
UC Merced
Proceedings of the Annual Meeting of the Cognitive Science 
Society

Title
Two Heads are Better than One: Causality and Similarity in Misconception Discovery

Permalink
https://escholarship.org/uc/item/7301v3cn

Journal
Proceedings of the Annual Meeting of the Cognitive Science Society, 20(0)

Authors
Sison, Raymund
Numao, Masayuki
Shimura, Masamichi

Publication Date
1998
 
Peer reviewed

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/7301v3cn
https://escholarship.org
http://www.cdlib.org/


T w o H e a d s a r e B e t t e r  t h a n O n e : 

C a u s a l i t y a n d S im i la r i t y i n M i s c o n c e p t i o n D i s c o v e r y 

Raymund Sison (sison@cs.titech.ac.jp) 
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Masamichi Shimura (shimura@)ia.noda.sut.ac.jp) 
Departmen t  o f  Industria l  Administratio n 

Scienc e Universit y o f  Tolcyo ,  Japa n 

Abstrac t 

MMD is an aigorithm that learns without supervision 
intensiona l  definition s o f  classe s o f  knowledg e error s us -
in g dat a (similarity )  an d theor y (causality) .  Causalit y 
ca n b e especiall y usefu l  whe n similarit y fail s  t o discove r 
certai n error s du e t o thei r  entanglemen t  i n comple x be -
haviors ,  whil e similarit y ca n b e especiall y usefu l  whe n n o 
causa l  relationship s fo r  robus t  co-occurrin g discrepan -
cie s ar e presen t  i n th e backgroun d knowledge .  Thi s pa -
per  examine s th e individua l  an d combine d effectivenes s 
of  M M D ' s similarit y an d causalit y component s i n dis -
coverin g erro r  classe s an d classifyin g behavior s i n whic h 
thes e error s occur .  Experimenta l  result s sho w ho w simi -
larit y an d causalit y ca n serv e t o complemen t  eac h othe r 
i n th e discover y o f  novic e P R O L OG programme r  errors . 

Introduction 

Althoug h mos t  concep t  formatio n system s i n artificia l 
intelligenc e (Gennaji ,  Langle y &  Fisher ,  1989 )  a s wel l 
as concep t  learnin g model s i n cognitiv e psycholog y (Ko -
matsu ,  1992 )  hav e tende d t o rel y almos t  exclusivel y o n 
similaritie s i n th e data ,  evidenc e i s  mountin g tha t  the -
orie s an d goal s ar e a t  leas t  a s importan t  a s dat a i n th e 
formatio n o f  concept s (Murph y &  Medin ,  1985 ;  Barsa -
lou ,  1991 ;  Rip s & :  Collins ,  1993 ;  Wisniewsk i  & :  Medin , 
1994) . 

I n (Sison ,  N u m a o &  Shimura ,  1997 )  a n algorith m 
calle d M M D ^ ,  wa s presente d tha t  utilize s similarit y an d 
causalit y fo r  unsupervise d concep t  formatio n i n a  mor e 
tightl y couple d wa y tha n previou s system s have .  Mor -
ever ,  M M D deal s wit h th e formatio n o f  categorie s tha t 
ar e intende d t o represen t  classe s o f  knowledg e errors. ^ 
Thus ,  th e usua l  proble m o f  concep t  formatio n i s compli -
cate d b y th e additiona l  requiremen t  tha t  th e conceptua l 
description s tha t  ar e forme d als o nee d t o b e explain -
able ,  a t  leas t  i n term s o f  causa l  relationships ,  sinc e a 
conceptua l  descriptio n tha t  i s  a n ordinar y conjunctio n 
of  seemingl y correlate d discrepancie s i n novic e behavio r 
ca n hardl y b e considere d a s representin g a  knowledg e er -

^Multistrateg y Misconceptio n Discover y 
^Misconception s ar e incorrec t  o r  inconsisten t  knowledg e 

— facts ,  procedures ,  concepts ,  principles ,  schemat a o r  strate -
gie s — abou t  a  domai n tha t  resul t  i n error s i n behavior . 
Behaviora l  error s ca n als o b e du e t o insufficien t  knowledge , 
however ,  an d w e us e th e ter m knowledg e erro r  t o includ e 
insufficien t  knowledg e a s wel l  a s incorrec t  o r  inconsisten t 
knowledge . 

ro r  unles s causa l  relationship s amon g th e discrepancie s 

ca n b e found . 
Thi s pape r  furthe r  examine s th e utilit y o f  couplin g 

dat a an d theor y i n th e discover y o f  knowledg e error s o f 
novic e P R O L OG programmers .  Specifically ,  i t  examine s 
(1 )  th e usefulnes s o f  th e causalit y componen t  o f  M M D 
especiall y whe n th e similarit y componen t  fail s t o dis -
cove r  certai n error s du e t o thes e errors '  entanglemen t 
i n comple x behavior s (particularl y i n novic e P R O L OG 
program s wit h multipl e bugs) ,  an d (2 )  th e usefulnes s 
of  th e similarit y componen t  whe n n o causa l  relation -
ship s fo r  robus t  co-occurrin g discrepancie s ar e presen t 

i n th e backgroun d knowledge .  I n wha t  follows ,  w e first 
revie w th e basi c representatio n an d algorith m o f  M M D. 
We the n presen t  an d discus s result s o f  experiment s tha t 
revea l  ho w similarit y an d causalit y ca n serv e t o com -
plemen t  eac h othe r  i n th e discover y o f  novic e P R O L OG 
programme r  errors . 

MMD: A Review and Closer Look 

Representatio n 

The object s tha t  M MD deal s wit h — discrepancie s i n 
behavio r  — ar e represente d a s set s o f  relationa l  descrip -
tion s (specifically ,  a s atomi c formula s i n th e function-fre e 
firs t  orde r  logic) .  Conside r  th e followin g idea l  behavio r 
i n th e for m o f  a  correc t  P R O L OG claus e fo r  th e reversa l 
of  th e element s o f  a  list: ' 

*/, correct clause */, 
revers e (  [HIT ]  ,  R )  :  -  */ .  hea d 

r e v e r s e d , T l ) ,  */ .  subgoal l 
append(Tl, [H],R) .  */ .  subgoal 2 

The correct clause has a head, reverse([HIT] ,R), 
whic h state s tha t  th e revers e o f  a  lis t  tha t  i s  mad e u p 
of  a  first  element ,  H ,  calle d th e list' s  head ,  an d a  sub -
list ,  T ,  calle d th e list' s  tail ,  i s R .  R  i s determine d i n th e 
clause' s body ,  whic h ha s tw o subgoals .  Th e first  subgoal , 
r e v e r s e d , T l ) ,  state s tha t  th e revers e o f  th e lis t  T  i s Tl . 
Th e secon d subgoal ,  appen d (Tl ,  [H ]  ,R) ,  state s tha t  R  i s 
jus t  th e concatenatio n o f  th e lis t  T l  an d th e elemen t  H . 
I n short ,  th e claus e a s a  whol e recursivel y state s tha t  th e 
revers e o f  a  lis t  i s  th e concatenatio n o f  th e revers e o f  it s 
tai l  an d it s head . 

^Word s o r  phrase s tha t  com e afte r  a  '/ ,  symbo l  i n a  PRO-
L OG progra m ar e considere d comments ;  the y ar e no t  par t  o f 
claus e definitions . 
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Now conside r  th e followin g actua l  studen t  behavior , 
whic h i s incorrect . 

t  bugg y claus e */ , 
rever8e([H|T],[Tl|H] )  : -

reverse(T.Tl) . 

The abov e claus e differ s fro m th e correc t  claus e i n tw o 
ways.  First ,  i n plac e o f  th e variabl e R  i n th e hea d o f  th e 
conec t  clause ,  th e bugg y claus e ha s th e lis t  [T l  IH ]  i n 
it s head .  Expresse d i n relationa l  form ,  thi s discrepanc y 
is : 

replace(head,R,[Tl|H]) . 

Second ,  th e secon d subgoa l  i n th e correc t  claus e i s omit -
te d i n th e bugg y clause .  Expresse d i n relationa l  form , 
thi s discrepanc y is : 

remove(subgoal2) . 

The tw o discrepancie s jus t  describe d for m a  discrepanc y 
set ,  an d constitut e on e inpu t  objec t  t o M M D.  M M D 
take s on e suc h discrepanc y se t  a t  a  tim e an d cluster s 
i t  int o a n erro r  hierach y (Figur e lA ;  w e shal l  explai n th e 
figure  shortly) . 

For  ecLc h inpu t  discrepanc y set ,  M M D output s tw o 
things :  (1 )  a  revise d erro r  hierarch y (Figur e IB )  an d 
set  o f  intensionall y define d erro r  classes,' *  an d (2 )  th e er -
ro r  clas s o r  classe s t o whic h a  discrepanc y se t  (a s wel l  a s 
it s correspondin g program )  belongs . 

Algorithm 

M MD use s a  similarit y measur e tha t  adapt s Tversky' s 
(1977 )  contras t  model ,  an d a  se t  o f  causalit y heuristic s 
t o classif y a  discrepanc y se t  int o a n erro r  hierarchy .  Th e 
similarit y measur e is : 

Sim{C,0) = ef{C n O) - af{C - O) - l3f{0 - C) 

wher e C  an d O  ar e set s o f  behaviora l  discrepancies ;  6 ,  a , 
and l 3 ar e user-redefinabl e parameters ;  f { X )  return s th e 
cardinalit y o f  X ;  and ,  th e se t  o f  commonalitie s ( C n  O ) 
is : 

m n 

(CnO)  =  ComicO )  =  U  U  9̂9iCr,O, ) 
1=1j= i 

wher e lgg(x,y )  i s  th e leas t  genera l  generalizatio n (Plotkin , 
1970;  Muggleto n &  Feng ,  1990 )  o f  discrepancie s x  an d 
y i n th e function-fre e firs t  orde r  logic ,  an d m an d n  ar e 
th e numbe r  o f  discrepancie s i n C  an d O ,  respectively . 

The causalit y heuristic s are : 

1.  Component-leve l  causality :  Causa l  relationship s 
a m o ng th e c o m p o n e n t s o f  th e idea l  behavio r  tha t  ar e 
presen t  i n a  se t  o f  discrepancie s sugges t  causa l  rela -
tionship s a m o n g thes e discrepancies . 

2.  Concept-leve l  causality :  T h e co-occurrenc e o f  t w o dis -
crepancie s d l  a n d d 2 i n a  generalizatio n n o d e o f  a n 
erro r  hierarchy ,  w h e r e d l  i s a n intersectio n generaliza -
tio n a n d d 2 i s a  variabilizatio n generalization ,  suggest s 
tha t  d l  cause s d2 . 

^Eac h subtre e (minu s it s variable-instantiatin g leaves )  un -
der  th e roo t  nod e o f  a n M M D - i n d u c e d hierarch y form s a n 
intensiona l  definitio n o f  a  clcts s o f  error s which ,  i n turn ,  rep -
resent s a  misconceptio n o r  othe r  knowledg e error . 

DISCREPANCY SE T I 

replace(head,R,[TllHl ) 
remove(subgoal2 ) ERROR HIERARCHY 

® /̂ jfemove(subgoal2 7 remove(subgoall ) 
replace(subgoal2,T 1 ,T ) 
replace(subgoal2,[H].H ) 

'replace(head,R,[TIH] ) 
remove(subgoall ) 

REVISED 
ERROR HIERARCHY 

® 
(femove(subgoal2 )  | 

'•[replace(head,R,[X?IH) )  |  '" ' 

^ ^ " ^ - \ ^ 
remove(subgoall ) 
X? =  T 

tX? =  Tl | 

B 

remove(subgoall ) 
replace(subgoal2,T 1 ,T ) 
replace(subgoal2,[H],H ) 

denote s a  causa l  relationshi p 
O intersectio n generalizatio n 
@ variabieizatio n generalizatio n 

Figur e 1 :  Clusterin g se t  o f  behaviora l  discrepancie s int o 
a n erro r  hierarch y I  (Se e explanat io n i n text. ) 

3.  Subconcept-leve l  causality :  C a u s a l  relationship s be -
twee n a  paren t  nod e d l  o f  a n erro r  hierarch y an d it s 
chil d d S suggest s that ,  al l  othe r  thing s bein g equal ,  d 2 
cause s dl . 

We shall illustrate the use of the first heuristic later.^ 
M M D,  whos e algorith m i s  summarize d i n Figur e 2 , 

take s on e discrepanc y se t  a t  a  tim e an d classifie s thi s re -
cursivel y int o th e node s o f  th e erro r  hierarch y tha t  matc h 
i t  t o a  certai n degre e (Figur e 2 ,  step s 1  an d 2) .  Refer -
rin g bac k t o Figur e lA ,  fo r  example ,  not e tha t  th e nod e 
remov e (subgoal2 )  belo w th e roo t  nod e o f  th e erro r  hi -
erarch y i s actuall y on e o f  th e discrepancie s i n th e inpu t 
discrepanc y se t  (remov e (subgoal2 )  i s  calle d a n 'inter -
section '  generalizatio n o f  th e two) .  Assumin g tha t  th e 7 
paramete r  o f  ste p 1  indicate s tha t  thi s i s  a  match ,  th e 
inpu t  discrepanc y se t  wil l  therefor e b e classifie d int o thi s 
subtree ,  amon g possibl e others . 

Next ,  th e remainin g discrepanc y replac e (head ,  R , 
[TllH] )  o f  th e inpu t  discrepanc y se t  i s  com -
pare d agains t  th e chil d nod e [replace(head,R ,  [TIH]) , 
remove(subgoall)] .  Thi s time ,  a  'variabilization '  gen -

^Th e secon d an d thir d heuristic s d o no t  directl y affec t  th e 
result s w e discus s i n thi s paper ,  an d ar e provide d onl y fo r 
completeness .  Furthe r  detail s regardin g th e similarit y mea -
sures ,  causalit y heuristics ,  an d algorith m o f  M M D ca n b e 
foun d i n (Sison ,  N u m a o &  Shimura ,  1998) . 
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1.  Match . 
Determin e whic h childre n o f  a  give n nod e N  o f  a n 
erro r  hierarch y matc h th e inpu t  se t  o f  inpu t  discrep -
ancie s D .  Specifically ,  comput e th e se t  o f  common -
alities ,  C o m ,  an d th e degre e o f  similarity ,  Sim ,  be -
twee n a  chil d an d D ,  an d determin e whethe r  Si m ex -
ceed s a  syste m threshold ,  7 .  I n addition ,  determin e 
causa l  relationship s amon g discrepancie s i n D  usin g 
th e component-leve l  causadit y heuristic . 

2.  Position . 
I f  n o matc h i s found ,  o r  i f  th e inpu t  discrepanc y i s a 
singl e discrepanc y (i n whic h cas e i t  ha s n o causa l  ties) , 
plac e D  directl y unde r  TV .  Otherwise ,  plac e D  i n it s 
appropriat e positio n vis-a-vi s th e matchin g child(ren ) 
of  N . 

3.  Seve r  (unnecessar y ties) . 
For  ever y ne w nod e create d i n (2) ,  determin e concept -
and subconcept-leve l  causalities .  I f  n o concept-leve l 
causaUt y exist s amon g discrepancie s i n thi s node ,  re -
tai n th e nod e nevertheless .  I f  thi s nod e i s a  lea f  node , 
and n o subconcept-leve l  causalit y exist s betwee n com -
ponent s o f  thi s nod e am d it s parent ,  seve r  th e lin k be -
twee n thi s chil d an d it s parent ,  an d reclassif y i t  (an d 
th e curren t  subtree )  int o th e hierarchy . 

4.  Forge t  (th e occasiona l  slip) . 
Nodes whos e weight s fal l  belo w a  syste m paramete r 
may b e discarde d o n a  regula r  o r  deman d basis .  (N o 
node s ar e discarde d i n th e curren t  implementation. ) 

Figur e 2 :  Basi c procedur e o f  M M D 

eralization (replace (head, R, [X? IH])) occurs,^ and so 

a nod e fo r  thi s vaxiabilizatio n i s created ,  an d th e instan -
tiation s o f  th e patter n variabl e X ? (i.e. ,  X?= T an d X?=T1) , 
a m o ng others ,  ar e pushe d dow n t o th e nex t  level .  Fig -
ur e I B show s th e revise d hierarchy .  T h e lef t  subtre e i n 
Figur e I B (thoug h no t  complet e i n th e figure )  charac -
terize s a  misconceptio n i n whic h th e append/ 3 relatio n 
(i n subgoal2 )  an d th e [| ]  operato r  ar e though t  t o b e 
functionall y th e same ,  a t  leas t  a s fa r  a s concatenatin g 
tw o list s i s concerned .  Thi s i s i n fac t  th e misconceptio n 
underlyin g th e student' s bugg y claus e presente d earlier . 

The Se\er Operator In addition to the hierarchical 
reorganizatio n tha t  ste p 2  entails ,  th e absenc e o f  causa l 
relationship s betwee n a  paren t  an d a  chil d i n a  hier -
arch y ca n caus e furthe r  reorganization :  sai d chil d ca n 
be severe d fro m it s paren t  an d the n reclassifie d (ste p 3 
(Sever)) .  Thi s aillow s th e algorith m t o disentangl e th e 
multipl e misconception s o r  knowledg e error s tha t  m a y 
hav e produce d th e discrepancie s i n a  student' s behavior . 
Conside r  th e followin g bugg y clause : 

•/ .  bugg y claus e 2  '/ , 
reverse([HIT],R )  : -

append(T,H,R) . 

T h e discrepancie s betwee n th e abov e claus e an d th e 
correc t  claus e presente d earlie r  are : 

remove(subgoal1) , 

DISCREPANCY SET 2 

remove(8ubgoall ) 
replaca(8ubgoal2,T1,T ) ERROR HIERARCHY 

yemove( remova(subgoal1 )  . 
replace(sut)aoal2,T1,T )  • ' 
replace(8ub9oal2.[H].H ) 

'•••[feplace(head,R.[X7IHl )  |  *  * 

K?=tr i remove(subgoal 1 
X? =  T 

REVISED 
ERROR HIERARCHY 

|femove(sub9oal2 )  1  *  *  * 

'•••tfeplace(head,R,[X?IHl )  |  *  * * 

remove(subgoal1 ) 
replace(subgoal2,T 1 ,T ) 

replace(subgoal2,[H],H ) 

remove(subgoall ) ^<?^T n 

denote s a  causa l  relationshi p 
Q intersectio n generalizatio n 

^Variabilizatio n generalization s correspon d t o M a r k m a n 
a n d Centner' s (1993 )  'alignabl e differences. ' 

F igur e 3 :  Clusterin g a  se t  o f  behaviora l  discrepancie s 
int o a n erro r  hierarch y I I  (Se e explanat io n i n text. ) 

replace(head,Tl,T) . 

Clustering the discrepancies of the above buggy clause 
int o th e erro r  hierarch y i n Figur e 3 A produce s th e re -
vise d erro r  hierarch y i n Figur e 3B .  N o w not e tha t  th e 
nod e replac e (subgoal2 ,  [H ]  ,H )  i n th e righ t  subtre e o f 
Figur e 3 B i s no t  a t  al l  (causally )  relate d t o it s paren t 
([remove(subgoal1) ,  replace(subgoal2,Tl,T )  ]) . 

Sinc e th e chil d replac e (subgoal2 ,  [H ]  ,H )  i s no t  re -
late d t o it s parent ,  M M D sever s (denote d i n th e figur e 
by a  jagge d line )  th e chil d fro m th e paren t  an d the n 
reclassifie s th e chil d int o th e hierarchy .  Thi s particu -
la r  severin g operatio n i s consisten t  wit h th e fac t  tha t 
omittin g o r  forgettin g t o pu t  th e lis t  bracket s [ ]  aroun d 
a variabl e (denote d b y th e discrepanc y replace(sub -
goal2 ,  [H ]  ,H) )  ha s nothin g t o d o wit h omittin g th e 
firs t  subgoa l  o f  th e correc t  claus e (i.e. ,  th e discrepanc y 
remov e (subgoall)) ,  an d th e natura l  consequenc e o f  th e 
latter ,  whic h i s usin g som e othe r  variabl e i n plac e o f  T l 
i n th e secon d subgoa l  o f  th e correc t  claus e (i.e. ,  th e dis -
crepanc y replace(subgoal2,T1,T)) . 

I t  wil l  b e note d tha t  th e S e v e r  operato r  onl y applie s 
betwee n a  chil d an d a n unrelate d parent ;  i,e. ,  a  subse t 
of  discrepancie s wil l  no t  b e severe d fro m it s origina l  set , 
5 ,  eve n i f  n o causa l  relationshi p ca n b e foun d betwee n i t 
an d 5 ,  unles s i t  ha s alread y bee n 'gentl y pushe d ou t  o f 
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5,  onl y connecte d t o S  b y a  parent-chil d link .  I n othe r 
words ,  th e Seve r  operato r  wil l  no t  spli t  a  nod e eve n 
thoug h it s content s ar e unrelate d wit h respec t  t o th e 
backgroun d knowledge .  Thi s conservativ e approac h o f 
retainin g node s despit e th e absenc e o f  component-leve l 
causalitie s thu s take s int o accoun t  th e possibilit y  tha t 
th e backgroun d knowledg e ma y b e incomplete . 

Experiments and Discussion 

Experiment s 

To empiricall y examin e th e individua l  an d combine d ef -
fectivenes s o f  M M D ' s similarit y an d causalit y compo -
nent s i n discoverin g erro r  classe s an d classifyin g behav -
ior s accordingly ,  w e compar e th e performanc e o f  M M D 
agains t  it s similarit y an d causalit y component s workin g 
'alone '  o n th e discrepanc y set s o f  6 4 bugg y reverse/ 2 
and 5 6 bugg y sumlist/ 2 P R O L OG programs ^  obtaine d 
fro m thir d yea r  undergraduat e student s learnin g th e lan -
guage .  W e shal l  cal l  th e similarit y an d causalit y compo -
nent s S M D an d C M D,  respectively .  Specifically ,  S M D 
i s M M D withou t  th e check s fo r  causalit y i n step s 1  an d 
3 (o f  Figur e 2) ,  whil e C M D i s M M D i n whic h th e las t 
par t  o f  ste p 1  woul d b e chcinge d t o rea d ".. .  threshold,' ) 
and causa l  relationship s exis t  amon g th e discrepancie s i n 
Com.''' '  Th e latte r  modificatio n implie s tha t  fo r  tw o set s 
of  discrepancie s t o match ,  thei r  similarit y valu e mus t  no t 
onl y b e abov e th e syste m threshold ,  bu t  thei r  commonal -
itie s mus t  als o hav e (th e same )  inter-discrepanc y causa l 
relationships . 

Performanc e i s viewe d fro m tw o perspectives ,  namely , 
(1 )  •program  classificatio n (i.e. ,  th e percentag e o f  bugg y 
programs ,  o r  mor e specifically ,  thei r  correspondin g dis -
crepanc y sets ,  tha t  ar e correctl y classified )  an d (2 )  er -
ro r  discover y (i.e. ,  th e percentag e o f  misconception s an d 
knowledg e errors ,  o r  mor e specifically ,  thei r  correspond -
in g erro r  classes ,  tha t  ar e correctl y discovered) .  Perfor -
mance accurac y i s  determine d b y comparin g th e clas -
sificatio n an d discover y result s o f  S M D / C M D / M MD 
agains t  th e erro r  categorie s an d grouping s tha t  wer e pro -
duce d b y a  tea m o f  P R O L O G teacher s w h o hav e exam -
ine d (1 )  th e bugg y program s an d (2 )  M M D ' s output . 
Specifically ,  performanc e accurac y i s th e percentag e o f 
bugg y program s (discrepanc y sets )  correctl y classifie d o r 
knowledg e error s (erro r  classes )  correctl y discovere d b y 
S M D / C M D / M MD wit h respec t  t o thos e o f  th e experts . 

Earlie r  w e hav e note d tha t  a  bugg y progra m ca n ex -
hibi t  mor e tha n on e misconceptio n o r  knowledg e error . 
Thus ,  i n ou r  experiments ,  a  bugg y progra m i s considere d 
full y classifie d onl y i f  al l  th e misconception s an d knowl -
edg e error s underlyin g i t  ar e detected ;  otherwise ,  i t  i s 
onl y partiall y  classified ,  receivin g onl y a  partia l  poin t 
(^) ,  wher e n  i s th e tota l  n u m b e r  o f  knowledg e error s 
underlyin g th e program .  Similarly ,  a  knowledg e erro r  i s 
considere d full y discovere d (wit h respec t  t o pas t  data ) 
onl y i f  th e knowledg e error' s intensiona l  definitio n con -
tain s al l  th e manifestation s tha t  th e erro r  ca n assum e 
i n a  bugg y program ;  otherwise ,  i t  i s  onl y partiall y  dis -
covered ,  receivin g onl y a  partia l  poin t  (^) ,  wher e m i s 

^For the naive reversal of elements of a list and for sum-
min g th e element s o f  a  lis t  o f  numbers ,  respectively . 

Tabl e 1 :  Result s fo r  th e revers e datase t 

Algorithm s 

SMD 
CMD 
MMD 

Be 
P-P 
61 
68 
84 

P-F 
79 
81 
94 

ED 
F T 
34 
44 
70 

P-F 
38 
50 
88 

BC:  Bugg y Program s Correctl y Classifie d {% ) 
ED:  Erro r  Classe s Correctl y Discovere d (% ) 
P-P:  Partia l  classification/discover y awarde d Partia l  poin t 
P-F;  Partia l  classification/discover y awarde d Ful l  poin t 

Tabl e 2 :  Result s fo r  th e suml is t  datase t 

Algorithm s 

SMD 
CMD 
MMD 

BC 
P-P 
76 
44 
95 

P-F 
81 
45 
97 

ED 
P-F 
55 
63 
75 

P-F 
58 
63 
75 

BC:  Bugg y Program s Correctl y Classifie d (% ) 
ED;  Erro r  Classe s Correctl y Discovere d (% ) 
P-P;  Partia l  classification/discover y awarde d Partia l  poin t 
P-F:  Partia l  cleissification/discover y awarde d Ful l  poin t 

th e tota l  numbe r  o f  possibl e way s i n whic h th e erro r  ha s 
bee n observe d t o appea r  i n a  program .  Partiall y  classi -
fied  bugg y program s o r  partiall y  discovere d erro r  classe s 
can ,  o f  course ,  b e awarde d ful l  points .  Thi s i s appropri -
at e when ,  fo r  example ,  al l  tha t  i s  require d i n a  certai n 
applicatio n i s fo r  on e studen t  erro r  t o b e determined . 

The mea n accuracie s o f  S M D,  C M D,  an d M M D fo r 
5 rando m ordering s o f  th e inpu t  dataset s ar e show n i n 
Table s 1  an d 2 .  Thes e result s wer e obtaine d usin g th e 
followin g paramete r  settings :  ̂  =  1 ,  a  =  0.5 ,  ( 3 — 0.5 , 
and 7  >  0 .  Thes e value s o f  0 ,  a  an d / 3 ar e intuitiv e an d 
giv e goo d result s fo r  7  >  0 .  Othe r  value s o f  7  ar e pos -
sible ,  bu t  ar e somewha t  mor e arbitrar y an d contrived . 
Usin g differen t  value s fo r  a  an d 0  (e.g. ,  t o mode l  som e 
asymmetry )  d o no t  yiel d bette r  results ,  a t  leas t  no t  i n 
th e tw o datasets .  (Siso n e t  ai ,  1997 )  show s som e re -
sult s fo r  differen t  value s o f  thes e parameters .  Th e first 
causalit y heuristi c  i s implemente d usin g input-outpu t  re -
lationship s betwee n component s i n th e idea l  behavio r 
(se e appendix) . 

Results and Discussion 

The overal l  resul t  i s  tha t  M M D ca n identif y th e bug s 
i n mos t  o f  th e programs ,  an d ca n d o thi s mor e effec -
tivel y tha n eithe r  o f  it s  similarit y o r  causalit y compo -
nent s workin g alone .  Table s 1  an d 2  sho w tha t  M M D ' s 
classificatio n performanc e (P-P )  wa s 3 8 % bette r  tha n 
SMD's an d 2 4 % bette r  tha n CMD' s o n th e revers e 
dataset ,  an d 2 5 % bette r  tha n SMD' s an d mor e tha n a 
hundre d percen t  (! )  bette r  tha n CMD' s o n th e sumlis t 
dataset .  A s fa r  a s discover y performanc e i s concerned , 
M MD (P-P )  wa s almos t  a  hundre d percen t  (! )  bette r 
tha n S M D an d almos t  fifty  percen t  bette r  tha n C M D 
on th e revers e dataset ,  an d 3 6 % bette r  tha n S M D an d 
19 % bette r  tha n C M D o n th e sumlis t  dataset .  Th e dif -
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Figur e 4 :  A n erro r  unlearnabl e b y C M D 

ference s wer e eve n greate r  w h e n partiall y  classifie d pro -
grajn s o r  partiall y  discovere d erro r  classe s wer e give n ful l 
point s (P -F ) . 

Moreover ,  M M D ' s P-P-to-P- F ratio s fo r  p rogra m clas -
sificatio n performanc e (84/9 4 o r  .8 9 fo r  reverse ,  95/9 7 
or  .9 8 fo r  sum l i s t )  wer e highe r  tha n thos e o f  S M D ' s 
(61/7 9 o r  .7 7 fo r  reve rse ,  76/8 1 o r  .9 4 fo r  suml i s t ) ,  in -
dicatin g tha t  M M D w a s bette r  abl e t o disentangl e mul -
tipl e error s a s a  resul t  o f  it s  causalit y componen t .  Thi s 
i s th e m a i n reaso n fo r  w h a t  w a s reporte d i n previou s pa -

per s a s M M D ' s superio r  performanc e compare d t o S M D . 
A l thoug h C M D ' s P-P-to-P- F rati o fo r  p rogra m clas -

sificatio n performanc e w a s quit e high ,  quit e a s hig h i n 
fac t  a s M M D ' s fo r  th e suml is t  datase t  (44/4 5 o r  .98) , 
it s  rathe r  surprisingl y disma l  performanc e (bot h P- P an d 
P- F value s fo r  classificatio n accurac y wer e onl y hal f  a s 
g o o d a s M M D ' s o n thi s dataset )  quickl y negate s thi s 
sligh t  P-P-to-P- F advantage .  Thi s poo r  performanc e ca n 
b e trace d t o th e fac t  tha t  C M D require s tha t  tw o simi -
la r  discrepanc y set s hav e (th e s a m e )  inter-discrepanc y 
causa l  relationships .  T h u s ,  fo r  example ,  C M D w a s 
no t  abl e t o lear n th e subtre e i n Figur e 4  becaus e th e 
discrepancie s i n th e nod e [ rep lace (subgoa l l ,T l ,H ) , 
r e p l a c e ( s u b g o a l 2 ,  [H ]  ,X?) ]  ar e no t  causall y relate d 
accordin g t o th e first  causalit y heuristi c an d th e back -
groun d knowledg e (i n th e appendix) . 

Unfortunately ,  no t  al l  co-occurrin g discrepancie s i n 
th e abov e experiment s ha d causa l  relationship s tha t 
coul d b e foun d i n o r  explaine d b y th e backgroun d knowl -
edge .  Thi s i s no t  t o sa y tha t  ther e ar e ar e n o causa l  rela -
tionship s betwee n thes e co-occurrin g discrepancies ;  thi s 
onl y say s tha t  th e backgroun d knowledg e o f  causa l  rela -
tionship s tha t  w a s use d i n th e experiment s w a s no t  c o m -
plete .  Wh i l e a  perfectl y complet e backgroun d knowl -
edg e i s  desirable ,  i t  migh t  no t  alway s b e feasible .  B y 
retainin g suc h robus t  (i.e. ,  frequentl y co-occurrin g bu t 
unseparatabl e b y a  parent-chil d link )  group s o f  discrep -
ancie s i n spit e o f  th e absenc e o f  causa l  relationship s i n 
th e backgroun d knowledge ,  M M D ca n i n fac t  correctl y 
discove r  m o r e error s an d classif y m o r e program s tha n 
C M D.  I n addition ,  suc h as-yet-not-fully-understandabl e 
co-occurrences ® ca n b e use d t o trigge r  a  n e w kin d o f 

* We sa y 'no t  fully '  understandabl e o r  explainabl e because , 
althoug h M M D ' s secon d causalit y heuristi c ca n b e use d t o in -
ductivel y determin e whic h discrepanc y cause s whic h (e.g. ,  th e 
secon d causalit y heuristic s suggest s tha t  th e first  discrepanc y 
i n Figur e 4  cause s th e second) ,  thi s stil l  doe s no t  specif y th e 
exac t  natur e o f  th e relationship . 

discover y proces s involvin g th e searc h fo r  n e w causa l  re -

lationships . 

T h e result s als o indicat e s o m e importan t  difference s 
betwee n th e tw o datasets .  Fo r  example ,  th e suml is t 
datase t  seem s t o b e simple r  tha n th e revers e datase t 

i n th e sens e tha t  bugg y program s i n th e forme r  ten d t o 
eac h hav e onl y on e misconceptio n o r  knowledg e error . 
I n contrast ,  m a n y program s i n th e reve rs e datase t  ar e 
m o r e complex ,  havin g multipl e knowledg e errors .  Thus , 
th e ratio s o f  th e P- P value s t o th e P- F value s ar e smalle r 
i n th e reve rs e datase t  tha n i n th e suml is t  datase t  fo r 

SMD,  CMD,  an d MMD. 

Finally ,  althoug h M M D w a s no t  abl e t o discove r  al l 

erro r  classes ,  M M D succeede d i n discoverin g th e mor e 
c o m m on ones .  Thi s explain s w h y th e classificatio n rate s 
wer e highe r  relativ e t o th e discover y rates . 

Related Work 

The similarit y componen t  o f  M MD i s simila r  t o 
U N I M EM (Lebowitz ,  1987 )  an d C O B W EB (Fisher , 
1987) ,  whic h eur e als o incrementa l  concep t  formatio n sys -
tems .  Lik e U N I M E M,  i t  adopt s a  se t  theoreti c concep t 
representation .  UNIMEM' s similarit y measure ,  however , 
consider s onl y th e difference s betwee n tw o set s o f  fea -
tures .  Moreover ,  U N I M E M onl y deal s wit h attribute -
valu e descriptions .  C O B W EB use s a  probabilisti c  con -
cept  representatio n an d a  correspondin g probabilisti c 
similarit y measur e (categor y utilit y  (Gluc k &  Corter , 
1985)) ,  an d ca n thu s onl y produc e disjoin t  cluster s o f 
whol e objects .  I n term s o f  explainin g error s i n novic e 
behavior ,  thi s mean s tha t  a  bugg y behavio r  ca n onl y b e 
classifie d unde r  on e misconception ,  thoug h i t  ma y wel l 
be symptomati c o f  several .  Lik e U N I M E M,  C O B W EB 
deal s onl y wit h attribute-valu e description s (bu t  se e th e 
C O B W EB varian t  i n (Thompso n &  Langley ,  1991)) . 

Causal  relationship s amon g feature s tha t  hav e bee n 
previousl y clustere d ca n b e induce d o r  deduce d i n a  va -
riet y o f  ways .  I n th e U N I M E M extensio n propose d i n 
(Lebowitz ,  1986) ,  fo r  example ,  frequentl y occurrin g fea -
ture s i n othe r  concept s ar e considere d causative ,  fro m 
whic h on e ca n forward-chai n t o th e othe r  feature s us -
in g heuristic ,  low-level ,  causa l  domai n rules .  I n M M D, 
causalit y betwee n discrepancie s i s determine d b y th e ex -
istenc e o f  causa l  relationship s amon g thei r  components , 
and whethe r  a  generalize d discrepanc y i s a n intersectio n 
or  a  variabilization ,  o r  i f  i t  i s a  paren t  o r  a  child .  Ther e 
i s n o nee d i n M M D fo r  a  give n se t  o f  heuristi c  directiona l 
causa l  rule s linkin g discrepancies ,  thoug h th e causa l  re -
lationship s amon g thei r  component s ca n b e viewe d a s 
a lower-leve l  an d les s a d ho c for m o f  such .  I n (Paz -
zani ,  1993) ,  whic h likewis e use s a  UNIMEM-lik e clus -
terer ,  ther e ar e tw o kind s o f  features ,  namely ,  action s 
and stat e changes ,  an d action s ar e alway s th e causativ e 
features .  Explanatio n i s achieve d b y instantiatin g gen -
era l  causa l  domai n rule s o r  templates .  I n ou r  approach , 
any discrepanc y i s potentiall y  causative ,  an d n o genera l 
causa l  domai n rul e template s ar e necessary . 

990 



(h),(7)i(r^ _ reverse d 

appeid(T 1 

Figur e 5 :  Input-outpu t  (caused )  relationship s betwee n 
idea l  behavio r  component s 

Conc lus io n 

I n thi s paper ,  w e hav e reviewe d th e basi c representatio n 
and algorith m o f  M M D,  an d presente d an d discusse d 
result s  o f  experiment s i n whic h th e individua l  an d com -
bine d us e o f  M M D ' s similarit y an d causalit y component s 
were examine d t o evaluat e thei r  usefulnes s i n discover -
in g novic e programme r  errors .  Result s hav e show n tha t 
M MD ca n effectivel y discove r  suc h error s an d classif y 
discrepan t  behavior s accordin g t o thes e errors .  More -
over ,  result s hav e reveale d th e usefulnes s o f  th e causalit y 
component  o f  M M D especiall y whe n th e similarit y com -
ponen t  fail s  t o discove r  certai n error s du e t o thes e er -
rors '  entanglemen t  i n comple x behavior s (particularl y i n 
P R O L OG program s wit h multipl e bugs) ,  an d th e useful -
ness o f  th e similarit y componen t  whe n n o cause d relation -
ship s fo r  robus t  co-occurrin g discrepancie s ar e presen t  i n 
th e backgroun d knowledge .  Futur e wor k involve s th e in -
corporatio n o f  a  failure-drive n mechanis m fo r  extendin g 
th e se t  o f  causa l  relationship s i n th e backgroun d knowl -
edge.  M M D i s par t  o f  M U L S MS (Siso n &  Shimura , 
1996) ,  a  framewor k fo r  a  multistrategi c learnin g studen t 
modelin g system . 

Appendix 

Figur e 5  show s th e input-outpu t  relationship s betwee n 
component s o f  th e correc t  revers e claus e presente d ear -
lier .  T o illustrate ,  recal l  th e discrepanc y se t  o f  Figur e lA , 
whic h i s m a d e u p o f  th e followin g tw o discrepancies : 

replace(head,R,[Tl|H]), 
remove(subgoal2) . 

These two discrepancies are causally related according 
t o th e first  causalit y heuristi c becaus e bot h involv e th e 
user  variabl e R ,  an d th e R  involve d i n th e secon d discrep -
anc y ca n b e viewe d a s causin g (emphasize d i n Figur e 5 
usin g a  broke n line )  th e R  involve d i n th e first.  O f  course , 
th e R  i n th e hea d an d th e R  i n th e secon d subgoa l  o f  th e 
correc t  claus e refe r  t o on e an d th e sam e thing .  T o b e 
mor e precise ,  therefore ,  wha t  w e m e a n b y th e R  i n th e 
subgoa l  "causing "  th e R  i n th e heci d i s  that :  give n that 
bot h R' s ar e outpu t  variables ,  th e subgoa l  (rathe r  thci n 
th e head )  i s  responsibl e fo r  bindin g R  t o a  value . 
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