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Abstrac t 
Retrievin g previou s simila r  case s fro m a  memor y o f  case s 
i s centra l  t o case-base d reasonin g systems .  I n mos t 
systems ,  thi s retrieva l  i s  don e b y a  detaile d indexin g 
mechanism .  Thagar d an d Holyoa k argu e tha t  indexin g i s 
th e wron g wa y t o retriev e analogues .  The y propos e a 
retrieva l  mode l  (ARCS )  base d o n a  competin g constraint -
satisfactio n approach .  I n thi s paper ,  a n explanation-base d 
retrieva l  metho d (EBR )  fo r  retrievin g analogue s fro m a 
case-bas e wit h case s store d wit h respec t  t o a n interpretat -
io n o f  thes e case s a s analyze d b y a  cognitiv e diagnosti c 
componen t  i s  described .  Th e syste m i s  designe d t o th e 
domai n o f  proble m solvin g i n LISP .  I n a  simulatio n study , 
i t  ca n b e show n tha t  th e EBR-metho d perform s equall y wel l 
or  eve n bette r  tha n th e ARCS-method . 

Analogical Retrieval and Indexing 

Bot h case-base d reasonin g ( C B R )  an d finding  analogie s 
ar e concerne d wit h retrievin g previou s case s an d proble m 
solutions .  I n CBR-systems ,  case s ar e usuall y retrieve d b y 
elaborate d indexin g mechanisms .  Thagar d &  Holyoa k 
(1989 )  argu e i n thei r  contributio n t o th e 198 9 Case-Base d 
Reasonin g Worksho p tha t  indexin g i s th e wron g wa y t o 
retriev e analogues .  The y mak e thei r  point s o n tw o differen t 
level s o f  argumentation .  O n a  mor e genera l  level ,  the y 
clai m 
•  tha t  C B R whe n viewe d a s a  cognitiv e mode l  i s  base d 

onl y o n anecdotes , 
•  tha t  C B R generall y i s concerne d wit h analogie s withi n a 

singl e domai n only ,  an d 
•  tha t  thei r  o w n mode l  fo r  analogica l  reasonin g i s a 

componen t  o f  a  mor e genera l  cognitiv e architecture . 
On a  mor e detaile d leve l  the y clai m abou t  indexing , 
•  tha t  i t  i s  excessivel y seria l  instea d o f  simultaneousl y 

probin g int o memory , 
•  tha t  th e retrieva l  proces s i s no t  competitive , 
•  tha t  indexin g overemphasize s pragmati c feature s suc h a s 

goal s an d predictio n failures ,  wherea s semanti c feature s 
and structura l  similaritie s ar e underemphasized ,  an d 

•  tha t  indexin g require s t o muc h pre-processing . 
I n thi s paper ,  i t  wil l  b e show n h o w a  CBR-syste m ca n 

be buil t  i n a  w a y tha t  mos t  o f  thes e argument s ca n b e 
rejected .  Suc h a  syste m retrieve s analogue s a s goo d a s th e 
ARCS-progra m (Thagar d e t  al .  1990 )  does ,  o r  eve n better . 

As Thagar d e t  al .  (1990 )  poin t  out ,  five  aspect s centra l  t o 
analogu e retrieva l  i n h u m a n m e m o r y ar e implemente d i n 
thei r  ARCS-program .  Thes e ar e th e constraint s o f  (1 ) 
semanti c similarity ,  (2 )  structura l  consistency ,  an d (3 ) 

pragmati c centrality .  Additionally ,  (4 )  a  paralle l  algorith m 
has t o b e use d fo r  determinin g store d analogue s fitting  bes t 
thes e thre e constraint s an d (5 )  ther e mus t  b e a  competitio n 
betwee n potentia l  candidate s fo r  sourc e analogues . 

I n analogica l  rcu-icva l  (compare d t o mappin g analogues ) 
finding  semanti c similaritie s betwee n element s an d relation s 
i n th e targe t  analogu e an d i n th e sourc e analogue s i n 
m e m o ry i s essentia l  (Holyoa k &  K o h 1987 ;  Holyoa k & 
Thagar d 1990) .  But ,  suuctura l  an d pragmati c constraint s 
als o contribut e t o th e retrieva l  process .  Fo r  mos t  analogu e 
retrieva l  models ,  i t  i s a  proble m t o conside r  al l  constraint s 
simultaneousl y lik e i t  i s  don e i n A R C S . 

I n case-base d reasonin g systems ,  th e retrieva l  o f  simila r 
case s depend s o n indexe s use d t o prob e th e cas e base .  Thes e 
indexe s consis t  o f  relevan t  feature s o f  th e inpu t  proble m 
determine d i n a  first  analysi s phas e (Riesbeck  &  Schan k 
1989) .  Fo r  CBR-systems ,  i t  i s  critica l  h o w indexe s ca n b e 
found ,  h o w specifi c  the y ar e t o identif y th e mos t  simila r 
cases ,  an d h o w c o m m o n the y are ,  s o tha t  the y appl y t o a 
wid e rang e o f  possibl e cases . 

T o addres s thes e problem s o f  indexin g i n CBR-system s 
we hav e buil t  a n "Episodi c Learne r  Model '  ( E L M ) ,  a  case -
base d learnin g mode l  i n th e domai n o f  learnin g LISP .  I n 
thi s model ,  previou s case s ar e store d suc h tha t  informatio n 
fro m store d case s ca n b e use d t o analyz e n e w cases .  Thes e 
interprete d inpu t  problem s ca n b e use d directl y t o acces s 
simila r  previou s cases .  Th e ELM-mode l  i s use d a s a  studen t 
model  i n a n intelligen t  tutorin g syste m fo r  th e programm -
in g languag e LIS P (Webe r  1988) .  O n e o f  th e intelligen t 
feature s t o suppor t  tutorin g i s a n analogica l  component . 
Thi s componen t  searche s fo r  simila r  case s t o a  give n 
situatio n t o giv e th e tutoria l  componen t  th e opportunit y t o 
explai n t o th e studen t  hi s o r  he r  bug s an d misconception s 
relate d t o previou s error s an d t o solution s fo r  thes e errors . 
O ne o f  th e centra l  task s o f  thi s componen t  i s t o retriev e 
analogou s cases .  A s th e ELM-LlSP-Tuto r  i s  a n on-lin e 
system ,  th e retrieva l  proces s ha s t o b e fas t  enoug h t o 
respon d t o th e studen t  withi n acceptabl e time .  So ,  retriev -
in g a  candidat e fo r  a n analogu e wit h a n acceptabl e effor t  i n 
memory spac e an d tim e i s on e furthe r  constrain t  fo r  th e 
retrieva l  process . 

I n th e nex t  section ,  th e ELM-mode l  i s describe d t o sho w 
h o w case s (LlSP-program s student s hav e complete d t o 
solv e programmin g problems )  ar e interprete d an d stored .  I n 
th e followin g section ,  th e algorith m o f  th e explanation -
base d retrieva l  metho d ( E B R )  i s  described .  Finally ,  thi s 
metho d i s compare d t o th e ARCS-mode l  b y a  simulatio n 
study . 
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E L M:  A  Case-Base d Learnin g Mode l 

The EL M studen t  mode l  i s a  typ e o f  use r  mode l  containin g 
knowledg e abou t  th e use r  (student )  i n term s o f  a  collectio n 
of  episodes .  I n th e sens e o f  'case-base d learning' ,  suc h 
episode s ca n b e viewe d a s cases .  T o construc t  th e studen t 
model ,  th e student' s cod e i s analyze d relate d t o th e domai n 
knowledg e o n th e on e sid e an d t o a  tas k descriptio n o n th e 
othe r  side .  Tlii s  cognitiv e diagnosi s result s i n a  derivatio n 
tre e o f  concept s an d rule s th e studen t  migh t  hav e use d t o 
solv e th e problem .  Thes e concept s an d rule s ar e instantiat -
ion s o f  unit s fro m th e knowledg e base .  Th e episodi c studen t 
model  i s mad e u p b y thes e instantiation s an d late r  general -
izatio n base d thereupon .  T o understan d thi s for m o f  episodi c 
studen t  model ,  a  shor t  descriptio n o f  th e knowledg e 
representatio n an d th e diagnosti c proces s wil l  b e given . 

Student s hav e t o progra m functio n definition s i n a 
structure d LISP-edito r  (KOhn e &  Webe r  1987) .  So ,  th e 
functio n cod e i s a t  leas t  syntacticall y correct .  A  serie s o f  a 
student' s attempt s t o solv e a  programmin g proble m fro m 
th e exercise s i s show n i n Tab .  1 .  Th e "cognitiv e analysis " 
of  th e progra m cod e work s lik e a n explanation-base d 
generalizatio n ( E B G )  metho d (Mitchell ,  Keller ,  &  Kedar -
Cabell i  1986 ;  DeJon g &  Moone y 1986) .  I t  start s wit h a 
tas k descriptio n relate d t o highe r  concepts ,  plans ,  an d 
schemat a i n th e knowledg e base .  Fo r  ever y concept ,  a  se t  o f 
rule s i s state d describin g differen t  way s t o solv e th e goa l 
give n b y th e pla n o f  th e concept .  Thes e rule s ar e compar -
abl e t o tfie  notatio n o f  implementatio n method s fo r  goal s i n 
P R O U ST (Johnso n 1986) .  Ther e ar e "good" ,  "suboptimal" , 
and "buggy "  rule s explainin g correct ,  correc t  bu t  sub -
optimal ,  an d incorrec t  solution s o f  th e curren t  goa l  o r 
subgoal .  Th e se t  o f  bugg y rule s i s comparabl e t o a n erro r 
librar y i n othe r  ITS s (e.g .  i n Anderson' s LISP-tuto r 
(Anderso n &  Reise r  1985)) .  Applyin g a  rul e result s i n 
comparin g th e curren t  pla n descriptio n t o th e correspondin g 
par t  o f  th e student' s code .  I n th e pla n description ,  furthe r 
concept s m a y b e addressed .  Th e cognitiv e diagnosi s i s calle d 
recursivel y unti l  a  functio n name ,  a  parameter ,  o r  a  constan t 
i s matched . 

Th e cognitiv e diagnosi s result s i n a  derivatio n tre e 
(Weber  1989 )  buil t  fro m al l  concept s an d rule s identifie d t o 
explai n th e student' s solutio n (Tab .  2) .  Thi s derivatio n tre e 
i s a n explanatio n structur e i n th e sens e o f  E B G an d i s th e 
basi s t o buil d u p th e episodi c learne r  model .  Concept s an d 
rule s addresse d i n th e derivatio n tre e ar e th e basi s t o creat e 
episodi c frames.  Thes e frames  ar e integrate d int o th e knowl -
edg e bas e a s instance s o f  thei r  concept s an d rules .  Slot s i n 
thes e instance s refe r  t o th e contex t  wher e the y wer e use d 
(especiall y th e curren t  task) ,  t o th e typ e o f  transformation s 
of  concepts ,  t o th e observe d rules ,  an d t o th e argumen t 
bindings .  Th e se t  o f  thes e instance s (an d furthe r  general -
izations )  constitute s th e episodi c studen t  model . 

I n th e nex t  step ,  episodi c frame s ar e generalized .  Thes e 
generalization s represen t  th e clas s o f  type s o f  plan s an d 
correspondin g dat a whic h wil l  b e use d i n furthe r  cognitiv e 
analyse s t o interpre t  th e student' s code .  GeneraUzation s refe r 
t o structura l  an d semanti c similaritie s o f  observe d dat a fo r 
relate d concept s an d rules .  So ,  thi s  i s a  for m o f  similarity -

Prob lem : 
"Defin e a  functio n tha t  return s th e thir d elemen t  o f  a  list. " 

Solution 1: 
(DEFUN THIRD-E L (EXPR ) 

(REST (RES T (FIRS T EXPR))) ) 

Solution 2: 
(DEFUN THIRD-E L (EXPR ) 

(SECOND (FIRS T (RES T EXPR))) ) 

Solution 3: 
(DEFUN THIRD-E L (EXPR ) 

(SECOND (RES T EXPR)) ) 

Tabl e 1 :  A  serie s o f  subsequen t  attempt s t o solv e a 
programmin g proble m fro m th e exercise s use d i n ou r  LISP -
course . 

CmiRD-ELEM 
Third-Elem-With-Second-Rul e 
(SECOND-ELEM-CALL 

Unary-Func-Rul e 
(SECOND-ELEM-OPERATOR 

Correct-Coding-Rule ) 
(REDUCE-UST 

Unary-Func-Rul e 
(REDUCE-UST-OPERATOR 

Correct-Coding-Rule ) 
(PARAMETER 

Correct-Pa r  am-Rule))) ) 

Tabl e 2 :  Explanatio n structur e fo r  th e bod y o f  th e 
functio n definitio n o f  solutio n 3  i n Tabl e 1 . 

based generalization within the framework of an EBG-
method .  I f  a n episodi c fram e i s th e first  instanc e unde r  a 
concep t  o f  th e knowledg e base ,  thi s singl e cas e i s general -
ize d fro m structura l  an d semanti c aspect s i n th e dat a s o tha t 
thi s generalizatio n wil l  explai n furthe r  matchin g data .  I n 
Fig .  1 ,  a  hierarch y o f  episodi c instance s an d generalization s 
unde r  th e concep t  " T H I R D - E L E M "  i s  shown .  Th e first 
generalizatio n fram e T H I R D - E L E M . G E N - 1 wa s obtaine d 
by a  single-cas e generalizatio n afte r  diagnosin g Solutio n 1 
fro m Tabl e 1 .  Th e fram e T H I R D - E L E M . G E N - 2 wa s 
generalize d afte r  th e student' s secon d attemp t  t o solv e th e 
proble m wit h a  differen t  plan .  Th e thir d generalizatio n 
fram e T H I R D - E L E M . G E N - 3 resemble s th e communalitie s 
of  th e secon d an d thir d attemp t  t o solv e th e problem .  I n 
Tab .  3  th e generalize d structure s fo r  D A T U M - s l o t  an d fo r 
th e P L A N - R U L E - S E Q U E N C E - s l o t  ar e shown . 

Wit h increasin g knowledg e abou t  a  particula r  student , 
hierarchie s o f  generalization s an d instance s ar e buil t  unde r 
th e concept s an d rule s o f  th e knowledg e base .  The y 
constitut e th e episodi c studen t  model .  Thi s generalizatio n 
mechanis m i s comparabl e t o th e single-cas e generalizatio n 
i n th e "explanation-base d learning "  approac h (Mitchel l  e t  al . 
1986) .  On e singl e even t  (o r  case )  i s interprete d considerin g 
th e knowledg e bas e an d th e studen t  mode l  an d th e resul t  o f 
thi s interpretatio n i s integrate d int o th e studen t  model . 
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THIRD-ELE M THIRD-ELEM.GEN- 2 

< 

THIRD-ELEM.GEN- 1 

THIRD-ELEM.GEN-3 
< 

THIRD-ELEM.F.9- 1 

THIRD-ELEM.F.9-2 

THIRD-ELEM.G.9-3 

Figur e 1 :  Hierarch y o f  episodi c instance s an d generalization s unde r  th e concep t  T H I R D -
E L E M fo r  th e thre e solution s i n Tabl e 1 . 

7 D A T UM 
(SECOND (<SELECrOR-OPERATOR> 7ARG-273) ) 

7PLAN-RULE-SEQUENCE 
(THIRD-ELE M Third-Elem-With-Second-Rul e ISEQ-273 ) 

Tabl e 3 :  Par t  o f  th e slot s o f  th e generalizatio n fram e 
T H I R D - E L E M . G E N - 3 fro m Fig .  1 . 

This EBL-method implies that not only pragmatic 
aspect s ar e store d i n th e cas e memor y (a s i n mos t  othe r 
case-base d reasonin g systems) .  Th e hierarch y o f  store d 
solution s fo r  differen t  subproblem s resemble s th e structur e 
of  th e solution .  Store d an d generalize d dat a structure s 
emphasiz e semanti c similaritie s an d ma y als o b e considere d 
t o observ e superficia l  aspect s o f  similarity . 

I n th e contex t  o f  th e E L M - m o d e l  i n th e ELM-L ISP -
tutor ,  tw o typica l  situation s emerg e wher e analogou s case s 
ar e retrieved .  O n th e on e side ,  analogue s ar e neede d b y th e 
tutoria l  componen t  t o offe r  th e studen t  reminding s an d 
analogie s t o example s i n th e material s whe n a n erro r  o r  a 
suboptima l  solutio n i s detecte d b y th e diagnosti c 
componen t  i n th e student' s progra m code .  Suc h reminding s 
ca n b e use d t o explai n t o th e studen t  h o w th e erro r  i s 
simila r  t o a  previou s erro r  an d h o w th e proble m ca n b e 
solved ,  o r  h o w th e incorrec t  par t  o f  th e cod e resulte d fro m 
superficia l  similaritie s t o previou s solution s whic h wer e 
incorrectl y mappe d t o th e curren t  problem .  O n th e othe r 
side ,  i f  th e studen t  ask s fo r  hel p whil e developin g th e cod e 
fo r  th e curren t  proble m th e tutoria l  syste m shoul d b e abl e 
t o offe r  th e studen t  analogie s t o simila r  previou s problem s 
or  examples .  Here ,  th e analogica l  componen t  ha s t o loo k 
fo r  analogie s fo r  th e solutio n o f  th e nex t  subproble m t o b e 
solve d i n th e contex t  o f  subgoal s solve d u p t o tha t  point . 

I n bot h cases ,  existin g progra m cod e i s th e basi s t o 
retriev e analogou s case s fro m th e case-base .  I n th e nex t 
section ,  i t  i s  explaine d h o w a n explanation-base d retrieva l 
metho d (EBR )  i s suite d t o find  andogue s i n a  case-memor y 
of  a  case-base d learnin g system . 

The Explanation-Based Retrieval Method 

On th e basi s o f  th e explanatio n structur e store d int o 
distribute d frames  fo r  th e step s o f  th e solutio n path ,  i t  i s 
eas y t o retriev e analogica l  proble m solution s fo r  th e curren t 
problem .  Ther e ar e tw o differen t  situation s wher e a n 
analogu e m a y b e retrieved . 

Simila r  solutio n situation .  I n thi s situation ,  th e retrieva l 
componen t  i s  give n a  solutio n o f  a  know n proble m an d ha s 
t o loo k i n th e cas e memor y fo r  th e bes t  analogue s t o th e 
give n solution .  Thes e analogue s ma y hel p t o interpre t  h o w 

th e perso n solve d th e proble m i n th e give n wa y o r  wh y a n 
observe d erro r  ma y hav e happened . 

Simila r  proble m situation .  I n thi s situation ,  th e retrieva l 
componen t  i s give n a  proble m an d possibly ,  a  partia l 
solution .  B y it s knowledg e abou t  th e problem ,  a  solutio n 
ca n b e generate d considerin g th e cas e m e m o r y an d th e 
partia l  solution .  O n th e basi s o f  th e concept s an d rule s use d 
t o generat e thi s solution ,  th e cas e memor y ca n b e probe d 
fo r  case s mos t  simila r  t o thi s solutio n an d analogue s ca n b e 
foun d fo r  missin g part s o f  th e partia l  solution .  A s differen t 
subproblem s hav e t o b e solve d an d gathere d fo r  th e final 
solutio n ther e m a y b e severa l  differen t  analogue s whic h 
may matc h bes t  th e subproblems .  Thi s i s a  by-produc t  o f 
th e distribute d storag e o f  problem s i n term s o f  solution s 
fo r  th e differen t  subproblems .  So ,  analogie s t o th e sub -
problem s ma y b e detecte d i n differen t  previou s case s which , 
therefore ,  ma y b e retrieve d a s analogues . 

Bot h situation s diffe r  wit h respec t  t o th e questio n 
whethe r  th e proble m i s alread y solve d o r  not .  I n th e first 
case ,  th e alread y existin g solutio n i s use d fo r  analogy ,  i n 
th e latte r  case ,  a  solutio n generate d automaticall y i s  use d fo r 
an interpretatio n an d fo r  retrievin g analogue s afterwards . 

The algorith m o f  th e EBR-metho d work s i n five  step s a s 

follows : 
Ste p 1 :  Diagnos e th e solutio n o f  a  proble m whic h i s 

eithe r  submitte d b y th e proble m solve r  o r  generate d 
automaticall y b y th e system .  Thi s wil l  resul t  i n a n 
explanatio n structur e o f  al l  concept s an d rule s whic h ma y 
be use d t o solv e th e problem . 

Ste p 2 :  Stor e al l  element s o f  th e explanatio n structur e 
int o episodi c frame s o f  th e cas e memor y an d generaliz e i f 
possible .  I f  th e solutio n wa s generate d automaticall y b y th e 
system ,  stor e episodi c frame s an d generalization s onl y 
temporarily . 

Ste p 3 :  Sca n al l  episodi c frame s o f  th e n e w (target ) 
episod e an d loo k fo r  simila r  episodi c frames  i n previou s 
episodes .  Al l  thos e episodi c frame s subsume d unde r  th e 
same direc t  generalizatio n fram e ar e give n th e highes t 
similarit y weight .  Fo r  othe r  simila r  episodi c frame s 
subsume d unde r  highe r  level s o f  abstractio n o r  indexe d b y 
relate d rule s assig n lowe r  similarit y weights ,  accordingly . 

Ste p 4 :  Fo r  eac h episod e considere d i n Ste p 3 ,  su m th e 
similarit y weight s o f  th e simila r  frame s assigne d i n Ste p 3 . 
For  eac h episodi c fram e o f  th e sourc e episod e onl y on e 
simila r  frame  o f  a  previou s episod e ma y b e considered . 

Ste p 5 :  Sor t  th e considere d targe t  episode s b y thei r 
summed weight s o f  episodi c frame s simila r  t o th e sourc e 
episod e compute d i n Ste p 4 . 

I n th e first  place ,  thi s algorith m pay s attentio n t o 
semanti c similaritie s o f  concepts ,  plans ,  an d rule s identifie d 
by th e analysi s o f  th e progra m code .  But ,  a s structura l 
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.  similaritie s pla y a n importan t  rol e i n th e generalizatio n o f 
episodi c frames ,  structura l  consistencie s ar c considered ,  too . 
Pragmati c aspect s ar e no t  considere d directl y i n th e curren t 
versio n o f  th e EBR-algorithm .  But ,  i t  woul d b e eas y t o 
giv e specia l  pragmati c weight s t o observe d bugg y rule s an d 
t o poorl y solve d concept s s o tha t  correspondin g episodi c 
frame s fro m previou s case s ca n dominat e th e retrieva l  o f 
thes e episodes .  So ,  tutoria l  goal s coul d giv e pragmati c 
constraint s t o th e retrieva l  process .  A n algorith m t o retriev e 
analogue s fo r  specia l  subgoal s i s stil l  unde r  developmen t 

Usin g a n explanatio n structur e i n th e EBR-metho d t o 
retriev e analogue s case s i s comparabl e t o th e constructio n 
of  a  hypothesi s tre e i n th e explanation-base d indexin g (EBI ) 
approac h (Barlett a &  Mar k 1988) .  But ,  th e EBR-metho d 
differ s fro m th e EBI-metho d i n th e distribute d representatio n 
of  episodi c instance s o f  concept s an d rules . 

A Simulation Study Comparing the EBR-
Metho d wit h th e ARCS-Mode l 

The ARCS-model  (Thagar d e t  al .  1990 )  i s suppose d t o b e a 
genera l  mode l  fo r  analogu e retrieval .  A s th e algorith m o f 
thi s retrieva l  metho d i s  full y  describe d i n Thagar d e t  al . 
(1990 )  an d eas y t o compute ,  i t  ca n directl y b e compare d t o 
othe r  method s i n a  simulatio n study .  O n e o f  th e basi c 
assumption s o f  th e ARCS-mode l  i s t o represen t  th e targe t 
and th e potentia l  sourc e candidate s i n term s o f  th e predicat e 
calculus .  Therefore ,  i t  i s  critica l  fo r  thi s metho d h o w th e 
descriptio n o f  a  proble m i s decompose d int o predicates . 

For  retrievin g analogue s o f  LISP-program s fro m a  case -
librar y o f  store d LISP-programs ,  th e decompositio n int o 
predicate s ca n b e compute d b y a n explici t  algorithm .  A s 
LISP-program s ar e compose d o f  hierarchicall y neste d funct -
io n calls ,  the y ca n b e decompose d int o predicate s a s show n 
i n Holyoa k &  Thagar d (1989) .  Functio n call s ar e represent -
ed a s predicate s wit h n+ I  argument s wher e n  argument s 
stan d fo r  th e argument s o f  th e functio n an d th e additiona l 
argumen t  fo r  th e resul t  o f  th e functio n call .  Onl y specia l 
form s (e.g .  schemat a fo r  definin g function s wit h "defun " 
(specia l  decompositio n fo r  variabl e lis t  an d functio n body ) 
or  schemat a fo r  cas e decision s wit h "cond" )  ar e handle d 
specificall y t o reflec t  thei r  semantics .  A n exampl e fo r  a 
decompositio n o f  a  simpl e functio n definitio n int o a  se t  o f 
predicate s fo r  th e ARCS-metho d i s show n i n Tab .  4A . 

Identifyin g semanti c similaritie s i s th e secon d critica l 
poin t  fo r  th e ARCS-method .  A s mentione d i n severa l 
studie s (e.g .  Holyoa k &  K o h 1987 ;  Ratterma n &  Centne r 
1987 ;  Ros s 1987 )  semanti c similaritie s ar e mos t  importan t 
fo r  retrievin g analogues .  I n thei r  ARCS-model ,  Thagar d e t 
al .  (1990 )  us e WordNe t  (Miller ,  Fellbaum ,  Kegl ,  &  Mille r 
1988 )  t o identif y differen t  kind s o f  semanti c relation s (e.g . 
synonyms ,  superordinates ,  coordinates ,  subordinates ,  holon -
yms,  antonyms ,  etc. )  an d assig n t o the m differen t  weight s 
determinin g thei r  influenc e o n th e retrieva l  process . 

Sinc e analog s o f  LISP-program s ar e retrieved ,  th e cas e o f 
within-domai n analogie s i s given .  Therefore ,  mos t  semanti c 
similaritie s ste m fro m th e identit y o f  functio n names . 
Furthe r  degree s o f  semanti c relation s ca n b e obtaine d fro m 
hierarchicall y clusterin g function s b y thei r  meaning . 

A )  Decompositio n o f  cod e int o propositions : 

(DEFUN (THIRD-EL Varlist-931 fonn-933) P-937) 
(VARLIS T (EXP R Varlist-931 )  P-932 ) 
(SECOND (aig-93 4 fonn-933 )  P-936 ) 
(REST (EXP R arg-934 )  P-935 ) 

B )  Decompositio n o f  diagnose d cod e int o 
proposit ions : 

(DEFINE-PROCEDURE 
(Proc-Def-Rul e arg-938 )  P-948 ) 

(BODY-FORMS 
(Rule-For-Bod y arg-93 9 arg-938 )  P-947 ) 

(THIRD-ELE M 
(Third-Elem-With-Second-Rul e arg-94 0 arg-939 )  P-946 ) 

(SECOND-ELEM-CALL 
(Unary-Func-Rul e arg-94 1 arg-940 )  P-945 ) 

(REDUCE-UST 
(Unary-Func-Rul e arg-94 2 arg-941 )  P-944 ) 

(PARAMETER 
(Conect-Param-Rul e aTg-942 )  P-943 ) 

Tabl e 4 :  A n exampl e fo r  a  decompositio n int o 
proposition s fo r  A )  LISP-cod e an d B )  th e resul t  o f  th e 
explanation-base d diagnosi s fo r  Solutio n 3  fro m Tab .  1 . 

For example, all predicates or all arithmetic functions are 
groupe d int o cluster s o f  lowe r  similarity ,  typ e predicates , 
arithmeti c function s fo r  performin g addition ,  tyj)e s o f  case -
decisions ,  an d s o on ,  withi n thes e cluster s ar e buildin g 
smalle r  cluster s wit h med iu m similarity ,  an d synonym s 
(e.g .  ca r  an d first )  ar e linke d o n a  hig h leve l  o f  similarity . 

One ca n argu e tha t  ther e i s m u c h preprocessin g i n th e 
EBR-metho d diagnosin g th e LISP-cod e b y th e E L M - m o d e l 
t o ge t  th e explanatio n structure .  Also ,  th e explanatio n 
structur e m a y contai n mor e informatio n s o tha t  th e E B R -
metho d i s abl e t o retriev e bette r  analogue s tha n th e A R C S -
metho d base d onl y o n th e pur e LISP-code .  A s th e 
explanatio n structur e consist s o f  a  hierarch y o f  neste d 
concept s an d rules ,  thi s neste d lis t  ca n b e decompose d int o 
propositions ,  too .  Differen t  weight s o f  similarit y fo r 
concept s an d rule s wer e obtaine d fro m th e hierarch y o f 
concept s an d rule s i n th e knowledg e base .  A  decompositio n 
of  diagnose d cod e int o proposition s i s show n i n Tab .  4B . 

Our  implementatio n o f  th e ARCS-metho d wa s ru n wit h 
th e sam e value s fo r  parameter s a s describe d i n Holyoa k & 
Thagar d (1989 )  an d Thagar d e t  al .  (1990 )  wit h decomposin g 
LISP-program s an d assignin g weight s fo r  semanti c 
similaritie s a s describe d above . 

Dat a fo r  th e simulatio n stud y wer e gathere d fro m inter -
actio n protocol s o f  1 3 student s computin g functio n definit -
ion s fo r  exercise s o f  a n introductor y LISP-course .  Al l 
functio n definition s wer e programme d i n a  structure d LISP -
edito r  (Kohn e &  W e b e r  1987) ,  s o the y wer e a t  leas t 
syntacticall y correct .  Th e rang e o f  programmin g problem s 
comprise d 5  lesson s beginnin g wit h th e firs t  exercise s 
definin g LISP-function s t o programmin g recursiv e 
functions .  I n thes e five  lessons ,  3 5 differen t  problem s coul d 
be solve d b y th e students .  Al l  student' s attempt s t o evaluat e 
a complet e functio n definitio n wer e considere d a s candidate s 
fo r  target s o f  analogies . 
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For  eac h student ,  th e sequenc e o f  solution s fo r  differen t 
task s withi n eac h lesso n wa s matche d ste p b y ste p agains t 
al l  previou s solution s withi n th e sam e lesso n an d agains t 
th e example s fro m th e material s fo r  thes e lessons .  Retriev -
in g analogue s wa s restricte d t o analogie s withi n on e lesso n 
fo r  tw o reasons .  First ,  example s an d solution s withi n a 
lesso n ar e ihematicall y mor e simila r  tha n thos e betwee n 
lessons .  I n simulation s considerin g dat a fro m al l  lessons , 
onl y ver y fe w analogie s wer e foun d betwee n lessons . 

Second ,  th e computationa l  effor t  t o retriev e analogue s b y 
th e ARCS-metho d fro m a  basi s o f  mor e tha n 1 0 possibl e 
candidate s increase d dramatically ,  consumin g to o muc h tim e 
and spac e o n a  seria l  computer .  Al l  i n al l  40 6 case s wer e 
observe d wher e analogu e case s coul d b e retrieved . 

Th e sam e procedur e t o retriev e analogue s fo r  observe d 
proble m solution s ste p b y ste p withi n eac h lesso n wa s 
performe d b y th e EBR-method .  T im e t o retriev e a n 
analogu e b y thi s metho d range d fro m 0.0 5 second s t o 2 
second s fo r  th e rang e o f  problem s describe d above .  Thi s i s 
mor e tha n 20 0 time s faste r  tha n th e tim e neede d t o buil d u p 
th e networ k o f  hypothese s only .  I f  w e conside r  a  min imu m 
of  7  cycle s t o retriev e th e bes t  analogue ,  th e ARCS-metho d 
take s mor e tha n 200 0 time s longe r  o n a  seria l  computer . 

Th e result s comparin g bot h method s b y th e describe d 
procedur e ar e show n i n Tab .  5 .  I n abou t  3  ou t  o f  4  cases , 
bot h method s (EB R an d A R C S )  retrieve d th e sam e analogu e 
as thei r  bes t  result .  Thi s wa s compute d b y a n algorith m 
comparin g ran k order s o f  retrieve d episodes .  A s expected , 
th e correspondenc e betwee n bot h method s i s slightl y highe r 
i f  th e ARCS-metho d i s ru n o n a  prepositiona l  decomposit -
io n o f  th e explanatio n structur e (77.3% )  compare d t o a 
decompositio n o f  th e LISP-cod e (72.7%) .  W h e n ther e wa s a 
discrepanc y betwee n th e result s o f  bot h method s tw o 
experience d LISP-programmer s rate d whic h o f  bot h method s 
retrieve d th e bes t  analogu e o r  whethe r  bot h method s failed . 

I n les s tha n 5 % o f  al l  cases ,  th e ARCS-metho d retrieve d 
th e bette r  optima l  analogue .  Wit h 4.7% ,  th e ARCS-metho d 
worke d slightl y bette r  wit h a  propositiona l  decompositio n 
of  th e LISP-cod e (compare d t o 2.7 % wit h interprete d code) . 
I n 1.7 % o f  al l  cases ,  thi s resulte d fro m error s o r  combinat -
ion s o f  error s i n th e student' s LISP-cod e whic h coul d no t 
sufficientl y b e interprete d b y th e diagnosti c componen t  o f 
th e ELM-mode l .  So .  a  retrieva l  proces s mus t  b e preferre d 
whic h i s base d particularl y o n semanti c similaritie s o f 
predicate s withou t  knowledg e abou t  intention s an d meanin g 
of  th e progra m cod e an d interpretation s o f  errors .  I n mos t 
othe r  cases ,  th e ELM-metho d faile d becaus e th e curren t 
generalizatio n mechanis m i n th e ELM-mode l  i s slightl y to o 
sensitiv e t o structura l  difference s i n th e student' s LISP-code . 

I n abou t  6 % o f  al l  cases ,  differen t  analogue s wer e 
retrieve d a s bes t  results ,  bu t  bot h analogue s coul d b e 
accepte d equall y well .  I n thes e cases ,  ther e wa s a  ver y 
simila r  (an d possibl y bugg y o r  incomplete )  previou s 
solutio n an d additionally ,  a  simila r  goo d example .  I n mos t 
cases ,  th e correc t  simila r  exampl e wa s preferre d b y th e 
EBR-metho d wherea s th e similar ,  bu t  possibl y incorrect , 
previou s solutio n wa s preferre d b y th e ARCS-method . 

diagnosi s cod e 

same 77. 3 72. 7 

differen t  bot h melhod s equall y wel l  6. 4 5. 9 

EBR belte r  11. 6 15. 0 

A R CS belte r  2. 7 4. 7 

bot h melhod s faile d 2. 0 1. 7 

Tabl e 5 :  Percentag e o f  case s showin g th e sam e o r 
differen t  bes t  retrieve d analogue s b y th e E B R -  an d th e 
ARCS-metho d fo r  a  tota l  o f  40 6 cases .  I n th e "diagnosis " 
column ,  th e ARCS-metho d wa s ru n wit h a  propositiona l 
decompositio n o f  th e explanatio n structur e fro m th e 
cognitiv e diagnosi s i n th e E L M - m o d e l ,  i n th e "code " 
column ,  th e ARCS-metho d wa s ru n wit h a  propositiona l 
decompositio n o f  th e LISP-code . 

In more than 10% of all cases, the best analogue was 

retrieve d b y th e EBR-method .  I n man y o f  thes e cases ,  thi s 
coul d b e attribute d t o tw o problem s inheren t  t o th e 
constraint-satisfactio n algorith m o f  th e ARCS-method .  I n 
at  leas t  8  case s ( 2 % ) ,  th e so-calle d "gang-effect " 
(McClellan d &  Rumelhar t  1981 )  wa s observed .  I n thes e 
cases ,  ver y simila r  o r  identica l  solution s fo r  a  simila r 
proble m existe d i n th e cas e bas e becaus e th e studen t  solve d 
th e sam e proble m twic e wit h th e sam e solutio n o r  recode d 
an exampl e fro m th e materials .  Thes e identica l  solution s 
groupe d t o a  gan g an d supporte d eac h othe r  whil e anothe r 
bette r  analogu e wa s suppressed .  I n a t  leas t  1 5 case s (3.7%) , 
a proble m occure d whic h w e cal l  th e "additional -
proposition-effect" .  Thi s mean s tha t  i f  tw o solution s diffe r 
i n tha t  on e ha s a n additiona l  proposition ,  thi s solutio n wa s 
preferre d thoug h th e othe r  on e wa s mor e similar .  Thi s mus t 
resul t  fro m mor e supportin g relation s i n th e ne t  o f 
hypothese s i n th e cas e o f  th e additiona l  proposition . 

I n 2 % o f  al l  case s bot h method s failed .  Tha t  is ,  th e 
retrieve d case s coul d no t  b e accepte d a s goo d analogues .  I n 
most  cases ,  thi s resulte d fro m th e absenc e o f  appropriat e 
example s i n th e case-bas e o r  fro m ver y bugg y an d 
u n c o m m on solutions . 

Conclusion 

The ARCS-mode l  (Thagar d e t  al .  1990 )  i s a  ver y genera l 
and wel l  suite d progra m t o mode l  huma n retrieval .  But , 
ther e ar e som e question s abou t  th e efficienc y o f  it s 
algorithm .  Thagar d &  Holyoa k (1989 )  argu e tha t  indexin g 
i n case-base d reasonin g system s need s to o muc h pre -
processin g an d therefore ,  ma y no t  b e appropriate .  But ,  th e 
ARCS-model  need s ver y muc h tim e t o buil d u p th e 
networ k o f  hypotheses .  Eve n i f  th e followin g proces s o f 
settlin g th e networ k i s performe d o n a  paralle l  compute r  an d 
therefore ,  wil l  b e ver y fast ,  th e networ k i s temporaril y  buil t 
up onl y onc e fo r  on e retrieva l  process .  Fo r  th e nex t  retrieva l 
of  anothe r  analogu e a  ne w networ k ha s t o b e constructe d 
and fo r  a  littl e bi t  mor e comple x problem s tha n usuall y 
show n i n examples ,  thi s i s ver y muc h spac e an d tim e 
consuming .  Fo r  example ,  i n th e dat a o f  ou r  student s i t  i s 
ver y typica l  tha t  i n th e final  lesso n mor e tha n 4 0 previou s 
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solution s an d example s hav e t o b e considere d a s possibl e 
candidate s fo r  sourc e analogues .  Probin g al l  candidate s i n 
paralle l  wit h th e ARCS-mode l  resulte d i n mor e tha n 350 0 
nodes an d mor e tha n 200,00 0 symmetri c link s t o b e buil t 
up.  Eve n o n a  fas t  1 2 MIP S compute r  thi s require s mor e 
tha n 3 0 MByt e o f  memor y an d mor e tha n 1 0 minute s t o 
buil d u p th e network .  I f  w e extrapolat e t o situation s i n 
typica l  huma n retrieva l  situation s wher e man y mor e 
previou s situation s ma y b e candidate s fo r  analogu e retrieva l 
becaus e o f  overla p i n thei r  semantics ,  i t  canno t  b e imagine d 
how suc h a  proble m coul d b e handle d b y th e ARCS-
algorithm .  A n incrementa l  mode l  (Kean e 1990 )  ma y b e 
bette r  suite d t o retriev e analogue s fro m a  larg e se t  o f  cases . 

I n thi s study ,  i t  coul d b e demonstrate d tha t  th e ARCS-
method s ha s som e problem s i f  analogue s hav e t o b e 
retrieve d fro m a  cas e bas e wher e possibl y ver y simila r 
previou s case s exist .  A s show n fo r  th e "gang-effect "  an d th e 
"additional-proposition-effect" ,  th e ARCS-metho d ma y fai l 
i f  som e specia l  constellation s o f  ver y simila r  case s exist . 
Maybe,  thi s coul d no t  b e observe d i n othe r  studie s wit h th e 
ARCS-method becaus e al l  case s i n thes e example s differe d 
i n man y aspects .  But ,  i n realistic ,  non-experimenta l 
situations ,  fo r  exampl e whil e learnin g t o program ,  i t  i s 
typica l  tha t  man y ver y simila r  case s ar e observed .  I n suc h a 
situation ,  th e EBR-metho d seem s t o yiel d generall y bette r 
results . 

The EBR-metho d ca n b e see n a s a n approximatio n t o a 
competitive ,  paralle l  metho d o f  analogu e retrieva l  a s 
realize d i n th e ARCS-model .  A s powerfu l  paralle l 
computer s canno t  b e use d i n mos t  cases ,  th e EBR-metho d 
may b e preferre d i n on-lin e situation s (e.g .  i n tutoria l 
systems) .  Additionally ,  informatio n ca n b e gathere d abou t 
th e mechanis m ho w concept s an d episodi c structure s ar e 
store d an d retrieve d from  huma n memory . 
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