .  Give n a  ne w desig n analo g an d 
th e typ e o f  indexin g (i.e. ,  functions )  thi s metho d traverse s 
throug h th e causa l  behavior s i n th e S B F mode l  o f  th e ne w 
analo g t o identif y substanc e propertie s o n whic h th e workin g 
of  th e desig n i s predicated .  Sinc e th e S B F mode l  ca n specif y 
multipl e behaviors ,  th e oute r  loo p (i n ste p 1 )  i n th e algorith m 
analyze s eac h causa l  behavio r  i n th e model .  Th e secon d loo p 
i s fo r  analyzin g th e transition s withi n a  causa l  behavior .  I f  a 

^By "new "  indexin g vocabulary ,  w e d o no t  mea n tha t  th e vo -
cabular y i s ne w t o IDeA L bu t  rathe r  i t  i s  ne w fo r  th e purpos e o f 
indexing . 
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Input :  •  Desig n analog ,  C ,  it s  Functiona l  o r  Structura l 
specification ,  F/S , 
l^p e o f  indexing ,  T ,  (i.e. ,  fijnctional  o r  structural) , 
and al l  Causa l  behavior s (model) ,  M ,  includin g on e 
fo r  th e function . 

Output :  •  Exac t  vocabular y fo r  indexin g C ,  i.e. ,  th e se t  o f 
usefu l  feature s fro m F/S . 

Procedure : 
specified-prop s P  =  get-all-comp/sub-properties-relations(F/S) ; 
indice s =  alternative-indice s =  plausible-sources-of-indice s M '  =  {} ; 
whil e tru e d o 

1.  foreac h causa l  behavio r  B  €  M d o 
foreac h transitio n t  €  B  d o 

condilions-on-feature s C F =  get-under-conditions(T ,  t) ; 
indice s =  indice s U  { f  |  featur e f  €  C F A  f  €  P} ; 
alternative-indice s =  alternative-indice s U 
{ f  I  featur e f € C F A f € P A f € parameter-relations(t)} ; 
i f  indice s =  P  the n exit(indices) ; 
i f  C F =  { }  the n M '  =  M '  u  get-detailed-behavior(t) ; 

2.  ifM '  =  {}the n 
i f  indice s 7 ^  { }  the n exit(indices) ; 
i f  alternative-indice s 9 ^  { }  the n exit(altemative-indices) ; 
exit(P) ; 

3.  M =  M' ; 
4.  M'={} ; 

end. 
Figur e 3 :  T h e algorith m fo r  obtainin g functiona l  indice s 
t o desig n analog s 

substance property is part of the causal context of a transition,^ 
the n th e algorith m add s i t  t o th e se t  o f  indice s i f  i t  i s  a  propert y 
i n th e functiona l  specification ;  and ,  i t  add s th e propert y t o th e 
set  o f  alternativ e indice s i f  i t  i s  als o i n th e parameter-relation s 
on th e transition .  Sinc e th e causa l  behavior s i n IDeAL' s S B F 
model  ar e specifie d a t  differen t  level s o f  detail ,  th e algorith m 
searche s th e spac e o f  behavior s i n a  breadth-firs t  manne r  I f  a 
highe r  leve l  behavio r  doe s no t  lea d t o th e identificatio n o f  an y 
usefu l  substanc e properties ,  the n th e mor e detaile d behavior , 
indicate d b y by-behavior *  i s adde d t o th e lis t  o f  plausibl e 
source s o f  indices . 

For  example ,  give n th e functio n o f  h i g h - a c i d i t y S A C 
and it s causa l  behavio r  (Figure s 1(b )  &  (c)) ,  th e abov e metho d 
result s i n a c i d i t y an d s t a t e a s th e indexin g feature s fo r 
storin g thi s analo g i n memory .  Thi s i s becaus e th e anno -
tatio n o n t r a n s i t i o n 2 3 specifie s tha t  th e transitio n ca n 
occu r  onl y unde r  certai n condition s o n propertie s s t a t e an d 
a c i d i t y o f  th e substanc e flowing  throug h /r2'S'04-pipe-2 . 
Th e initia l  analo g memor y (Figur e 2(a) )  di d no t  hav e th e 
propert y s t a t e a s par t  o f  it s  indexin g vocabulary .  Th e S B F 
model  howeve r  suggest s tha t  s t a t e i s a  usefu l  inde x t o th e 
ne w desig n analog ,  an d henc e IDEA L indexe s th e ne w ana -
lo g b y s t a t e also .  A  snapsho t  o f  th e analo g memor y afte r 
storin g thi s desig n i s show n i n Figur e 2(b) . 

Once th e indice s ar e selected ,  IDEA L use s similarity-base d 
learnin g t o generaliz e them .  Unde r  eac h property ,  IDEA L 
organize s th e analog s i n a  binar y tre e discriminate d o n val -

ues o f  th e propert y i n th e analogs .  I t  use s th e differ -
ence s i n th e value s o f  a  give n propert y tha t  constitut e a 
typ e o f  functiona l  differenc e betwee n tw o design s t o de -
termin e whethe r  th e tw o design s belon g t o th e sam e cat -
egor y o r  t o differen t  categories .  Fo r  example ,  th e de -
sig n o f  high-acidit y S A C i s store d unde r  th e categor y o f 
A c i d i t y - H i g h - N o d e 8 tha t  i s differen t  fro m tha t  o f 
L o w - A c i d i t y - C o o l e r s (Figur e 2(b) )  becaus e thei r  val -
ues o f  acidit y diffe r  Th e leve l  t o whic h th e indice s ar e gen -
eralize d depend s o n h o w simila r  ar e th e correspondin g val -
ues i n th e ne w an d ol d analog s i n memory .  Fo r  instance ,  a 
mor e genera l  categor y A c i d i t y - S p e c - R o o t - N o d e 7 i s 
create d tha t  cover s bot h l o w an d h i g h value s o f  acidity. ^ 
Not e tha t  H 2 S O 4 Coole r  Cas e i s store d i n multipl e level s cor -
respondin g t o th e node s A c i d i t y - S p e c - R o o t - N o d e 7 
& A c i d i t y - H i g h - N o d e 8 unde r  th e propert y acid -
it y an d a t  on e leve l  correspondin g t o th e nod e 
S t a t e - S p e c - R o o t - N o d e 9 unde r  th e propert y state . 

Evaluation 

We hav e evaluate d IDeAL' s model-base d indexin g an d inde x 
learnin g alon g a  numbe r  o f  differen t  dimensions—w e wil l 
discus s onl y on e o f  thes e dimension s i n detail ,  an d briefl y 
mentio n th e others . 
Learnin g multipl e type s o f  indices :  I n IDEAL ,  th e sam e 
representation s o f  S B F model s tha t  provid e functiona l  indice s 
als o provid e structura l  indices .  W e hav e teste d an d foun d tha t 
th e sam e inde x learnin g metho d describe d i n thi s pape r  als o 
work s fo r  learnin g structura l  indice s t o desig n analogs .  (Se e 
(Bhatta&Goel ,  1993). ) 
Learnin g i n multipl e domains :  I n additio n t o th e domain s 
of  electri c circuit s an d hea t  exchangers ,  w e hav e teste d an d 
foun d tha t  th e sam e metho d o f  model-base d inde x learnin g 
applie s t o learnin g indice s t o analog s fro m othe r  domain s suc h 
as reactio n whee l  assemblies ,  controllers ,  electroni c circuits , 
and electromagneti c devices . 
Effec t  o n the  Performanc e Tas k o f  Analo g Retrieval :  W e 
use d 2 0 differen t  design s fro m tw o differen t  domain s (electri c 
circuit s an d hea t  exchangers )  t o tes t  th e effec t  o f  model-base d 
inde x learnin g o n retrieval .  Th e independen t  variabl e i s th e 
number  o f  analog s adde d t o memor y an d th e dependen t  vari -
abl e i s th e normalize d averag e tim e fo r  retrievin g an y o f  th e 
analog s i n memory .  Th e retrieva l  tim e i s measure d i n term s 
of  th e numbe r  o f  comparison s neede d betwee n a  specifie d 
proble m an d th e store d analog s alon g eac h dimensio n (i.e. , 
propert y o f  substanc e i n functiona l  specification )  c o m m o n t o 
th e proble m an d store d analogs .  Th e retrieva l  tim e i s nor -
malize d wit h respec t  t o th e tim e i t  take s t o retriev e a n analo g 
when onl y tha t  analo g i s i n memory . 

As analog s ar e adde d t o an y memory ,  th e subsequen t  re -
trieva l  tim e increases .  I n th e first  se t  o f  experiments ,  th e 
questio n i s whethe r  model-base d inde x learnin g ha s an y use -
fu l  effec t  o n th e growt h o f  th e retrieva l  time .  Withi n eac h 
domain ,  w e compare d th e retrieva l  time s o n 1 0 problem s a s 

'get-under-condition s i n th e algorith m get s th e annota -
tion s suc h a s U N D E R - C O N D I T I O N - S U B S T A N CE an d U N D E R-
C O N D m O N - C O M P O N E NT fro m th e give n transitio n correspond -
in g t o th e typ e o f  indexin g used . 

''obtaine d b y th e functio n get-detailed-behavio r  i n th e algorithm . 

^Th e genera l  valu e o f  acidit y a t  thi s higher-leve l  nod e come s fro m 
IDeAL' s knowledg e o f  qualitativ e value s an d quantitativ e values .  I f 
th e value s ar e quaUtative ,  i t  i s  determine d b y climbin g u p a  know n 
valu e hierarchy .  And ,  i f  th e value s ar e quantitative ,  a  ne w valu e 
rang e i s create d tha t  span s fro m th e lowes t  o f  th e tw o chil d node s i n 
th e discriminatio n tre e t o th e highes t  o f  th e two . 
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(b )  Effec t  o f  th e addit io n o f  a n a l o g s i n o n e d o m a i n o n th e 
retrieva l  i n ano the r 

Figur e 4 :  Performanc e measure s o n analo g retrieva l  tas k 

the 10 analogs are added to memory under three different 
conditions :  (1 )  analog s ar e store d usin g model-base d inde x 
learning ,  (2 )  analog s ar e store d alon g al l  possibl e feature s 
i n th e respectiv e problem s (i.e. ,  model s ar e no t  use d t o se -
lec t  th e relevan t  indices) ,  an d (3 )  analog s ar e store d withou t 
any organizatio n i n memor y (i.e. ,  th e bottom-lin e conditio n 
i n whic h th e retrieva l  require s a n exhaustiv e searc h throug h a 
list) .  Th e result s ar e show n i n Figur e 4(a) .  I t  i s  eviden t  fro m 
th e grap h i n Figur e 4(a )  tha t  th e rat e o f  growt h o f  retrieva l  tim e 
i n model-base d inde x learnin g conditio n i s th e slowest .  Th e 
nex t  bes t  i s th e conditio n (2) ,  wit h th e conditio n (3 )  bein g th e 
worst .  Th e reaso n conditio n (1 )  i s bette r  tha n conditio n (2 )  i s 
precisel y becaus e th e S B F model s hel p stor e th e analog s i n a 
relevant ,  smalle r  numbe r  o f  feature s i n th e problems .  I n thi s 
firs t  experiment ,  ne w indice s ar e adde d t o memor y whe n th e 
firs t  analo g i s stored .  Th e differenc e i n th e numbe r  o f  feature s 
selecte d unde r  condition s (1 )  an d (2 )  i s jus t  1 .  Th e differenc e 
i n th e retrieva l  time s i n thes e tw o condition s whe n onl y on e 
analo g i s store d henc e indicate s th e advantag e du e t o prunin g 
out  merel y on e feature .  I n conditio n (2) ,  th e retrieva l  tim e 
grow s faste r  a s analog s ar e adde d becaus e o f  th e additio n o f 
analog s alon g th e irrelevan t  feature(s )  whic h i n tur n increase s 

th e retrieva l  cos t  du e t o matchin g o n thos e feature s also .  Thi s 
experimen t  i s controlle d suc h tha t  ther e i s n o confoundin g ef -
fec t  du e t o retrieva l  o n partia l  matc h (becaus e a  partia l  matc h 
require s les s numbe r  o f  comparison s i n a  hierarchy ,  a s th e 
searc h woul d sto p a t  a  highe r  level ,  tha n a  perfec t  matc h re -
quires) .  Tha t  is ,  fo r  eac h o f  th e problem s use d t o measur e th e 
retrieva l  time ,  ther e i s a  perfec t  matc h i n th e store d analogs , 
and th e retrieva l  unde r  al l  3  condition s result s i n th e retrieva l 
of  th e sam e analogs . 

We hav e als o teste d anothe r  effec t  o f  model-base d indexin g 
on analo g retrieval .  Th e questio n her e i s h o w th e additio n o f 
analog s t o memor y unde r  thi s indexin g schem e i n on e domai n 
affect s th e retrieva l  o f  analog s i n anothe r  domain. ^  W e first 
store d th e 1 0 analog s i n th e domai n o f  electri c  circuits .  Ther e 
ar e tw o feature s unde r  whic h IDEA L store d thes e analog s hier -
archicall y base d o n th e featur e values .  Then ,  w e measure d th e 
normalize d averag e retrieva l  tim e o n th e retrieva l  o f  thes e 1 0 
analog s a s 1 0 mor e analog s fro m th e domai n o f  hea t  exchang -
er s ar e stored .  IDeA L store s th e secon d se t  o f  1 0 analog s unde r 
differen t  feature s tha n thos e fo r  th e first  1 0 (a s th e differen t 
set s o f  feature s i n th e problem s characteriz e th e domain s t o 
be different) .  Th e result s ar e show n i n Figur e 4(b) .  A s evi -
dent  fro m th e grap h i n Figur e 4(b) ,  th e retrieva l  o f  analog s i n 
th e domai n o f  electri c circuit s i s unaffecte d wit h th e additio n 
of  analog s i n th e domai n o f  hea t  exchanger s excep t  fo r  th e 
spik e i n th e retrieva l  tim e onc e whe n a  ne w featur e i s adde d t o 
memory a s a n index .  Th e spik e i n th e retrieva l  tim e i s du e t o 
th e comparison s require d a t  th e roo t  nod e i n analo g m e m o r y 
t o discriminat e betwee n th e feature s (tha t  is ,  fo r  instance ,  t o 
selec t  th e hierarch y unde r  voltag e an d wee d ou t  th e hierar -
chie s unde r  acidit y an d state) .  Thu s model-base d indexin g i s 
effectiv e i n groupin g analog s base d o n thei r  content ,  an d thi s 
i n tur n enable s retrieva l  o f  onl y semanticall y relevan t  analog s 
fo r  give n problems .  Althoug h thi s suggest s a  usefu l  effec t  o f 
model-base d indexin g o n th e qualit y o f  retrieva l  i n restrictin g 
th e retrieva l  t o a  relevan t  domain ,  i t  i s ye t  t o b e empiricall y de -
termine d h o w exactl y  i t  affect s th e qualit y o f  retrieva l  withi n 
a give n domain . 

Related Research 

The IDEA L syste m evolve s fro m ou r  earlie r  wor k o n th e Kriti k 
project(Goel ,  1991a ;  1991b ;  1992) .  IDeAL' s S B F models ,  fo r 
example ,  ar e directl y borrowe d fro m Kritik . 

Falkenhainer ,  Forbu s &  Centne r  (1989 )  describ e th e us e o f 
menta l  model s fo r  enablin g analogica l  transfer .  Bu t  the y d o 
not  addres s th e issu e o f  analo g retrieval .  Ou r  wor k o n IDeA L 
suggest s tha t  menta l  model s ar e als o usefu l  fo r  addressin g th e 
indexin g issue s i n analo g retrieval . 

Lik e Kriti k  an d Kritik2 ,  th e analo g m e m o r y i n IDEA L i s 
organize d functionally ,  i.e. ,  th e indexin g depend s o n th e func -
tiona l  requirement s o f  th e reasonin g task(s) .  Thi s i s a  ver y 
genera l  organizationa l  principle .  Bhatt a an d R a m (1991) , 
fo r  example ,  us e th e sam e principl e t o organiz e script s an d 
schema s fo r  th e tas k o f  stor y understanding . 

Sinc e th e S B F model s provid e a n explanatio n o f  th e func -
tionin g o f  a  device ,  ou r  wor k i s als o relate d t o explanation -
base d approache s t o learnin g suc h a s explanation-base d gen -
eralizatio n ( E B G )  (Mitchell ,  Kelle r  &  Kedar-Cabelli ,  1986) , 

*Tw o domain s ar e considere d distinc t  i f  th e structura l  element s 
(e.g. ,  batteries ,  pipes )  i n th e domain s ar e different . 
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explanation-base d learnin g (EBL )  (DeJon g &  Mooney , 
1986) ,  an d especiall y explanation-base d indexin g (EBI )  (Bar -
letta & Mark ,  1988) .  Thi s relationshi p ca n b e analyze d alon g 
th e dimension s o f  th e learnin g task ,  th e learnin g strategy ,  an d 
th e knowledg e use d b y th e learnin g method . 

Learnin g task :  Th e learnin g task s i n bot h (Mitchell ,  Kelle r  & 
Kedar-Cabelli ,  1986 )  an d (DeJon g &  Mooney ,  1986 )  pertai n 
t o concep t  learning ,  no t  inde x learning .  Th e inde x learnin g 
tas k addresse d b y Barlett a an d Mar k (1988 )  i s closel y relate d 
t o an d ye t  differen t  fro m th e on e w e address .  EB I  assume s 
tha t  a  pre-enumerate d se t  o f  indexin g feature s i s available ,  an d 
it s learnin g tas k i s t o selec t  som e subse t  o f  th e se t  o f  features . 
I n contrast ,  IDEA L know s onl y abou t  th e type s o f  feature s 
tha t  ar e t o b e use d a s indice s (e.g. ,  th e function )  bu t  identifie s 
th e exac t  vocabular y fo r  indice s fro m it s S B F mode l  o f  th e 
ne w analog .  O f  course ,  IDEA L to o know s th e vocabular y a s 
par t  o f  it s  representation s o f  th e S B F model ,  bu t  doe s no t 
kno w a  prior i  th e specifi c  vocabular y fo r  indexing .  Further , 
IDEAL learn s multipl e type s o f  indice s (e.g. ,  devic e functio n 
and structura l  constraints) . 

Learnin g strategy :  I n addition ,  ou r  model-base d schem e dif -
fer s fro m EB I  i n th e learnin g strateg y itself ,  althoug h bot h inte -
grat e explanation s an d experienc e fo r  inde x learning .  Firstly , 
EBI  necessaril y  determine s bot h irrelevan t  an d relevan t  index -
in g features .  IDEA L i n contras t  need s t o determin e onl y th e 
relevan t  features .  Thi s i s becaus e th e S B F mode l  generate d 
by it s proble m solve r  automaticall y rule s ou t  al l  irrelevan t 
features .  Secondly ,  IDeA L integrate s model-base d learnin g 
wit h similarity-base d learnin g (SBL) .  Specifically ,  i t  use s th e 
model-base d metho d t o determin e th e relevan t  indexin g fea -
tures ,  an d S B L t o generaliz e ove r  th e selecte d features . 

Type s o f  knowledge :  Th e explanation s i n a  S B F mode l  ar e 
quit e differen t  fro m th e explanation s i n E B G ,  EBL ,  an d EBI . 
Firstly ,  th e explanation s i n E B G ,  EBL ,  an d EB I  ar e genera l 
i n tha t  the y specif y onl y th e for m o f  a n explanatio n a s bein g 
a resolutio n proo f  i n F O L (i.e. ,  th e explanatio n ca n b e o f 
any typ e dependin g o n whic h contex t  i t  i s use d for) ,  wherea s 
IDeAL' s explanation s ar e o f  a  specifi c  typ e (i.e. ,  functional ) 
and th e conten t  theor y o f  th e explanation s i s critica l  t o it s 
success .  Secondly ,  th e explanation s i n E B G an d E B L specif y 
ho w a n exampl e i s a n instanc e o f  a  targe t  concept ,  an d thos e 
i n EB I  refe r  t o th e malfunction s o f  devices ,  whil e S B F model s 
ar e explanation s o f  th e norma l  functionin g o f  devices .  Thirdly , 
th e explanation s i n E B G ,  E B L ,  an d EB I  ar e constructe d a t  run -
tim e fro m domai n specifi c rule s wherea s IDeAL' s S B F model s 
ar e forme d b y revisin g ol d model s a s par t  o f  th e proble m 
solving .  Fourthly ,  IDeAL' s S B F model s ar e grounde d i n a 
well-define d component-substanc e ontology . 

Conclusions 

Our  experiment s wit h IDeA L lea d u s t o conclud e tha t  menta l 
model s o f  analog s provid e a  usefu l  metho d fo r  addressin g 
th e indexin g issue s i n analogica l  reasoning .  I n referenc e t o 
analogica l  desig n i n particular ,  the y lea d t o thre e specifi c 
conclusions . 
Model-Base d Indexing :  First ,  structure-behavior-functio n 
models ,  togethe r  wit h a  specificatio n o f  th e tas k fo r  whic h 
th e desig n analo g ma y b e reused ,  giv e ris e t o th e vocabular y 
fo r  indexin g desig n analogs .  Thi s vocabular y arise s fro m a 
deepe r  domai n ontology . 

Model-Base d Inde x Learning :  Second ,  th e S B F model s 
enabl e th e learnin g o f  th e vocabular y fo r  indexin g ne w desig n 
analogs .  Th e model-base d metho d fo r  inde x learnin g ca n b e 
integrate d wit h th e similarity-base d metho d fo r  learnin g th e 
level s o f  generalizatio n o f  th e indices . 
Use o f  Model-Base d Indice s fo r  Analo g Retrieval :  Third , 
th e indexin g vocabular y suggeste d b y S B F model s enable s a n 
efficien t  an d effectiv e retrieva l  o f  store d analogs . 
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