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Abstrac t 

As czise-based reasoners gain experience in a domain, 

the y nee d t o improv e thei r  cas e retrieva l  s o tha t  mor e 

usefu l  case s ar e retrieved .  On e proble m i n doin g thi s 

i s tha t  th e reasone r  wh o mos t  need s t o lear n i s  leas t 

abl e t o explai n successe s o r  failures .  A  secon d proble m 

i s tha t  uncontrolle d pursui t  o f  a n explanatio n coul d b e 

ver y expensive .  Ther e ar e thre e key s t o th e approac h 

presented .  First ,  th e studen t  observe s exper t  proble m 

solvin g an d set s u p expectation s fo r  wha t  th e exper t 

wil l  d o next .  W h e n expectation s fail ,  th e reasone r  ha s 

it s failur e isolate d t o a  singl e step ,  an d th e correc t  ac -

tio n fo r  th e situatio n ha s bee n provided .  Second ,  i f  th e 

studen t  ca n retriev e par t  o f  a  cas e tha t  woul d hav e sug -

geste d a  correc t  prediction ,  the n tha t  cas e snippe t  ca n 

be use d t o limi t  th e explanatio n process ,  makin g th e 

proces s mor e efficient .  Third ,  whe n n o explanatio n ca n 

be found ,  th e reasone r  resort s t o empirica l  adjustmen t 

of  featur e importance . 

Case-base d reasonin g ( C B R )  i s base d o n th e observa -

tio n tha t  experience ,  retaine d i n th e for m o f  cases ,  ca n 

be use d t o efficientl y an d effectivel y solv e future ,  sim -

ila r  problems .  A  case-base d reasone r  ca n improv e i n 

a numbe r  o f  differen t  ways .  I t  ca n acquir e ne w cases . 

Or  i t  ca n improv e it s cas e retrieval ,  s o tha t  mor e usefu l 

case s ar e retrieved .  I n R e d m o n d (1989b )  w e discusse d 

our  approac h t o acquirin g ne w case s throug h appren -

ticeship .  Par t  o f  apprenticeshi p involve s observin g an d 

understandin g exper t  proble m solving .  Thi s sam e kin d 

of  experienc e ca n b e use d t o improv e retrieva l  o f  cases . 

Improvin g cas e retrieva l  i s  on e o f  th e ke y issue s i n case -

base d reaisoning .  Novic e reasoner s ar e frequentl y mos t 

influence d b y surfac e feature s i n retrievin g previou s ex -

perience s (Ratterma n an d Centne r  1987 ;  Ros s 1987) .  I n 
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becomin g mor e expert ,  a  reasone r  mus t  lear n t o retriev e 

usefull y simila r  cases . 

M u ch o f  th e wor k o n improvin g cas e retrieva l  ha s fo -

cuse d o n learnin g indice s thoug h explainin g a  reasoner' s 

o wn successfu l  o r  unsuccessfu l  proble m solving .  Learn -

in g indice s base d o n explanation s require s a t  leas t  thre e 

things : 

1.  Realizin g th e nee d t o learn . 
2.  Determinin g wha t  th e correc t  resul t  shoul d be . 
3.  Assignin g credi t  fo r  successe s o r  blam e fo r  failures . 

T h e proble m i s tha t  thes e ca n b e hard .  A  novic e rea -

sone r  i s th e mos t  i n nee d o f  improvemen t  an d th e leas t 

prepare d t o learn .  A  novic e m a y no t  b e abl e t o gener -

at e th e correc t  result .  A  novic e m a y als o hav e troubl e 

assignin g credi t  o r  blame .  H o w ca n a  novic e ge t  aroun d 

thes e problems ? 

Apprenticeshi p ca n provid e assistanc e wit h thi s prob -

lem .  A  novic e ca n observ e a n exper t  solvin g a  problem . 

A goo d student ,  w h o activel y follow s alon g wit h th e ex -

ample ,  set s u p expectation s a t  eac h poin t  i n th e expert' s 

proble m solving .  W h e n th e expectation s ar e incorrec t 

the n h e ha s a  failure .  T h e studen t  thu s ha s immediat e 

feedback .  T h e studen t  realize s th e nee d t o learn .  Th e 

studen t  ha s bee n give n th e correc t  result .  Mos t  impor -

tant ,  th e failur e ha s bee n isolate d t o a  singl e step .  Thi s 

tighte r  feedbac k loo p enable s learnin g whe n i t  otherwis e 

migh t  no t  b e possible ,  an d make s learnin g mor e efficient . 

A n exampl e wil l  illustrat e som e o f  th e issue s involve d 

i n improvin g cas e retrieva l  throug h observin g a n expert . 

A studen t  i s  observin g a n instructo r  solv e a n automobil e 

diagnosi s problem .  Thi s i s  par t  o f  a n ongoin g mento r 
relationship .  T h e instructo r  ha s checke d whethe r  th e 

car  stall s  whe n cold .  T h e instructo r  hci s adjuste d th e idl e 

mixtur e scre w an d determine d tha t  th e ca r  stil l  stalls . 

T h e instructo r  ha s tightene d an y loos e spar k plugs ,  an d 

determine d tha t  th e ca r  stil l  stalls .  H e ha s checke d i f  th e 

throttl e dashpo t  i s ou t  o f  plac e (i t  wasn't) ,  an d i f  th e fue l 

leve l  i n th e carbureto r  wa s to o hig h (i t  was) .  Figur e 1 

shows th e effec t  o f  al l  thi s o n th e proble m solvin g contex t 

an d als o show s som e o f  th e mor e genera l  feature s o f  th e 

proble m tha t  wer e elicite d b y th e instructor .  A t  thi s 

poin t  th e reade r  nee d onl y not e tha t  ther e ar e a 
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Curren t  Contex t 
Complaint ;  Ca r  Stall s  Ou t 
Othe r  Symptoms :  Non e Reporte d 
Frequenc y o f  Problem :  intermitten t 
Temperatur e Whe n Fail :  Col d 
Type o f  Car :  198 0 Chrysle r  LeBaro n 
Car  Owner :  Juli e Cride r 
Mechanic s Involved :  To m Davi s 
Rule d In : 

Spar k Plu g Connection s O k Idl e Mixtur e O k 
Carbureto r  Fue l  Leve l  Hig h •* • 

Rule d Out : 
Low Idl e Spee d Lea n Idl e Mixtur e 
Incorrec t  Positio n Throttl e Dashpo t 

Test s Done : 
Car  Stall s When Cold ? 
Spar k Plug s Loose ? 
Car  Stil l  Stalls ? 
Too Smal l  a  Distanc e Betwee n Throttl e 

Dashpot  Ste m an d Throttl e Lever ? 
Too Hig h Leve l  o f  Fue l  i n Carbureto r  Floa t  Bowl ? 

Test  Results : 
Car  Stall s When War m 
Al l  Loos e Spar k Plu g Connection s Tightene d 
Car  Stil l  Stall s 
Distanc e Betwee n Throttl e Dashpo t  Ste m 

and Throttl e Leve r  =  2c m 
Distanc e Betwee n Carbureto r  Floa t  an d 

Choke Chambe r  Surfac e =  3c m 
Fixe s Done : 

Increas e Positio n Idl e Mixtur e Scre w 
Al l  Loos e Spar k Plu g Connection s Tightene d 

Figure 1: Part of Current Context. 
number  o f  contextua l  features ,  includin g comple x value s 
fo r  thing s tha t  ha d bee n rule d i n an d rule d out ,  test s 
done etc. 

At  thi s point ,  th e studen t  ha s se t  u p a n expectatio n 
usin g a  par t  o f  a  cas e fro m hi s episodi c m e m o r y .  T h e 
studen t  ha d previousl y bee n a  participan t  o r  a n observe r 
of  tha t  step .  Figur e 2  show s mos t  o f  th e contex t  a t  th e 
Incorrect Context 

Complaint :  Ca r  Stall s Ou t 
Othe r  Symptoms :  Non e Reporte d 
Frequenc y o f  Problem :  intermitten t 
Temperatur e When F&il :  Col d 
Type o f  Car :  197 9 Chrysle r  Cordov a 
Car  Owner :  Bil l  Mos s 
Mechanic s Involved :  To m Davis ,  Kevi n Cousin s 
Rule d In : 

Spar k Plu g Connection s O k Idl e Mixtur e O k 
Idl e Spee d O k 

Rule d Out : 
Lean Idl e Mixtur e Lo w Idl e Spee d 
Incorrec t  Positio n Throttl e Dashpo t  Idl e Syste m Lea k Ai r 

Test s Done : 
Car  Stall s When Cold ? 
Spar k Plug s Loose ? 
Car  Stil l  Stalls ? 
Too Smal l  a  Distanc e Betwee n Throttl e 

Dashpot  Ste m an d Throttl e Lever ? 
Idl e Syste m Lea k Air ? 

Test  Results : 
Car  Stall s When Col d 
Al l  Loos e Spar k Plu g Connection s Tightene d 
Car  Stil l  Stall s 
Distanc e Betwee n Throttl e Dashpo t  Ste m 

and Throttl e Leve r  =  2c m 
No Apparen t  Ai r  Leak s 

Fixe s Done : 
Increas e Positio n Idl e Mixtur e Scre w 
Increas e Positio n Idl e Spee d Scre w 
Al l  Loos e Spar k Plu g Connection s Tightene d Figure 2: Portions of incorrect context. 

Correc t  Contex t 
Complaint :  Ca r  Stall s  Ou t 
Othe r  Symptoms :  Non e Reporte d 
Frequenc y o f  Problem :  dail y 
Temperatur e Whe n Fail :  Col d 
Typ e o f  Car :  198 1 Chrysle r  Cordov a 
Car  Owner :  Pau l  Cride r 
Mechanic s Involved :  Kevi n Cousin s 
Rule d In : 

Spar k Plu g Connection s O k Idl e Mixtur e O k 
Carbureto r  Fue l  Leve l  Hig h •• *  Idl e Spee d O k 

Rule d Out : 
Lean Idl e Mixtur e Idl e Syste m Lea k Ai r 

Test s Done : 
Car  Stall s  Whe n Cold ? 
Spar k Plug s Loose ? 
Car  Stil l  Stalls ? 
Idl e Syste m Lea k Air ? 

Test  Results : 
Car  Stall s Whe n Col d 
Al l  Loos e Spar k Plu g Connection s Tightene d 
Car  Stil l  Stall s 
No Apparen t  Ai r  Leak s 

Fixe s Done : 
Increas e Positio n Idl e Spee d Scre w 
Al l  Loos e Spar k Plu g Connection s Tightene d 

Figure 3: Portions of correct context. 
time of the predicted action's previous occurrence. For 
short ,  w e cal l  thi s th e 'incorrect '  context .  T h e student' s 
experienc e suggest s th e hypothesi s tha t  th e chok e link -
ag e i s sticking .  W e cal l  thi s th e 'incorrect '  predictio n 
t o indicat e tha t  i t  i s  no t  a n appropriat e predictio n fo r 
th e curren t  situation .  T h e instructo r  m a k e s a  differen t 
hypothesis ,  tha t  th e carbureto r  needl e valv e leaks .  T h e 
studen t  coul d hav e m a d e thi s prediction ,  whic h w e cal l 
th e 'correct '  prediction .  I n th e pas t  h e ha d observe d th e 
instructo r  takin g tha t  action .  T h e contex t  fro m tha t 
previou s tim e i s show n i n Figur e 3 .  W e wil l  cal l  tha t  th e 
'correct '  context .  W h y i s th e instructor' s actio n a  bette r 
choic e fo r  th e curren t  proble m solving ? T h e incorrec t 
contex t  matche s a  goo d n u m b e r  o f  th e feature s o f  th e 
curren t  problem .  T h e ke y differenc e favor s th e instruc -
tor' s action ,  however .  T h e informatio n i n th e curren t 
contex t  tha t  th e carbureto r  fue l  leve l  i s  hig h i s th e ke y 
difference .  Thi s informatio n favor s th e correc t  hypothe -
si s tha t  th e carbureto r  needl e valv e leaks .  H o w ca n th e 
studen t  improv e hi s cas e retrieva l  s o tha t  h e wil l  m a k e 
th e correc t  predictio n i n th e future ? 

W h en th e student' s expectation s ar e no t  met ,  the n 
th e studen t  realize s th e nee d t o learn .  Apprenticeshi p 
als o take s car e o f  th e nee d fo r  th e studen t  t o k n o w th e 

correc t  action .  T h e actio n take n b y th e instructo r  i s as -

sumed t o b e correct .  T h e studen t  stil l  mus t  determin e 
what  feature s o f  th e curren t  situatio n m a k e th e correc t 

predictio n appropriate ,  and/o r  m a k e th e incorrec t  pre -

dictio n inappropriate .  T h e student' s exposur e t o tha t 
actio n i n a  previou s exampl e helps .  H e k n o w s th e con -

tex t  i n whic h th e actio n w a s previousl y taken .  Ther e 

ar e a  n u m b e r  o f  similaritie s an d difference s a m o n g th e 

contexts .  A  purel y empirica l  approac h wil l  plac e s o m e o f 

th e credi t  o r  b lam e o n s o m e spuriou s feature s tha t  don' t 

m a ke a  difference .  O n th e othe r  hand ,  i f  th e studen t 

517 



trie s t o analyz e al l  o f  th e featur e value s i n th e context s 

and explai n wh y on e predictio n i s mor e relevan t  tha n th e 

other ,  tha t  wil l  b e expensive .  Also ,  w e certainl y can' t 

assume tha t  a  studen t  wil l  alway s b e abl e t o explai n 

why on e predictio n i s mor e appropriate .  H o w ca n thes e 

opposin g force s b e reconciled ? 

Our  solutio n make s us e o f  a  combinatio n o f  analyt -

ica l  an d empirica l  methods .  Similarity-base d method s 

ar e use d t o focu s explanation .  W h e n th e studen t  i s abl e 

t o explai n th e appropriatenes s o r  inappropriatenes s o f  a 

prediction ,  th e associate d cas e par t  i s  marke d wit h tha t 

indication .  Th e indicatio n ca n b e positive ,  tha t  th e pre -

dictio n mad e b y tha t  par t  o f  th e cas e i s appropriat e i n 

a situation ,  i n whic h cas e w e cal l  i t  a n index .  Th e in -

dicatio n ca n als o b e negative ,  tha t  th e predictio n i s no t 

appropriat e i n a  situation .  W e cal l  th e latte r  a  censor . 

I n addition ,  th e studen t  empiricall y adjust s th e impor -

tanc e o f  matchin g differen t  features .  W e firs t  presen t 

th e analytica l  approac h t o learnin g indice s an d censors . 

The n w e discus s th e empirica l  adjustment . 

Analytical Approach - Learning Indices 

a n d C e n s o r s 

The purpos e o f  learnin g indice s an d censor s i s t o im -

prov e predictio n an d diagnosi s whe n the y ar e carrie d 

out  throug h C B R .  Redmon d (1990a )  discusse d ou r  cas e 

representation .  Briefly ,  case s ar e divide d int o snippets , 

eac h o f  whic h contai n th e informatio n relevan t  t o th e 

pursui t  o f  on e primitiv e goal .  Prediction s ar e generate d 

by retrievin g a  cas e snippe t  fro m memory .  Eac h snip -

pet  contain s th e contex t  i n whic h i t  occurred .  Thi s en -

able s similarit y assessment ,  a s wel l  a s th e comparison s 

betwee n correc t  an d incorrec t  context s mentione d above . 

An inde x i s a  particularl y salien t  se t  o f  feature s o f  th e 

contex t  i n whic h th e snippe t  occurred .  Durin g retrieval , 

i f  a  situatio n matche s som e o f  th e indices ,  the n tha t  sig -

nificantl y increase s th e possibilit y  tha t  tha t  snippe t  wil l 

be retrieve d t o provid e guidance .  Th e indice s ca n b e 

part s o f  contextua l  features .  Fo r  example ,  on e o f  th e 

tes t  result s foun d i n th e proble m solvin g leadin g u p t o 
th e snippe t  migh t  b e marke d a s a n index .  A  censo r  i s a 

stat e (par t  o f  a  feature )  tha t  suggest s tha t  a  cas e snippe t 

i s no t  appropriat e i n tha t  situation .  I f  i n a  futur e situ -

atio n tha t  stat e exists ,  the n th e snippe t  ca n b e rejecte d 

durin g retrieval . 

We cal l  ou r  metho d analytica l  featur e comparison .  I t 

has fiv e step s whic h involv e distinguishin g responsibl e 

feature s throug h first  comparin g featur e values ,  the n try -

in g t o explai n th e relevanc e o f  differences .  Th e initia l 

featur e comparison s ar e similarity-based ,  th e analysi s 

comes int o pla y i n latte r  steps .  Th e opportunit y t o ap -

pl y th e proces s occur s whe n th e student ,  observin g th e 

instructor ,  use s a  cas e snippe t  t o incorrectl y predic t  th e 

instructor' s action .  Th e proces s start s ou t  b y retrievin g 

a snippe t  tha t  woul d hav e predicte d th e instructor' s 

Curren t  Contex t  Rule d In ; 
Spar k Plu g Connection s Ok Idl e Mixtur e Ok 
Carbureto r  Fue l  Leve l  Hig h 

(a) I  Par t  o f  th e curren t  proble m solvin g context . 

Correct Snippet (case-generBte-hypoth-305) Context 
Rule d In : 

Spar k Plu g Connection s Ok + + + Idl e Mixtur e Ok + + + 
Carbureto r  Fue l  Leve l  Hig h -\-+ + Idl e Spee d Ok 

(b) ;  Par t  o f  th e correc t  snippet' s proble m solvin g context . 
Incorrect Snippet (ca8e-generate-hypoth-312) Context 

Rule d In : 
Spar k Plu g Connection s Ok + + + Idl e Mixtur e Ok + + + 
Idl e Spee d Ok 

(c) i  Par t  o f  th e incorrec t  snippet' s proble m solvin g context . 

Figure 4: Portions of snippets involved in learning 

an index . 

action. For short, we will call this snippet the 'correct' 

snippet .  Th e actio n itsel f  i s a n effectiv e additiona l  cu e 

tha t  enable s th e correc t  snippe t  t o b e retrieve d now .  W e 

wil l  cal l  th e snippe t  tha t  th e studen t  use d t o mak e th e 

incorrec t  predictio n th e 'incorrect '  snippet .  Afte r  th e 

correc t  snippe t  ha s bee n retrieved ,  th e proces s i s read y 

t o begin . 

1.  Eliminat e fro m consideratio n feature s whic h 

ar e th e sam e i n bot h snippets '  contexts .  Feature s 

compare d includ e aispect s o f  th e diagnosis ,  suc h a s th e 

test s don e an d thei r  results ,  thing s rule d out ,  etc. ,  a s wel l 

as domai n dependen t  features ,  suc h a s ca r  type .  Give n 

th e context s i n Figure s 2  an d 3 ,  th e complaint ,  th e othe r 

symptoms ,  an d th e ambien t  temperatur e whe n th e fail -

ur e occur s ar e th e sam e i n bot h snippets .  Therefore , 

the y don' t  provid e a  wa y o f  distinguishin g wh y th e cor -
rec t  snippe t  i s  appropriat e i n th e curren t  context .  Thes e 

ar e therefor e n o longe r  considere d candidate s fo r  expla -

nation . 

2.  C o m p a r e th e remainin g feature s wit h th e 

curren t  proble m solvin g context .  Feature s i n whic h 

th e curren t  contex t  bette r  matche s th e correc t  contex t 

tha n th e incorrec t  contex t  ar e selecte d a s candidates .  I t 

i s  mor e likel y tha t  somethin g i n thos e feature s woul d 

indicat e tha t  th e correc t  snippe t  i s appropriate .  Fo r  ex -

ample ,  i n Figur e 1  th e curren t  context' s 'rule d in '  featur e 

had th e valu e show n i n Figur e 4(a) .  Th e correc t  contex t 

and th e incorrec t  contex t  ha d th e 'rule d in '  value s show n 

i n Figur e 4(b )  an d 4(c) .  Matche s t o th e curren t  contex t 

ar e show n b y '-|~l--|-'s .  Th e incorrec t  context' s 'rule d 

in '  wa s no t  a s clos e a  matc h a s th e correc t  snippet' s 

'rule d in' .  Thu s 'rule d in '  wil l  continu e t o b e include d 

i n th e candidates .  A t  th e sam e time ,  th e incorrec t  snip -

pet' s 'fixe s done '  i s  a  bette r  matc h t o th e curren t  contex t 

tha n th e correc t  snippet' s 'fixe s done' .  Therefore ,  'fixe s 

done '  wil l  b e eliminate d fro m consideratio n fo r  explana -

tion .  I n th e example ,  thi s ste p eliminate s th e frequenc y 

of  th e problem ,  th e item s 'rule d out' ,  an d th e mechanic s 

involved ,  sinc e the y favo r  retrieva l  o f  th e incorrec t  piece . 
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Correc t  Snippe t  (case-generate-hypothesis-SOS )  Contex t 
Type o f  Car :  198 1 Chrysle r  Cordov a 
Car  Owner :  Pau l  Cride r  •• * 
Rule d In : 

Spar k Plu g Connection s O k 
Idl e Mixtur e O k 
Idl e Spee d O k 
Carbureto r  Fue l  Leve l  Hig h •• • 

Test s Done : 
Car  Stall s  When Cold ? 
Spar k Plug s Loose ? 
Car  Stil l  Stalls ? 
Idl e Syste m Lea k Air ? 
Too Hig h Leve l  o f  Fue l  i n Carbureto r  Floa t  Bowl ? •• • 

Test  Results : 
Car  Stall s  When Col d 
Al l  Loos e Spar k Plu g Connection s Tightene d 
Car  Stil l  Stall s 
No Apparen t  Ai r  Leak s 
Distanc e Betwee n Carbureto r  Floa t  an d 
Choke Chambe r  Surfac e =  2c m •• • 

Figur e 5 :  Remfiinin g portion s o f  correc t  snippe t 
afte r  secon d ste p o f  analytica l  featur e comparison . 

3.  Isolat e th e part s o f  th e correc t  snippet' s fea -
tur e value s tha t  caus e th e rema in in g feature s t o 
bette r  m a t c h th e curren t  context .  Thi s i s  t o nar -
ro w th e responsibilit y t o part s o f  feature s whic h favo r 
th e retrieva l  o f  th e correc t  snippe t  i n th e curren t  con -
text .  Thes e part s o f  feature s ar e th e bes t  candidate s fo r 
distinguishin g w h y th e correc t  snippe t  i s  appropriat e i n 
th e curren t  context .  I n th e curren t  example ,  fo r  item s 
'rule d in' ,  th e isolate d par t  i s  tha t  th e carbureto r  fue l 
leve l  i s  high .  Thi s i s  th e claus e tha t  make s th e correc t 
snippet' s 'rule d in '  bette r  matc h th e curren t  'rule d in' . 
Figur e 5  show s th e feature s remainin g afte r  th e secon d 
ste p o f  th e process .  T h e part s o f  feature s isolate d b y thi s 
thir d ste p ar e marke d wit h '***'s .  Thi s i s wher e th e ex -
planatio n proces s wil l  b e focussed .  Thi s complete s th e 
initia l  featur e comparison ,  whic h limit s th e analytica l 
reasonin g done . 

4.  T r y t o explai n th e significanc e o f  eac h o f 
th e rema in in g part s o f  features .  T h e learne r  ca n 

tr y t o relat e eac h t o th e curren t  actio n take n b y th e in -

structor .  T h e studen t  i n th e exampl e trie s t o explai n th e 

relationshi p betwee n th e 'Rule d In '  tha t  th e carbureto r 

fue l  leve l  i s  hig h an d th e hypothesi s tha t  th e carbure -
to r  needl e valv e leaks .  A n explanatio n tha t  th e studen t 
coul d (dependin g o f  hi s leve l  o f  knowledge )  construc t  i s 

tha t  a  leakin g carbureto r  needl e valv e coul d enabl e fue l 

t o kee p flowin g int o th e carbureto r  floa t  bowl ,  thu s caus -

in g th e fue l  leve l  t o becom e high . 
For  learnin g censor s a  greate r  variet y o f  relationship s 

ar e useful .  T h e learne r  ca n tr y t o relat e eac h remainin g 

featur e par t  t o th e curren t  actio n take n b y th e instruc -

tor ,  o r  t o th e actio n suggeste d b y th e incorrec t  snippet . 

Th e relationship s themselve s ca n b e different .  A  par t  o f 

th e curren t  contex t  relatin g t o a  'contradiction '  o f  th e 

incorrec t  actio n i s a  goo d indicatio n o f  a  nee d fo r  a  cen -

sor .  Fo r  example ,  i f  i n a  secon d proble m Carbureto r  Fue l 

Leve l  Norma l  ha s bee n 'rule d in' ,  tha t  contradict s a n in -

correc t  snippet' s hypothesi s tha t  th e carbureto r  needl e 

valv e leaks . 

5.  I f  s u c h a  relationshi p c a n b e f o u n d ,  t h e n 

th e partia l  featur e valu e i s  m a r k e d a s a n inde x 

o r  censor .  I n th e mai n example ,  Rule d In :  Carbureto r 

Fuel  Leve l  Hig h ca n b e save d a s a n inde x t o th e correc t 

snippet .  I n th e sam e o r  simila r  situatio n i n th e futur e 

th e snippe t  wil l  the n b e mor e likel y t o b e retrieve d a s a 

sourc e o f  prediction s o r  diagnosti c actions . 

I n th e secon d example ,  th e incorrec t  snippe t  ca n b e 

annotate d wit h th e censo r  Rule d In :  Carbureto r  Fue l 

Leve l  Normal .  I n th e sam e o r  simila r  situatio n i n th e 

futur e th e snippe t  wil l  no t  b e retrieve d a s a  sourc e o f 

prediction s o r  diagnosti c actions . 

We shoul d not e som e limitation s o f  ou r  approac h 

t o learnin g indice s an d censors .  First ,  th e matchin g 

of  part s o f  feature s ha s t o b e exact .  S o m e for m o f 

knowledge-base d matchin g lik e tha t  use d b y Bareis s 

(1989 )  an d Koto n (1988 )  i s  needed .  Fortunately ,  sub -
stitutin g knowledge-base d patter n matchin g fo r  simpl e 

matchin g doesn' t  affec t  th e method .  I t  jus t  substitute s 

bette r  reasonin g capabilit y i n step s 1  throug h 3 .  Sec -

ond ,  ther e i s n o attemp t  t o lear n indice s tha t  involv e a 

conjunctio n o f  featur e parts .  Ther e ar e certainl y situa -

tion s i n whic h suc h a n inde x woul d b e necessary .  W i t h 

bette r  explanator y capability ,  th e studen t  coul d lear n 

mor e sophisticate d indices .  S o m e o f  th e limitation s o n 
explanatio n m a y nee d t o b e relaxe d though ,  costin g th e 

proces s som e efficiency .  Bot h o f  thes e limitation s wil l  b e 

addresse d i n futur e work . 

Empirical Feature Comparison 

Sometime s a  learne r  ma y no t  b e abl e t o explai n wh y a 
predictio n i s wrong ,  o r  wh y anothe r  on e migh t  b e bet -
ter .  Th e learne r  i s no t  a n expert .  Whe n h e cannot ,  h e 
need s t o resor t  t o les s powerful ,  les s knowledge-intensiv e 

methods .  H e ca n attemp t  a n empirica l  approac h t o im -
provin g cas e retrieval .  A s wit h learnin g indice s an d cen -

sors ,  apprenticeshi p help s identif y th e nee d t o learn .  I t 

als o isolate s th e proble m t o a  singl e step ,  an d provide s 
th e correc t  actio n fo r  th e situation .  A s wit h learnin g 

indice s an d censors ,  th e learne r  ca n attemp t  t o retriev e 
par t  o f  anothe r  cas e tha t  woul d hav e suggeste d a  cor -

rec t  prediction .  I f  suc h a  cas e snippe t  ca n b e retrieved , 

the n th e context s ca n b e compared .  T h e difference s ca n 

be use d t o empiricall y adjus t  th e weight s o n feature s i n 

th e matchin g function .  T h e adjustmen t  metho d place s 

greate r  importanc e o n feature s tha t  matc h an d lea d t o 

correc t  predictions .  I t  place s les s importanc e o n feature s 
tha t  matc h an d lea d t o incorrec t  predictions .  W e shoul d 

not e tha t  ther e ar e result s tha t  sugges t  tha t  peopl e ca n 

lear n t o distribut e thei r  attentio n a m o n g features ,  givin g 

differen t  weight s t o eac h (Nosofsk y 1987) .  W e originall y 

discusse d thi s approac h i n ( R e d m o n d 1989a) .  W e hav e 

n o w integrate d i t  wit h th e analytica l  approac h discusse d 

i n th e previou s section . 
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Featur e 

CAR-TYPE 
CAR-OWNER 
COMPLAINT 
HOW-LONG 
RULED-OUT 
TESTS-DONE 
FIXES-DONE 
CURRENT-HYP 
WHEN 

'Incorrect ' 

Partia l 
Matc h 
Matc h 
Matc h 
Partia l 
Partia l 
Partia l 
Matc h 
Partia l 

'  'Correct ' 

No Matc h 
No Matc h 
Matc h 
Partia l 
Matc h 
Matc h 
Matc h 
Matc h 
Sligh t 

Change i n Importanc e 

les s importan t 
les s importan t 
no chang e 
les s importan t 
more importan t 
more importan t 
more importan t 
no chang e 
les s importan t 

F igur e 6 :  E x a m p l e empirica l  salienc y ad jus tment . 

Figur e 6  show s h o w th e empirica l  chang e i s don e o n 

a n examp l e incorrec t  prediction .  T h o s e feature s o f  th e 

curren t  contex t  tha t  m a t c h th e contex t  o f  th e correc t 

snippe t  m o r e closel y tha n th e contex t  o f  th e incorrec t 

snippe t  ar e m a d e m o r e important .  Thos e feature s o f  th e 

curren t  contex t  tha t  m a t c h th e contex t  o f  th e incorrec t 

snippe t  m o r e closel y tha n th e contex t  o f  th e correc t  piec e 

ar e m a d e les s important . 

T h e studen t  ca n als o m a k e empirica l  adjustment s 

w h e n h e i s successful .  W h e n th e studen t  correctl y pre -

dict s th e instructor' s action ,  th e feature s o f  th e curren t 

prob le m solvin g contex t  tha t  ma tche d th e feature s i n 

th e previou s cas e ar e m a d e slightl y m o r e important .  I n 

futur e prob le m solvin g thes e empirica l  adjustment s lea d 

t o th e feature s considere d importan t  b y th e instructo r 

havin g m o r e influenc e o n th e cas e piece s retrieved . 

Related Work 
We hav e addresse d th e issu e o f  makin g cas e retrieva l 
better .  W e us e a  for m o f  apprenticeshi p t o isolat e a  fail -

ure ,  an d t o obtai n th e correc t  solutio n step .  Retrieva l 

of  othe r  previou s cais e snippet s an d compariso n o f  fea -

ture s i s use d t o focu s explanation .  Throug h explanation , 

indice s an d censor s ar e learned . 

Othe r  approache s hav e bee n suggeste d fo r  learnin g 

indice s an d censors .  H a m m o nd (1986) ,  an d Simpso n 

(1985 )  ' s  approax:he s explaine d instance s o f  thei r  ow n suc -

cessfu l  proble m solving .  Thi s require s a  significantl y 

more exper t  reasone r  becaus e th e correc t  step s mus t  b e 

generated .  H a m m o nd an d Simpso n als o emphasize d cre -

atin g indice s t o avoi d failures .  However ,  i n tryin g t o 

explai n failure s thei r  approache s ha d t o conside r  al l  fea -

tures .  Ou r  approac h limit s th e consideratio n o f  feature s 

t o a  smalle r  set .  I n addition ,  ou r  approac h avoid s hav -

in g t o matc h th e situatio n t o a n abstraction ,  a s i n Ham-

mond' s approach ,  a n expensiv e proposition .  Therefore , 

our  approac h save s explanator y effort . 

I n Barlett a an d Mark' s (1988 )  Explanation-Base d In -

dexin g approach ,  th e reasone r  attempt s t o explai n th e 

relationship s o f  feature s o f  th e cas e t o th e action s taken . 

Thos e feature s fo r  whic h a n explanatio n ca n b e forme d 

ar e mad e indice s o f  th e case .  Ou r  approac h take s mor e 

informatio n int o accoun t  i n orde r  t o limi t  explanator y 

effort .  Thu s ou r  approac h i s mor e efficient . 

Bareis s (1989)' s P R O T OS create d bot h censor s tha t 

specifie d whe n a  cas e wei s no t  appropriate ,  an d 'differ -

ence links '  whic h specifie d th e conditio n i n whic h on e 

solutio n shoul d b e avoide d an d anothe r  used .  Bu t  th e 

instructo r  di d al l  th e distinguishin g o f  whic h feature s 

shoul d b e considere d i n explainin g th e failure .  PRO-

T OS doesn' t  includ e th e initia l  consideratio n o f  a n extr a 

cas e tha t  ou r  approac h does .  S o ou r  approac h offer s th e 

benefi t  o f  increase d efficienc y o f  learnin g throug h initia l 

similarity-base d compariso n t o othe r  cases . 

At  a  hig h level ,  ou r  approac h share s similarit y wit h 

Lebowit z (1986)' s suggestio n t o us e similarit y base d 

measure s t o focu s explanation .  However ,  w e hav e ap -

plie d a n instantiatio n o f  tha t  genera l  ide a t o learnin g 

indice s an d censors . 

Empirica l  adjustmen t  o f  featur e importanc e wa s als o 

suggeste d b y Ah a (1989 )  an d Salzber g (1988 )  i n th e con -

tex t  o f  purel y empirica l  instance-base d learning .  Th e 

contributio n her e i s it s us e i n conjunctio n wit h analyti -

cal  approaches ,  a s a  fallbac k strateg y whe n th e reasone r 

doesn' t  posses s th e knowledg e necessar y t o distinguis h 

why a n actio n i s appropriat e o r  inappropriate . 

Evaluation 

Throug h th e proces s o f  observin g a n expert ,  a  reaisone r 

can significantl y improv e it s abilit y  t o predic t  th e ex -

pert' s  actions ,  an d thu s it s abilit y  t o diagnose .  Th e 

improvemen t  come s throug h acquisitio n o f  ne w cases , 

learnin g indice s an d censors ,  an d throug h adjustin g fea -

tur e salience .  Ou r  system ,  CELIA ,  whic h i s base d o n 

th e model ,  ha s bee n evaluate d throug h presentatio n o f 

a sequenc e o f  2 4 example s o f  exper t  proble m solving . 

Twent y rando m order s o f  th e example s wer e presented . 

The performanc e measur e wa s th e averag e accurac y o f 

th e system' s prediction s o f  th e expert' s  actions .  Th e 

improvemen t  ove r  th e cours e o f  exposur e t o example s i s 

seen i n th e dat a presente d i n Figur e 7 . 

An ablatio n stud y showe d tha t  th e b y th e en d o f 

th e exampl e sequences ,  th e effec t  o f  th e learnin g meth -

ods i s startin g t o b e seen .  W e lesione d th e function s 

whic h lear n indice s an d censors ,  an d whic h adjus t  fea -

tur e saliency .  B y th e las t  6  example s i n th e sequences , 

th e averag e performanc e advantag e fo r  includin g thes e 

approache s wa s tw o percent .  Thi s differenc e i s no t  tha t 

large ,  bu t  fo r  som e problem s th e advantag e wa s a s hig h 

as 1 0 percent . 

We expec t  tha t  th e effect s wil l  b e large r  wit h greate r 

experience .  T o thi s experienc e level ,  no t  tha t  man y in -

dice s ar e learned .  ̂  Man y o f  thes e ar e learne d lat e i n th e 

sequences ,  leavin g littl e tim e fo r  the m t o b e useful .  Th e 

syste m doesn' t  hav e a  stron g domai n model ,  s o i n man y 

instance s i t  canno t  explai n th e importanc e o f  differen t 

featur e values .  Wit h greate r  experience ,  thi s proble m 

wil l  graduall y becom e les s o f  a  factor .  I n addition . 

'A n averag e o f  1. 2 ar e learne d pe r  observe d example .  A n 
averag e exampl e ha s 3 7 steps ,  whic h becom e 3 7 snippets . 
The rang e i s fro m 1 8 step s t o 7 9 steps . 
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Figur e 7 :  CELIA :  Averag e result s o f  exposur e t o 
sequenc e o f  examples .  Averag e accurac y fo r  reasone r 
predictin g observec i  exper t  proble m solvin g actions . 

the student will have opportunities to use the indices 

and censor s learne d lat e i n th e tes t  period. ^ 

The approac h ha s severa l  advantage s ove r  previou s 

approaches .  Th e us e o f  instructio n throug h worke d ou t 

examples ,  i n conjunctio n wit h th e studen t  makin g pre -

dictions ,  shorten s th e feedbac k cycle ,  makin g learnin g 

more likel y an d mor e efficient .  Th e retrieva l  an d com -

pariso n o f  a n additiona l  cas e help s limi t  effort s a t  expla -

nation .  Third ,  th e us e o f  empirica l  adjustmen t  o f  featur e 

importanc e allow s th e studen t  t o becom e bette r  a t  re -

trievin g appropriat e cas e piece s eve n whe n h e i s unabl e 

t o explai n failures . 

Conclusions 

I n orde r  fo r  a  case-base d reasone r  t o improv e it s perfor -

mance,  i t  mus t  acquir e mor e case s an d improv e it s cas e 

retrieva l  s o tha t  th e righ t  case s ar e retrieve d a t  th e th e 

righ t  times .  W h e n th e reasone r  use s par t  o f  a  previou s 

cas e t o sugges t  a n incorrec t  action ,  tha t  cas e snippe t 

need s t o b e m a r k e d a s t o w h a t  m a k e s i t  no t  relevan t  i n 

th e curren t  situation .  I f  a  par t  o f  a  cas e woul d hav e sug -
geste d th e correc t  action ,  tha t  cas e snippe t  shoul d b e 

marke d wit h th e feature s o f  th e curren t  situatio n tha t 

m a ke i t  relevant .  T h e studen t  m u s t  tr y t o for m a n ex -

planatio n base d o n th e incomplet e knowledg e tha t  h e 
has . 

O ur  approac h t o learnin g indice s an d censor s offer s th e 

benefi t  o f  increase d efficienc y o f  learnin g throug h initia l 

similarit y base d compariso n t o othe r  case s an d throug h 

immediat e direc t  feedbac k availabl e throug h observatio n 
of  exper t  proble m solving .  O u r  cas e representatio n fa -

cilitate s th e learnin g process .  E a c h snippe t  contain s th e 

pursui t  o f  on e primitiv e goa l  an d th e contex t  i n whic h 
i t  occurred .  Thi s enable s th e necessar y comparison s be -

twee n correc t  an d incorrec t  contexts .  T h e genera l  ap -

proac h allow s th e studen t  t o obtai n th e correc t  actio n fo r 

th e curren t  situatio n fro m th e instructor ,  an d attempt s 

I t  shoul d b e note d tha t  som e order s o f  presentatio n o f 
example s wil l  facilitat e inde x learning .  Thi s ablatio n stud y 
di d no t  tak e tha t  int o account .  I f  exampl e orde r  ca n b e 
controlle d the n learnin g ca n hav e a  greate r  effect . 

t o distinguis h w h e n th e correc t  an d predicte d action s ar e 

appropriat e o r  not . 

Learnin g indices ,  learnin g censors ,  a n d adjustin g fea -

tur e salienc e resul t  i n improvin g cas e retrieval .  Al l  thre e 

of these types of learning fit neatly within our general ap-

proach of learning by observing expert problem solving. 

Much of the power of CBR comes from retrieving useful 

cases ,  s o thi s learnin g improve s th e case-base d reasoner . 

Indice s hel p th e reasone r  retriev e cas e snippet s w h e n 

the y woul d b e particularl y relevant .  Censor s hel p th e 

reasone r  avoi d bein g misguide d b y a  snippe t  whic h m a y 

see m t o b e relevan t  bu t  isn't .  Improve d knowledg e o f 

featur e salienc e wil l  lea d t o les s consideratio n o f  superfi -

cial and spurious features during similarity measurement 

prio r  t o us e o f  indice s an d censors . 
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