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fo r  A n a l o g i c a l  R e a s o n i n g * 

Sambasiva R. Bhatta and Ashok K. Goel 

Colleg e o f  Computin g 

Georgi a Institut e o f  Technolog y 

Atlanta ,  Georgi a 30332-028 0 

{bhatta,goel}@cc.gatech.ed u 

A b s t r a c t 

H u m a ns appea r  t o ofte n solv e problem s i n a  ne w 
domai n b y transferrin g thei r  expertis e fro m a 
mor e familia r  domain .  However ,  makin g suc h 
cross-domai n analogie s i s har d an d ofte n require s 
abstraction s c o m m o n t o th e sourc e an d targe t  do -
mains .  Recen t  wor k i n case-base d desig n suggest s 
tha t  generi c mechanism s ar e on e typ e o f  abstrac -
tion s use d b y designers .  However ,  on e importan t 
yet  unexplore d issu e i s wher e thes e generi c mech -
anism s com e from .  W e hypothesiz e tha t  the y ar e 
acquire d incrementall y fro m problem-solvin g ex -
perience s i n familia r  domain s b y generalizatio n 
ove r  pattern s o f  regularity .  Thre e importan t  is -
sue s i n generalizatio n fro m experience s ar e wha t 
t o generaliz e fro m a n experience ,  ho w fa r  t o gen -
eralize ,  an d wha t  method s t o use .  I n thi s paper , 
we sho w tha t  menta l  model s i n a  familia r  do -
mai n provid e th e content ,  an d togethe r  wit h th e 
problem-solvin g contex t  i n whic h learnin g occurs , 
als o provid e th e constraint s fo r  learnin g generi c 
mechanism s fro m desig n experiences .  I n par -
ticular ,  w e sho w ho w th e model-base d learnin g 
metho d integrate d wit h similarity-base d learnin g 
addresse s th e issue s i n generalizatio n fro m expe -
riences . 

Introduction 

Analog y i s  ofte n believe d t o pla y a n impor -
tan t  rol e i n reasonin g underlyin g innovatio n 
and creativity .  Analogie s ca n b e o f  differen t 
types :  within-problem ,  cross-proble m bu t  within -
domain ,  an d cross-domain .  W e ar e intereste d 
i n studyin g cross-domai n analogies .  Psycholog -
ica l  researc h show s tha t  human s us e abstraction s 
i n makin g cross-domai n analogie s (e.g. ,  Gic k & 
Holyoak ,  1983 ;  Catrambon e &  Holyoak ,  1989) . 
Some o f  th e issue s o f  interes t  the n ar e ho w rea -
sonin g i s  mediate d b y th e abstraction s (share d 
betwee n th e sourc e an d targe t  domains )  an d ho w 
thos e abstraction s ar e learned .  W e explor e th e 

'Thi s wor k ha s bee n supporte d b y researc h grant s 
fro m O N R (contrac t  N00014-92-J-1234) ,  NS F (gran t 
C36-688) ,  Norther n Telecom ,  Georgi a Tec h Researc h 
Corporation ,  an d a  C E R gran t  fro m NS F (gran t 
CCR-86-19886) ,  an d equipmen t  grant s an d donation s 
fro m IBM ,  Symbolics ,  an d NCR. 

latte r  issu e i n th e contex t  o f  th e desig n o f  physica l 
device s suc h a s electri c circuit s an d hea t  exchang -
ers .  Ou r  goa l  i s t o buil d a  computationa l  mode l 
tha t  ca n accoun t  fo r  thes e phenomen a an d us e i t 
t o generat e testabl e prediction s abou t  designers ' 
behavior . 

Goel  (1989 )  ha s propose d model s o f  generi c 
teleologica l  mechanism s ( G T M s ) ,  suc h a s cascad -
ing ,  feedback ,  an d feedforward ,  a s on e typ e o f  ab -
strac t  knowledg e tha t  designer s us e i n case-base d 
design .  G T M s tak e a s inpu t  th e function s o f  a 
desire d desig n an d a  know n design ,  an d sugges t 
patterne d modification s t o th e structur e o f  th e 
know n desig n tha t  woul d resul t  i n th e desire d de -
sign .  Strouli a an d Goe l  (1992 )  hav e show n tha t 
G T Ms indee d ar e usefu l  m non-routin e adaptiv e 
design .  Bu t  on e importan t  ye t  unexplore d issu e 
i s ho w thes e G T M s ar e acquired .  Ou r  hypothe -
si s i s  tha t  the y ar e acquire d incrementall y fro m 
jroblem-solvin g experience s i n familia r  domain s 
) y generalizatio n ove r  pattern s o f  regularity .  Fo r 

instance ,  a  designe r  m a y acquir e fro m example s 
i n th e domai n o f  electri c circuit s a  mode l  o f  cas -
cading ,  an d whe n an d ho w t o cascad e a  numbe r 
of  simila r  component s togethe r  (i.e. ,  t o connec t 
multipl e component s t o amplif y th e overal l  deliv -
ere d function) .  Th e designe r  ca n the n us e tha t 
model  fo r  designin g i n a  differen t  domai n suc h a s 
th e domai n o f  hea t  exchangers . 

Generalizatio n fro m experience s raise s thre e 
importan t  issues .  Firs t  i s th e issu e o f  relevance , 
tha t  is ,  th e issu e o f  decidin g wha t  t o generaliz e 
fro m a n experience .  W e represen t  i n desig n expe -
rience s a  designer' s comprehensio n o f  ho w device s 
wor k (i.e. ,  ho w th e structur e o f  a  desig n result s 
i n it s outpu t  behaviors) .  W e represen t  thi s com -
prehensio n a s structure-behavior-functio n (SBF ) 
model s an d represen t  th e model s o f  G T M s a s 
behavior-functio n (BF )  models .  W e propos e tha t 
th e problem-solvin g contex t  i n whic h learnin g oc -
cur s togethe r  wit h th e hierarchica l  organizatio n o f 
th e S B F mode l  o f  th e devic e hel p determin e wha t 
t o generaliz e fro m th e model .  Further ,  th e S B F 
model s lea d t o a  typolog y o f  behaviora l  pattern s 
ove r  whic h th e generalizatio n proces s ca n resul t 
i n learnin g G T M s .  Second ,  ho w fa r  a  chose n as -
pec t  o f  th e devic e ca n b e generalized .  W e sho w 
tha t  th e similaritie s i n th e S B F model s o f  th e cur -
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ren t  desig n an d relate d design s i n a  cas e memor y 
can hel p determin e ho w fa r  t o generalize .  Third , 
what  method s ca n b e use d fo r  generalization .  W e 
sho w tha t  a  typolog y o f  th e pattern s o f  regular -
it y i n SB F model s ca n hel p t o determin e wha t 
strateg y t o use . 

The syste m IDeAL ^  implement s th e propose d 
learnin g method .  W e evaluat e th e learnin g 
metho d b y showin g ho w th e G T Ms learne d i n 
one domai n ca n facilitat e designin g i n anothe r  do -
main . 

The Learning Task 

T h e Probleni-Solvin g Context :  IDeA L take s 
as inpu t  a  specificatio n o f  th e functiona l  an d 
structura l  constraint s o n a  desire d design ,  an d 
give s a s outpu t  a  structur e tha t  realize s th e spec -
ifie d functio n an d satisfie s th e structura l  con -
straints ;  i t  als o give s a n SB F mode l  tha t  explain s 
ho w th e structur e realize s tha t  function .  A  desig n 
cas e i n IDeA L specifie s (i )  th e function s delivere d 
by th e store d design ,  (ii )  th e structur e o f  th e de -
sign ,  an d (iii )  a  pointe r  t o th e causa l  behavior s 
of  th e desig n (th e SB F model) .  IDeA L indexe s 
it s desig n case s bot h b y function s tha t  th e store d 
design s delive r  an d b y th e structura l  constraint s 
the y satisfy . 

IDeAL' s learnin g tas k take s a s inpu t  a  de -
sig n experienc e an d form s th e B F mode l  o f  a 
G T M.  Th e inpu t  knowledg e structur e fo r  th e 
learnin g tas k i s th e case-specifi c  SB F mode l  o f  th e 
give n desig n experienc e an d th e outpu t  knowl -
edge structur e i s th e case-independen t  B F mode l 
of  a  G T M.  Th e learne d G T M i s suc h tha t  i t  i s 
an abstractio n ove r  certai n pattern s o f  regularit y 
(explaine d later )  observe d i n th e structur e an d 
behavio r  o f  th e give n SB F mode l  an d th e mode l 
of  th e mos t  simila r  experienc e i n cas e memory . 

Case-Specific SBF Models 

IDeAL s model s o f  specifi c  device s ar e repre -
sente d i n th e for m o f  structure-behavior-functio n 
(SBF )  models .  Thes e model s ar e base d o n a 
component-substanc e ontolog y (Bylander ,  1991) . 
I n thi s ontology ,  th e structur e o f  a  devic e i s 
viewe d a s constitute d o f  component s an d sub -
stances .  Substance s hav e location s i n referenc e 
t o th e component s i n th e device .  T h e y als o hav e 
b e h a v i o r a l  p roper t ies ,  s u c h a s  vol tag e o f  electric -
ity ,  an d correspondin g parameters ,  suc h a s 1. 5 
volts ,  3  volts ,  etc .  Thi s ontolog y give s ris e to  a 
behaviora l  representatio n languag e (Goel ,  1989 ) 
fo r  describin g th e S B F mode l  o f  a  desig n tha t 
i s a  generalizatio n o n functiona l  representatio n 
schem e ( S e m b u g a m o o r t h y &  Chandrasekaran , 
1986 ;  Chandrasekaran ,  Goel ,  &  Iwasaki ,  1993) . 
T h e constituent s o f  th e S B F m o d e l  ar e describe d 
below . 
S t r u c t u r e :  T h e structur e o f  a  desig n i s ex -
presse d i n term s o f  it s  constituen t  component s 
an d substance s an d th e interaction s betwee n 

M D e AL stand s fo r  Integrate d "DEsig n b y Anal -
ogy an d Learning. " 

Switc h Bul b Batter y ( ^  Bul l 

1 5  V 

(a )  1.5-vol t  Elactrl c Circui t  (EC1.5 ) 

GIVEN: 
atala . 

MAKES: 
atata. . 

ELECTRICIT Y 
loc :  Battar y 
voltaga :  1. 5 volt i 

LIGHT 
loc :  Bul b 
Intanally :  6  luman a 

STIMU LUS :  Forc a o n Switc h 

BY-BEHAVIOR: pointer to the behavior 
Produc e Light " 

(b) Function "Produce Light" of EC1.5 

•""" I  I 

^  USING-FUNCTIO N ALLO W electricit y  o f  Switc h 

"GIVEN"  atat e o f  Functio n o f  EC1. 5 
BY-BEHAVIOR: 

pointe r  t o th e behavio r  "Delive r  1. 5 volte " 

UNDER-CONDITION-STATE 
atate 2 o f  Behavlor-Cloae-Switc h 

KIrchoff'a Law AS-PER-DOMAIN-PRINCIPL E 

I atate2 

ri  -USING-FUNCTIO N CREATE ligh t  o f  Bul b 

ELECTRICIT Y 
loc :  Bul b 
voltage :  1. 5 volt a 

LIGHT 
intenaity :  6  lumen a 

AS-PER-DOMAIN-PRINCIPL E 
intenait y  =  Efficienc y *  Curren t  *  Curran t  *  Reaiatan c 

[atat e 

(c )  Behavio r  "Produc e Light "  o f  EC1. 5 

l""««1- 1 
ELECTRICIT Y 

loc :  T g 
voltage :  0  volt a 

USING-FUNCTION PUMP electricit y o f  Battar y 

atat i ̂ 1 ^ 
ELECTRicrr v 

loc:T 2 
voltage :  1. 5 volt a 

(d )  Behavio r  "Delive r  1. 5 volta "  o f  Battar y 

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 als o loca l  t o ttil s  design . 

Figure 1: Design of A 1.5-volt Electric Cir-
cui t  (EC1.5 ) 

238 



them .  Figur e 1(a )  show s th e structur e o f  a 
1.5-vol t  electri c circui t  (EC1.5 )  schemat -
ically . 
Function :  A  functio n i s represente d a s a  schem a 
tha t  specifie s th e behaviora l  stat e th e functio n 
take s a s input ,  th e behaviora l  stat e i t  give s a s out -
put ,  an d a  pointe r  t o th e interna l  causa l  beliav -
io r  o f  th e desig n tha t  achieve s th e function .  Fig -
ur e 1(b )  show s th e functio n "Produc e Light "  o f 
EC1.5 .  Bot h th e inpu t  stat e an d th e outpu t  stat e 
ar e represente d a s substanc e schemas .  Th e inpu t 
stat e specifie s tha t  electricit y a t  locatio n Bat -
ter y i n th e topograph y o f  th e devic e (Figur e 1(a) ) 
has th e propert y voltag e an d th e correspondin g 
paramete r  1. 5 volts .  Th e outpu t  stat e speci -
fies  th e propert y intensit y an d th e correspond -
in g paramete r  6  lumen s o f  a  differen t  substance , 
light ,  a t  locatio n Bulb .  I n addition ,  th e slo t  by -
behavto 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  producin g light . 
Behavior :  Th e interna l  causa l  behavior s o f  a  de -
vic e ar e viewe d a s sequence s o f  stat e transition s 
betwee n behaviora l  states .  Th e annotation s o n 
th e stat e transition s expres s th e causal ,  struc -
tural ,  an d functiona l  contex t  i n whic h th e trans -
formatio n o f  stat e variables ,  suc h a s substance , 
location ,  properties ,  an d parameters ,  ca n occur . 
Figur e 1(c )  show s th e causa l  behavio r  tha t  ex -
plain s ho w electricit y i n Batter y i s transforme d 
int o ligh t  i n Bulb .  State 2 i s th e precedin g stat e o f 
transition2- 3 an d state s i s it s succeedin g state . 
State i  describe s th e stat e o f  electricit y a t  loca -
tio n Batter y an d s o doe s state s a t  locatio n Bulb . 
State s howeve r  describe s th e stat e o f  ligh t  a t  loca -
tio n Bulb .  Th e annotatio n U S I N G - F U N C T I O N 
i n transition2- 3 indicate s tha t  th e transitio n oc -
cur s du e t o th e primitiv e functio n "creat e light " 
of  Bulb . 

The causa l  behavior s ca n b e specifie d a t  dif -
feren t  level s o f  detail .  Fo r  instance ,  state i  i s  a n 
aggregatio n o f  a  sequenc e o f  severa l  state s an d 
stat e transition s a t  a  differen t  leve l  a s show n i n 
Figur e 1(d) . 

Case-Independent BF Models 

Generic Teleological Mechanisms (GTMs) are one 
typ e o f  knowledg e tha t  designer s us e i n adaptiv e 
design ,  tha t  is ,  i n modifyin g a n ol d desig n b y in -
sertio n o f  specifi c  pattern s o f  component s (o r  sub -
structures )  (Strouli a &  Goel ,  1992) .  Example s 
of  G T M s ar e cascading ,  feedback ,  an d feedfor -
ward .  G T M s ar e teleologica l  becaus e the y resul t 
i n specifi c  function s an d ar e generi c becaus e the y 
ar e cas e independent .  Fo r  example ,  th e cascad -
in g mechanis m take s a s inpu t  th e desire d functio n 
and th e functio n (wit h a  lesse r  range )  delivere d b y 
an availabl e device ,  an d suggest s a  structura l  pat -
ter n (i.e. ,  th e replication )  o f  th e availabl e devic e 
tha t  deliver s th e desire d function .  Further ,  th e 
cascadin g mechanis m ca n b e instantiate d i n an y 
specifi c  devic e tha t  satisfie s it s applicabilit y  con -
ditions .  Fo r  instance ,  on e applicabilit y  conditio n 
i s tha t  th e function s delivere d b y eac h replicate d 
devic e shoul d ad d u p t o giv e th e desire d func -

OESIRED OESION: 
GIVEN: 

MAKES: 

7SUB 
7prDp1 : 7van 2 

7SUB 
7prop 1 : 

7val2 2 

BY-BEHAVIOR:  Behavio r  B 2 

CANDIDATE DESIGN: 

OIVEN: 

MAKES: 

7SUB 
7propl : 

Tvali f 

7SUB 
7prop1 : 

7val2 l 

BY-BEHAVIOR:  Bahavlo r  B 1 

CONDITION: 
7val2 2 -  7val1 2 » > 7val2 1 -  7van i 

(a )  Functiona l  DIffaranc a Ih a 
Caacadin g Machanla m Raduca a 

7SUB 
7prop l  7va n 2 
I  fBV^SEH^AVmP^̂ ^ ^ 

J 7su a 
7prop l  7val12-(7vall 1 -  7val2l ) 

BV-BEHAv'K>'R"By' J 

For m Na w Qo a 

',- V 

TSUB 
7prap l  7va n 2  -  n  •  (7val1 1 -  7val21 ) 

-"'̂ -
Partia l  moda l  hypothaalza d 
fro m th a daalgn a o f  EOl. S 
and EC3 .  A n aaaumptlo n I n 
th a partia l  moda l  la :  7val2 2 
= 7val1 2 -  n  •  (7val'l' l  -  7val2l) . 

(b )  Bahavlo r  ModHlcatlo n th a 
Caacadin g Machanla m Suggaat a 

Figure 2: BF Model of the Cascading Mech-
an is m 

tion (i.e., the replication should be functionally 
additive) .  Mor e precisely ,  th e conditio n i s tha t 
th e smalle r  parametri c transformatio n delivere d 
by eac h replicate d devic e shoul d su m u p t o pro -
vid e th e desire d large r  transformation . 

The B F mode l  representatio n o f  a  G T M en -
capsulate s tw o type s o f  knowledge :  knowledg e 
abou t  th e differenc e betwee n th e function s o f  a 
know n desig n an d a  desire d desig n tha t  th e G T M 
ca n hel p reduce ;  an d knowledg e abou t  modifi -
cation s t o th e interna l  causa l  behavior s o f  th e 
know n desig n tha t  ar e necessar y t o reduc e thi s 
difference .  Fo r  example ,  Figure s 2(a )  &  2(b )  re -
spectivel y sho w thes e tw o type s o f  knowledg e fo r 
th e cascadin g mechanism .  Th e mode l  o f  cascad -
in g indicate s tha t  a  behavio r  ca n b e replicate d a s 
much a s possibl e t o achiev e a  desire d functio n an d 
finally  a  goa l  b e forme d t o find a  componen t  tha t 
ca n delive r  th e residua l  function .  Thi s additiona l 
componen t  i s neede d whe n th e desire d functio n 
i s no t  a n integra l  multipl e o f  th e functio n o f  eac h 
replicate d device . 

The Learning Method 

Suppose ,  fo r  instance ,  IDeAL' s cas e m e m o r y ha s 
th e desig n o f  EC1. 5 show n i n Figur e 1 .  Le t  u s 

239 



Switc h B«ttery 1 Battsry 2 

T] 
^ j t : 

1.5 V 1.5 V T4 

(a )  3-vol t  Electri c Circui t  (EC3 ) 

Note :  Tti e behavio r  "Produc e Light "  o t  E C 3 a t 
topleve l  I s simila r  t o tha t  o f  EC1. 5 
excep t  fo r  th e paramete r  value s o f 
voltag e an d intensity .  Also ,  th e slo t 
B Y - B E H A V I OR i n state l  point s t o th e 
behavio r  "Delive r  3  volt s o t  Batter y 
s h o w n i n Figur e (b) . 

state. ,  . 1 loc :  T , 
voltage :  0  volt s 

USING-FUNCTION PUMP electricit y o f  Battery 2 

st a teli 
ELECTRICIT Y 

loc:T 2 
voltage :  1. 5 volt s 

USING-FUNCTION PUMP electricit y o f  Battery l 

'̂ •'̂ - 3 
ELECTRIC fT Y 

loc:T 2 
voltage :  3. 0 volt s 

(b )  Behavio r  "Delive r  3  volts "  o f  Batter y 

Figure 3: Design of A 3-volt Electric Circuit 
(EC3 ) 

now consider the scenario where IDeAL is pre-
sente d wit h a  proble m o f  designin g a  3-vol t  elec -
tri c circui t  (EC3 )  tha t  deliver s th e functio n "pro -
duc e ligh t  o f  intensit y 1 2 lumen s i n th e bul b whe n 
th e switc h i s closed ,  give n tha t  ther e i s electricit y 
wit h a  voltag e o f  3  volt s i n th e battery "  an d satis -
fies  th e structura l  constrain t  "th e desig n canno t 
hav e a  singl e 3-vol t  battery. "  I D e A L retrieve s 
th e desig n cas e EC1. 5 becaus e th e give n func -
tiona l  specificatio n i s simila r  t o th e functio n o f 
EC1.5 .  However ,  I D e A L m a y kno w onl y ho w t o 
replac e a  componen t  i n a  pas t  desig n t o solv e th e 
curren t  problem .  T h e component-replacemen t 
pla n specifie s ho w t o replac e th e componen t  tha t 
i s  responsibl e fo r  th e functiona l  differenc e b y a 
ne w componen t  tha t  reduce s th e functiona l  dif -
ferenc e an d thu s enable s th e overal l  devic e t o de -
live r  th e desire d function .  I n suc h cases ,  I D e A L 
fail s t o solv e th e curren t  proble m du e t o th e 
structura l  constrain t  specified .  Then ,  i f  a n or -
acl e present s th e correc t  solutio n tha t  bot h de -
liver s th e desire d functio n an d satisfie s th e struc -
tura l  constrain t  (th e schemati c o f  th e structur e o f 
th e ne w devic e i s show n i n Figur e 3(a)) ,  I D e A L 
learn s ho w th e ne w devic e behave s ( a segmen t  i s 
show n i n Figur e 3(b) )  b y revisin g th e behavio r 
of  EC1.5 .  Thi s problem-solvin g contex t  enable s 
I D e A L t o focu s o n th e substructur e tha t  deliver s 
th e require d voltag e fo r  comparin g wit h th e corre -
spondin g substructur e i n th e ol d cas e EC1.5 .  B y 
generalizin g ove r  th e structura l  patter n (i n thi s 
substructure )  an d th e correspondin g behaviora l 

segments ,  i t  learn s th e cascadin g mechanism .  W e 
wil l  no w focu s o n th e learnin g o f  th e cascadin g 
mechanism . 

Th e learnin g metho d i s model-base d i n tha t 
th e S B F model s o f  th e desig n case s provid e th e 
conten t  fo r  generalizin g ove r  th e pattern s o f  regu -
larit y i n th e devic e structur e an d devic e behavior . 
Th e representatio n vocabular y o f  th e S B F mod -
el s furthe r  lead s t o severa l  classe s o f  regularity ,  a 
fe w o f  whic h tha t  ar e relevan t  t o learnin g cascad -
in g mechanis m are :  (i )  repetitio n o f  behaviora l 
segments ,  tha t  is ,  a  sequenc e o f  state-transition s 
repeat s severa l  (say ,  n )  time s i n th e overal l  devic e 
behavior ;  sinc e a  behavio r  typicall y correspond s 
t o a  structura l  par t  H.e. ,  a  component) ,  th e cor -
respondin g structura l  regularit y i s th e repetitio n 
of  th e structura l  part ;  (ii )  repetitio n o f  a  rang e 
of  input-outpu t  transformation ,  tha t  is ,  th e sam e 
amount  o f  paramete r  transformatio n repeat s sev -
era l  (say ,  n )  time s i n th e devic e behavior .  Th e 
tw o variable s o f  interes t  fo r  generalizatio n the n 
ar e th e rang t  o f  transformatio n (r )  an d numbe r 
of  repetition s o f  sam e structur e (n) .  Give n th e 
tas k o f  learnin g fro m tw o desig n case s an d tha t 
ther e ar e tw o variables ,  fou r  differen t  situation s 
ar e possibl e a s show n i n Tabl e 1 .  I n thi s pape r 
we wil l  focu s o n situatio n 2  only . 

Th e learnin g metho d first  traverse s eac h fo -
cuse d behavio r  i n th e give n tw o design s t o notic e 
th e abov e type s o f  regularities ,  i n particular ,  t o 
identif y th e value s fo r  n  an d r .  The n i t  com -
pare s th e value s fo r  th e tw o variable s i n bot h th e 
design s an d generalize s ove r  the m i f  an y similar -
it y exists .  Th e first  ste p o f  th e learnin g metho d 
ca n b e facilitate d b y indexin g fro m th e compo -
nen t  int o th e behaviora l  segment s i n whic h som e 
functio n o f  th e componen t  play s a  role . 

I n th e abov e problem-solvin g scenario ,  th e 
problem-solvin g contex t  indicate s tha t  th e behav -
iora l  segment s t o focu s o n fo r  learnin g ar e thos e 
tha t  correspon d t o th e functio n o f  Batter y i n 
th e tw o designs ,  EC1. 5 an d E C 3 .  Applyin g th e 
abov e learnin g method ,  i t  i s eas y t o identif y tha t 
th e learnin g situatio n her e i s 2  show n i n Tabl e 1 . 
Generalizin g ove r  th e numbe r  o f  repetition s em d 
variablizin g th e rang e o f  paramete r  transforma -
tion ,  IDeA L hypothesize s a  G T M tha t  woul d hel p 
i n a  problem-solvin g contex t  simila r  t o th e cur -
ren t  one .  T h e mode l  o f  th e learne d (mor e pre -
cisely ,  hypothesized )  cascadin g mechanis m an d it s 
inde x ar e show n i n Figur e 2  (representation s i n 
(a )  an d th e shade d regio n o f  (b)) ;  th e functiona l 
aifferenc e tha t  th e cascadin g mechanis m reduce s 
i s th e inde x fo r  th e mechanism. ^ 

I D e A L ca n revis e th e hypothesize d mode l  int o 
a mor e complet e on e whe n i t  solve s a  ne w de -
sig n proble m whos e solutio n ha s a  structura l  pat -
ter n tha t  i s a n instanc e o f  th e complet e cascadin g 
mechanism .  Thu s acquirin g a  complet e mode l  o f 
th e cascadin g mechanis m m a y involv e solvin g a 
number  o f  desig n problem s incrementally . 

^ A ne w piec e o f  knowledg e learne d i s futil e un -
les s it s applicabilit y  condition s (o r  indice s a s w e cal l 
them )  ar e als o learned . 
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Tabl e 1 :  Situation s o f  Regularit y B e t w e e n 
Simila r  C o m p o n e n t s i n T w o Design s 

Situatio n 

1. 
2. 

3. 

4. 

Range o f  Input-Outpu t 
Transformatio n i n bot h 
designs ,  r 
equal 
equa l 

not  equa l 

not  equa l 

Number  o f  Repetition s 

i n bot h desJKns ,  n 

equal 
no t  equa l 

equal 

not  equa l 

What  ca n b e Learned ? 

None du e t o lac k o f  variation . 

Generalizatio n ove r  n . 
(e.g. ,  th e cascadin g mechan ism ) 
Generalizatio n ove r  r . 
(e.g. ,  prototypica l  devic e models ) 
None du e t o lac k o f  regularity . 

E v a l u a t i o n 

One metho d fo r  evaluatin g th e learnin g i s t o sho w 
ho w th e learne d mechanism s ca n affec t  IDeAL' s 
performanc e tas k o f  designin g physica l  devices . 
I n particular ,  doe s i t  enabl e IDeA L t o transfe r 
desig n knowledg e fro m on e domai n (say ,  electri c 
circuits )  t o anothe r  domai n (say ,  hea t  exchang -
ers) ? 

We hav e teste d IDeA L wit h severa l  design s 
fro m th e domai n o f  electri c circuit s an d hea t  ex -
changers .  I n on e experiment ,  w e gav e IDeA L de -
sign s o f  electri c circuit s suc h a s thos e illustrate d 
i n thi s paper .  IDeA L learne d th e mechanis m o f 
cascading ,  indexe d i t  b y th e applicabilit y  condi -
tion s o f  th e mechanism ,  an d store d i t  i n it s m e m-
ory .  The n w e gav e IDeA L a  desig n proble m i n 
th e domai n o f  hea t  exchangers .  Thi s problem , 
relativ e t o IDeAL' s knowledge ,  wa s suc h tha t  i n 
orde r  t o solv e i t  IDeA L woul d nee d t o evok e th e 
cascadin g mechanism .  W e observe d tha t  IDeA L 
notice d th e differenc e betwee n th e desire d func -
tio n an d th e functio n o f  a n availabl e device .  I t 
the n use d th e functiona l  differenc e a s a  prob e int o 
it s memory ,  retrieve d th e cascadin g mechanism , 
and solve d th e ne w proble m b y instantiatin g th e 
retrieve d mechanism .  Mor e specifically .  Figur e 4 
illustrate s ho w IDeA L instantiate d th e cascadin g 
mechanis m learne d fro m th e tw o designs ,  EC1. 5 
and EC3 ,  i n th e wate r  pump s i n designin g a  nitri c 
aci d coole r  tha t  provide s a  highe r  rang e o f  coolin g 
(i.e. ,  T1-T2') .  (Strouli a &  Goel ,  1992 )  provide s 
mor e detail s o f  th e adaptatio n process . 

Together ,  thes e experiment s indicat e th e util -
it y  an d effectivenes s o f  ou r  model-base d metho d 
fo r  learnin g G T M s :  th e S B F model s enabl e learn -
in g o f  G T M s i n on e domai n an d th e learne d B F 
model s o f  G T M s facilitat e designin g i n another . 
We ar e currentl y testin g IDeA L wit h desig n prob -
lem s fro m othe r  domain s suc h ei s reactio n whee l 
assemblies ,  an d fo r  othe r  mechanism s suc h a s 
feedbac k an d feedforward . 

Related Work 
Thi s wor k o n IDeA L evolve s fro m ou r  earlie r  wor k 
on K R I T I K (Goel ,  1989) .  IDeAL' s component -
substanc e ontology ,  S B F models ,  an d behaviora l 
representatio n languag e al l  ar e borrowe d fro m 
KRITIK .  Th e problem-solvin g componen t  o f 

HNO, 

J L 
Heat-««ehang e 
chamber H N Oj 

T2 

W«t* r 
Water-pum p 

(a) Nitric Acid Cooler that coela 
fro m T i  t o T 2 

H N O j -
Tl • 

Heat-exchang e 
chamber H N O3 

Ti 

An instantiatio n o f 
/th e Cascadin g Mechanis m 

Water ! 

I  Water-pump- n Water-pump- 1 j 

(b )  Nitri c  Aci d Coole r  tha t  cool s 
fro m T l  t o T 2 C i  »  T2 ) 

Figur e 4 :  Design s o f  Nitri c  Ac i d Coole r 

IDeAL evolves from KRIT1K2 (Stroulia et ai, 
1992) .  _ 
Learnin g Task :  Fe w computationa l  model s o f 
analogica l  reasonin g hav e addresse d learnin g o f 
high-leve l  abstractions .  Birnbau m an d Collin s 
(1988 )  discus s th e nee d fo r  acquisitio n o f  ab -
strac t  strategie s tha t  enabl e transfe r  o f  expertis e 
fro m on e domai n t o another .  Thei r  wor k use s 
explanation-base d learnin g (EBL )  technique s i n 
failure-drive n learnin g o f  abstrac t  strategie s fo r 
game playin g (e.g. ,  chess) .  G T M s i n ou r  wor k ar e 
simila r  t o thei r  abstrac t  strategie s i n tha t  G T M s 
als o ac t  a s abstrac t  plan s fo r  solvin g design -
adaptatio n problems .  However ,  Birnbau m an d 
Collin s vie w th e abstrac t  strategie s t o b e usefu l 
onl y i n accessin g a  relevan t  experience ,  tha t  is , 
the y vie w case s t o b e indexe d b y thes e abstrac t 
concepts .  I n contrast ,  i n ou r  theory ,  abstrac t 
model s ar e usefu l  i n bot h th e acces s an d trans -
fe r  stage s o f  analogica l  reasoning .  Moreover ,  i n 
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our  approac h learnin g i s no t  onl y failure-drive n 
but  i t  als o occur s fro m successfu l  experiences . 

Learnin g Method :  Ou r  model-base d approac h 
t o learnin g i s simila r  t o Winston' s mode l  (1982 ) 
whic h show s tha t  learnin g ca n b e don e b y ana -
logicall y transferrin g causa l  link s i n th e expla -
natio n o f  a n exampl e t o th e targe t  "concept. " 
Our  approac h i s als o simila r  t o explanation-base d 
method s suc h a s E B G (Mitchell ,  Keller ,  k  Kedar -
Cabelli ,  1986 )  an d EB L fDeJon g k  Mooney , 
1986 )  i n usin g explanation s (SB F models )  t o con -
strai n th e learnin g o f  concepts .  However ,  mos t  o f 
thes e system s assum e som e knowledg e o f  th e tar -
get  concep t  a  prion ;  ou r  model-base d approac h 
attempt s t o "discover "  them . 

Also ,  ou r  model-base d approac h differ s fro m 
E BG an d EB L i n th e kin d o f  explanation s i t  uses . 
First ,  whil e th e explanation s i n E B G an d EB L ar e 
purel y causal ,  th e explanation s i n SB F model s ar e 
functiona l  i n nature ,  i.e. ,  the y no t  onl y provid e 
a causa l  accoun t  bu t  als o sho w ho w causa l  pro -
cesse s resul t  i n th e achievemen t  o f  specifi c  func -
tions .  Further ,  SB F model s provid e functional , 
structural ,  an d behaviora l  decompositio n o f  de -
vic e knowledge .  Second ,  th e explanation s i n E B G 
and EB L specif y ho w a n exampl e i s a n instanc e 
of  a  targe t  concep t  whil e SB F model s ar e expla -
nation s o f  th e functionin g o f  devices . 

Conclusions 

We have presented a computational model of how 
generi c mechanism s ca n b e learne d fro m problem -
solvin g experiences .  W e hav e demonstrate d i n th e 
contex t  o f  th e desig n o f  physica l  device s tha t  th e 
generi c mechanism s ca n b e acquire d incremen -
tall y fro m desig n experience s b y generalization . 
Menta l  model s o f  solution s t o problem s (i.e. ,  ho w 
a give n solutio n i s a  solutio n t o th e give n prob -
lem )  provid e th e conten t  fo r  learnin g th e model s 
of  generi c mechanisms .  Th e interna l  organiza -
tio n o f  menta l  model s (e.g. ,  functional ,  structural , 
and behaviora l  decomposition )  togethe r  wit h th e 
problem-solvin g contex t  provide s th e constraint s 
fo r  learnin g b y generalization .  Further ,  similari -
tie s betwee n regularitie s i n experience s determin e 
ho w abstrac t  a  learne d generi c mechanis m ca n be . 

Elsewher e w e sho w ho w ou r  computationa l 
model  als o account s fo r  th e acquisitio n o f  othe r 
type s o f  "abstrac t  concepts, "  suc h a s menta l  mod -
el s o f  physica l  principles ,  physica l  processes ,  an d 
devic e prototype s (Bhatt a k  Goel ,  1992) . 

Finally ,  fro m th e computationa l  mode l  w e ca n 
predic t  tha t  i f  the y hav e th e model s o f  specifi c  de -
vices ,  huma n designer s ca n easil y lear n th e mod -
el s o f  generi c mechanism s fro m thei r  desig n expe -
rience s an d us e th e learne d mechanism s fo r  mak -
in g cross-domai n analogies . 
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