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Abstract 

Two majo r  technique s i n machin e learning ,  explanation-base d learnin g an d explanatio n completion ,  ar e bot h 
superficiall y  plausibl e model s fo r  ChJ' s self-explanatio n effect ,  wherei n th e amoun t  o f  explanatio n give n t o 
example s whil e studyin g the m correlate s wit h th e amoun t  th e subjec t  learn s fro m them .  W e attempte d t o 
simulat e Chi' s protoco l  dat a wit h th e simple r  o f  th e tw o learnin g processes ,  explanatio n completion ,  i n orde r  t o 
fin d ou t  ho w muc h o f  th e self-explanatio n effec t  i t  coul d accoun t  for .  Althoug h explanatio n completio n di d no t 
tur n ou t  t o b e a  goo d mode l  o f  th e data ,  w e discovere d a  ne w learnin g technique ,  calle d explanation-base d 
learnin g o f  correctness ,  tha t  combine s explanation-base d learnin g an d explanatio n completio n an d doe s a 
much bette r  jo b o f  explainin g th e protoco l  data .  Th e ne w learnin g proces s i s base d o n th e assumptio n tha t 
subject s us e a  certai n kin d o f  plausibl e reasoning . 

Chi, Bassok. Lewis, Reimann and Glaser (1989) showed that self-explanation correlates with better 
learning .  The y analyze d protocol s o f  8  student s w h o learne d physic s fro m a  standar d colleg e textbook .  Th e 
student s firs t  studie d prerequisit e materia l  an d too k test s t o sho w tha t  the y ha d teamed  it .  The y nex t  rea d a 
textboo k chapte r  o n Newtonia n dynamics ,  the n studie d example s o f  worked-ou t  physic s problems .  Lastly . 
the y solve d problem s o n thei r  own .  Al l  thi s wor k w a s don e withou t  feedbac k fro m a n instmctor .  Protocol s 
wer e take n durin g th e example-studyin g phas e an d durin g th e problem-solvin g phase .  Th e percentag e o f 
problem s answere d correctl y durin g th e problem-solvin g phas e w a s use d t o divid e student s int o 4  G o o d 
student s an d 4  Poo r  students .  A s bot h group s o f  student s performe d equall y wel l  o n pre-tests ,  I t  appear s 
tha t  th e Goo d student s learne d mor e fro m th e example s tha n th e Poo r  students .  I n examinin g th e cause s o f 
this ,  Ch i  e t  al .  foun d tw o consisten t  behaviora l  difference s betwee n th e groups .  (1 )  Th e Poo r  student s 
studie d th e example s b y merel y readin g an d paraphrasin g them ,  i n contras t  t o th e th e G o o d students ,  w h o 
explaine d eac h lin e o f  th e exampl e t o themselve s i n considerabl e detail .  (2 )  Althoug h al l  student s woul d utte r 
sporadi c comment s indicatin g whethe r  the y understoo d a n example' s line ,  th e Poo r  student s tende d t o sa y 
tha t  the y di d understan d th e line ,  whil e th e G o o d student s tende d t o sa y tha t  the y di d no t  understan d th e 
line .  Bot h correlation s wer e larg e an d statisticall y significant .  Th e result s hav e bee n replicate d twic e (Piroll i  & 
Bielaczyc ,  1989 ;  Ferguson-Hessle r  &  d e Jong ,  1990) .  Ch i  e t  al .  labele d th e G o o d student' s example -
studyin g proces s self-explanation .  S o th e basi c findin g i s  tha t  self-explanatio n con-elate s wit h bette r 
learning . 

The researc h reporte d her e i s  aime d a t  explainin g th e self-explanatio n findin g b y buildin g compute r 
simulation s o f  th e processe s use d b y G o o d an d Poo r  student s an d comparin g th e simulations '  behavio r  wit h 
Chi' s protoco l  data .  W e repor t  her e o n th e firs t  versio n o f  th e simulatio n program ,  Cascadel ,  indicat e it s 
strength s an d weaknesses ,  an d sketc h th e ide a behin d th e nex t  version ,  Cascade2 .  Befor e describin g th e 
progra m pe r  se ,  i t  i s wort h reviewin g s o m e recen t  wor k i n machin e learnin g tha t  appear s t o offe r  a n accoun t 
of  th e self-explanatio n effect . 

Explanation completion and explanation-based learning 

Becaus e th e G o o d student s see m t o lear n primaril y whil e explainin g examples ,  tw o type s o f  machin e 
learnin g ar e likel y candidat e models :  explanation-base d learnin g (Mitchell ,  Kelle r  &  Kedar-Cabelli ,  1986 ; 
DeJon g &  Mooney ,  1986 )  an d explanatio n completio n (VanLehn ,  1987 ;  Schank ,  1986) .  Explanation-base d 
learnin g (EBL )  i s a  larg e clas s o f  machine-learnin g algorithm s tha t  wor k a s follows .  Th e machin e ha s a 
domai n theor y tha t  i s  sufficien t  t o solv e a  wid e clas s o f  problems .  However ,  th e theor y i s expresse d i n a  w a y 
tha t  make s solutio n o f  nrws t  problem s computationall y infeasible .  Althoug h th e theor y ca n i n principl e solv e 
any proble m i n it s domai n give n infinit e computationa l  resources ,  i t  ca n i n practic e solv e onl y a  smal l  subse t 
of  th e problems .  E B L increase s th e performanc e o f  th e syste m a s measure d b y th e numbe r  o f  problem s i t 
ca n feasibl y solve ,  bu t  E B L doe s no t  chang e th e se t  o f  problem s tha t  i t  ca n solv e i n principle .  Explanatio n 
completio n (EC) ,  o n th e othe r  hand ,  i s a  clas s o f  learnin g algorithm s tha t  increas e th e se t  o f  problem s tha t 
ar e solvabl e i n principle .  T o pu t  i t  i n once-fashionabl e terms ,  E B L increase s th e performanc e o f  th e syste m 
but  no t  it s competence ,  whil e E C increase s it s competence .  The y ca n b e use d togethe r  t o increas e bot h 
competenc e an d performance . 
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Bot h E B L a n d E C requir e a s inpu t  a n e x a m p l e consistin g o f  a  p rob le m a n d it s solution .  Figur e 1  s h o w s 

o n e o f  th e e x a m p l e s u s e d i n th e Ch i  study .  T h e statemen t  o f  th e prob le m consist s o f  th e firs t  paragrap h a n d 
th e a c c o m p a n y i n g d iagram .  T h e y stat e th e physica l  situatio n a n d th e sough t  quantities .  T h e solutio n 
consist s o f  th e forc e d iagram ,  th e equation s a n d th e res t  o f  th e text .  T h e solutio n i s no t  a  complet e 
descriptio n o f  th e reasonin g processe s require d t o solv e th e problem .  Fo r  instance ,  ther e i s n o explanatio n 
of  th e m i n u s sig n i n th e equatio n f^=-F^cos(30* ' ) .  I n problem-solvin g terms ,  a n example ' s solutio n present s 

onl y s o m e o f  th e intermediat e state s alon g th e solutio n path ,  no t  al l  o f  t hem . 

Figur e 1 :  A  e x a m p l e f ro m Chi' s self-explanatio n stud y 

Figur e l a show s a n objec t  o f  weigh t  W hun g b y massles s strings .  Conside r  th e luio t  a l  th e junctio n o f  th e thre e string s t o b e 
'th e body *  Th e bod y remain s a t  res t  unde r  th e actio n o f  th e thre e force s show n I n Fig .  lb .  Suppos e w e ar e give n th e 
magnitud e o f  on e o f  thes e forces .  Ho w ca n w e fin d th e magnitud e o f  th e othe r  forces ? 

^^ c 

Fa,  Fg ,  an d F c ar e a f  th e force s actin g o n th e body . 

Since the body is unaccelerated, F* + Fb + Fc = 0 

CtwosirH)  the x- and f-ax«% as shown, we can write this vector 
equatio n a s thre e scala r  equations : 

Fax •  Fb x =•  0 , 
^Ay +  Ffl y +  FC y =  0 . 

usin g Eq .  5-2 .  Th e thir d scala r  equatio n to r  th e /-axi s i s simply : 
Faz =  Fb z =  Fe z =•  0 . 

That is. the vectors all lie in the x-/ plane so that they have no z 
components . 

From the figure we see that 
Fax =  -F a co s 30 °  =  -0.866Fa , 
FAy =  F a si n 30< » =  O.SOOFa. 

and 

Also . 

FBx =  F b co b 45" '  =  0.707FB . 
Fay =  F b si n 450 = 0.707FB . 

Fcy = -Fc = -W 
becaus e th e strin g C  merel y serve s t o transmi t  th e forc e o n on e en d 
t o th e junctio n a l  it s  othe r  end . 

Substituting these results Into our original equations, we obtain 
-0.866F A +  0.707F 8 =  0 
OSOOFa +  0.707F B -  W .  0 

If we are given the magnitude o( any one of these three forces, we 
can solv e thes e equation s fo r  th e othe r  two . 

For example, If W = 100 N. we obtain Fa x 73.3 N and Fb > 89.6 N. 

T h e firs t  ste p i n bot h E B L a n d E C i s t o explai n th e give n examp le .  Explainin g a n e x a m p l e i s jus t  lik e 
solvin g a  problem ,  bu t  i s m u c h easie r  computationall y b e c a u s e th e fina l  stat e a n d s o m e o f  th e intermediat e 
state s ar e available . 

E BL require s tha t  a n explanatio n b e foun d fo r  th e examp le .  T h e structur e o f  th e explanatio n d e p e n d s 
o n th e kin d o f  p rob le m solvin g u s e d fo r  th e tas k d o m a i n ,  i t  migh t  b e a  solutio n pat h consistin g o f  complet e 
lis t  o f  al l  intermediat e states .  I t  migh t  b e a  solutio n tree ,  consistin g o f  th e goals ,  subgoal s a n d primitiv e 
operator s applie d i n generatin g th e solution .  I t  migh t  b e a  causa l  networ k o f  instantiate d schemata .  T h e 
larg e variet y o f  problem-solvin g technique s necessitate s a  larg e variet y o f  explanatio n stmctures ,  a n d henc e 
a larg e variet y o f  E B L algorithms .  O n c e a n explanatio n structur e h a s b e e n found ,  th e E B L algorith m 
analyze s i t  i n orde r  t o fin d m e t h o d s t o s p e e d u p futur e proble m solvin g o n thi s kin d o f  problem .  Ther e ar e a 
variet y o f  m e t h o d s fo r  speedin g u p prob le m solving ,  s o ther e ar e als o a  variet y o f  analyti c technique s use d 
b y E B L algorithms . 

E C require s tha t  onl y a  partia l  explanatio n b e foun d fo r  th e give n examp le .  Fo r  instance ,  th e solve r 
migh t  b e abl e t o explai n everythin g i n Figur e 1  excep t  fo r  th e m i n u s sig n o f  F ^ = - F ^ c o s ( 3 0 ° ) .  T h e jo b o f  E C 
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i s  t o inven t  a  ne w piec e o f  knowledg e tha t  wil l  connplet e th e partia l  explanation .  Th e n e w piec e o f  knowledg e 
shoul d b e plausible ,  an d th e variou s way s o f  definin g "plausible "  lea d t o variou s kind s o f  E C algorithms . 
Sien- a (VanLehn ,  1987 )  evaluate d th e plausibilit y  o f  propose d completion s syntactically ,  b y measurin g thei r 
size .  Thi s implemente d a  for m o f  Occam' s Razor ,  whic h suggest s tha t  th e simples t  hypothesi s i s th e best ,  al l 
othe r  thing s bein g equal .  Othe r  E C program s hav e als o use d syntacti c plausibilit y  criteri a successfull y (e.g. , 
Berwick ,  1985 ;  Hall ,  1988) .  Schan k (1986 )  pioneere d th e us e o f  knowledge-base d evaluation s o f  plausibility . 
Completion s ar e mor e plausibl e i f  the y ar e consisten t  wit h know n explanatio n patterns .  Schank' s tas k 
domai n i s c o m m o n sens e theorie s o f  th e workJ ,  whic h explain ,  fo r  instance ,  wh y a  famou s rac e hors e migh t 
di e a t  th e heigh t  o f  hi s career .  Fo r  instance ,  on e o f  Schank' s explanatio n pattern s i s "kille d fo r  th e insuranc e 
money. "  Lewi s (1988 )  an d Anderso n (1989 )  us e explanatio n pattern s take n fro m th e causa l  attributio n 
literature ,  becaus e thei r  domai n theorie s concer n th e operatio n o f  physica l  devices .  Th e variatio n amon g E C 
algorithm s stem s mainl y fro m whethe r  the y us e syntacti c o r  knowledge-base d definition s o f  plausibility ,  an d 
fro m th e domain-dependen t  natur e o f  plausibility . 

Bot h E B L an d E C ar e consisten t  wit h th e mai n finding s o f  th e self-explanatio n studies .  Bot h learnin g 
technique s requir e explanatio n o f  th e examples ,  s o th e Poo r  students ,  w h o di d no t  explai n th e examples , 
coul d no t  engag e i n thes e learnin g processe s an d henc e shoul d lear n less .  Thi s explain s th e firs t  finding , 
whic h i s tha t  th e amoun t  o f  explanatio n give n example s correlate s wit h th e anDoun t  o f  learning .  Th e secon d 
findin g i s tha t  th e G o o d student s ten d t o say ,  " I  don' t  understan d that, "  wherea s th e Poo r  Student s ten d t o 
say ,  "Yes ,  tha t  make s sense. "  I f  E B L improve s proble m solving ,  the n th e proble m solvin g mus t  b e non -
optima l  a s th e studen t  trie s t o explai n th e example .  Thus ,  ther e mus t  b e s o m e investigatio n o f  fals e paths 
durin g exampl e explaining .  Assumin g tha t  th e learnin g proces s i s E B L explain s w h y th e Goo d student s ofte n 
make negativ e self-rwnitorin g statements .  E C ca n als o explai n thi s finding ,  fo r  i t  require s tha t  explanation s 
be onl y partial .  Failin g t o explai n a  par t  o f  th e exampl e i s wha t  cause s th e G o o d studen t  t o say ,  " I  don' t 
understan d that. "  I n summary ,  i t  seem s tha t  bot h correlation s see n i n th e self-explanatio n studie s ar e 
adequatel y explaine d b y t>ot h E C an d EBL .  A  fine r  analysi s o f  th e dat a i s necessar y i n orde r  t o tel l  whethe r 
th e sourc e o f  th e self-explanatio n effec t  i s  EBL ,  E C ,  bot h o r  neither . 

The analysi s presente d her e show s tha t  neithe r  E B L no r  E C i s adequat e fo r  explainin g th e self -
explanatio n effect .  Instead ,  w e propos e a  ne w learnin g technique ,  explanation-base d learnin g o f  correctnes s 
(EBLC) ,  tha t  seem s t o b e a  bette r  mode l  o f  th e self-explanatio n effec t  than  E B L and/o r  EC .  Th e followin g 
section s discus s th e inadequacie s o f  E B L an d E C ,  the n presen t  E B L C an d sho w ho w i t  overcome s thes e 
inadequacies . 

Explanation-based learning as an account of self-explanation 

If  EB L i s t o accoun t  fo r  th e self-explanatio n effect ,  the n student s woul d hav e t o acquir e a  complet e 
domai n theor y befor e studyin g th e exanrples .  Ther e ar e tw o reason s t o believ e tha t  thi s coul d no t  hav e 
occurred .  First ,  Ch i  e t  al .  (1989 )  teste d students '  knowledg e o f  Nev̂ rton' s law s jus t  befor e the y starte d 
studyin g th e examples .  Goo d an d Poo r  student s kne w onl y 5. 5 o f  th e 1 2 component s tha t  constitut e a 
complet e understandin g o f  th e laws ,  accordin g t o exper t  physicists .  Moreover ,  Goo d student s gaine d 3. 0 
component s durin g th e exampl e studying ,  wherea s th e Poo r  student s gaine d onl y 0.2 5 components .  Thes e 
finding s ar e no t  consisten t  wit h th e assumptio n tha t  th e student s ha d a  complet e understandin g o f  th e 
domai n befor e studyin g th e examples . 

The secon d reaso n fo r  doubtin g tha t  student s acquire d a  complet e domai n theor y prio r  t o studyin g th e 
example s i s tha t  th e example s presen t  importan t  informatio n tha t  i s jus t  no t  presente d anywher e earlie r  i n 
th e text .  Fo r  instance ,  th e concep t  o f  norma l  forc e i s presente d fo r  th e firs t  tim e i n th e examples .  Late r  w e 
shal l  presen t  a n analysi s showin g tha t  onl y 1 1 o f  th e 2 8 physic s rule s neede d fo r  solvin g th e Ch i  problem s 
ar e presente d i n th e chapter .  Th e othe r  1 7 ar e presente d fo r  th e firs t  tim e i n th e examples .  Basically ,  th e 
chapte r  devote s mos t  o f  it s  pros e t o th e experimenta l  evidenc e fo r  Newton' s law s an d thei r  history .  Proble m 
solvin g i s taugh t  b y example . 

I n short ,  th e hypothesi s tha t  E B L alon e ca n explai n th e self-explanatio n effec t  i s  inconsisten t  wit h th e 
detail s o f  th e experimenta l  an d textua l  evidence .  Thus ,  th e caus e o f  th e effec t  mus t  b e eithe r  E C ,  a 
combinatio n o f  E C an d EBL ,  o r  somethin g new . 

Explanation completion in Cascade 

The nex t  ste p i n th e argumen t  i s t o asses s whethe r  E C ca n explai n th e self-explanatio n effect .  T o d o 
so,  w e constnjcte d Cascadel ,  a  simpl e proble m solve r  tha t  leam s vi a explanatio n completion .  A s wil l  b e 
see n later ,  th e particula r  for m o f  E C use d i n Cascade l  form s th e basi s o f  explanation-base d learnin g o f 
correctnes s (EBLC) ,  whic h i s th e learnin g techniqu e tha t  seem s mos t  likel y t o b e th e caus e o f  th e self -
explanatio n effect .  Thus ,  w e wil l  discus s Cascade l  i n s o m e detail . 
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Becaus e Cascade l  onl y test s E C an d no t  EBL ,  i t  doe s no t  nee d th e model s o f  memory ,  elementar y 
processes ,  an d s o fort h tha t  a  cognitiv e performanc e mode l  requires .  Therefor e w e chos e a  problem-solvin g 
framewor k tha t  i s eas y t o wor k wit h eve n thoug h i t  i s  no t  plausibl e a s a  cognitiv e architecture .  Cascade l 
represent s knowledg e a s Hor n clause s an d use s backward s chainin g a s i t  sol e problem-solvin g method . 
Thus ,  Cascade l  starte d ou t  a s a  versio n o f  pur e Prolog .  (Description s o f  thi s typ e o f  proble m solve r  ca n b e 
foun d i n mos t  recen t  A l  textbooks ,  e.g. ,  Charnia k &  McDermott ,  1986. )  A s discusse d later ,  extr a mechanism s 
wer e adde d i n orde r  t o m a k e E C wor k correctly . 

It  turne d ou t  t o b e quit e simpl e t o us e thi s proble m solvin g architectur e t o explai n examples ,  rathe r 
tha n solv e problems .  Durin g proble m solving ,  th e problem' s given s ar e encode d a s fact s an d th e sough t 
value s ar e specifie d a s a  goal .  B y derivin g (proving )  th e goa l  fro m th e facts .  Cascad e produce s value s fo r 
th e sough t  quantities .  Fo r  instance ,  fo r  th e proble m i n Figur e 1 ,  th e to p leve l  goa l  woul d tie : 

F=magnitude(force(block,string,tension)) ,  an d 
N=magnitude(force(block,plane,normal) ) 

I n th e proces s o f  provin g thes e statements ,  specifi c  value s fo r  th e variabl e F  an d N  woul d b e calculated . 
Th e simples t  wa y t o mode l  th e explanatio n o f  a n exampl e i s t o as k Cascade l  t o prov e tha t  th e fina l  answe r 
i s correct .  Thus ,  th e followin g woul d b e use d fo r  th e exampl e o f  Figur e 1 : 

nnass(block)*g*sin(angle(plane,horizontal))=magnitude(force(block,string,tension)) ,  an d 

mass(block)*g*cos(angle(plane,horizontal))=magnitude(force(block,plane,normal) ) 

Specift e expression s hav e bee n substitute d fo r  F  an d N  i n th e to p leve l  goal .  Bu t  thi s formalizatio n o f 
exampl e explainin g i s to o simple ,  fo r  i t  omit s al l  th e intermediat e stat e informatio n give n b y th e example . 
Therefor e w e represen t  th e exampl e a s a  sequenc e o f  subprobtems ,  suc h a s generatin g th e free-bod y 
diagram ,  generatin g th e vecto r  equation ,  choosin g coordinat e axe s an d generatin g th e scala r  equations . 
Explainin g a n exampl e i s modele d b y havin g Cascade l  prov e correc t  th e example' s answer s t o eac h o f 
thes e subproblems . 

We invente d a  ver y simpl e typ e o f  E C fo r  Cascadel .  Wheneve r  th e backward s chaine r  fail s  t o prov e 
th e curren t  goa l  (whic h coul d b e a  subgoa l  o f  som e highe r  goal )  usin g th e regula r  rules ,  i t  trie s t o prov e i t 
usin g specia l  njle s tha t  correspon d t o Schank' s explanatio n patterns .  W e foun d tha t  onl y tw o o f  thes e 
specia l  mle s wer e necessary .  Th e firs t  mie .  Generalize d Distribution ,  i s  a n overgeneralizatio n o f  th e 
arithmeti c principl e o f  distribution .  Fo r  instance ,  i t  woul d sanctio n tx)t h a{b+c)=ab+a c an d 
log{lH-c)=log{b)+log(c )  eve n thoug h th e latte r  i s  incorrect .  Th e secon d njle .  Propert y Valu e Conservation , 
comes fro m a  genera l  propert y o f  mathematica l  calculations ,  whic h i s tha t  the y ten d t o mov e symbol s aroun d 
but  no t  destro y them .  Th e particula r  cas e addresse d b y th e rul e involve s symbol s tha t  ar e th e value s o f  a n 
object' s properties .  Th e njl e state s tha t  i f  initiall y  P(x)=V ,  wher e x  i s s o m e object ,  P  i s a  propert y an d V  i s a 
value ,  an d late r  i t  i s  observe d tha t  Q(x)=V .  the n i t  i s  likel y tha t  P(x)=Q(x) .  Tha t  is ,  th e explanatio n fo r  Q(x ) 
havin g valu e V  i n th e exampl e i s tha t  Q(x )  alway s ha s th e s a m e valu e a s P(x )  an d tha t  P(x)= V i n th e 
example . 

Addin g thi s mechanis m o f  E C t o th e Hor n claus e architectur e w a s ver y simple .  I t  require d onl y tw o 
changes .  I n orde r  t o m a k e th e rule s general ,  w e ha d t o allo w pattern-matchin g variable s i n predicat e 
position s an d functio n positions .  Tha t  is ,  i n orde r  t o ge t  th e overgeneralize d distributio n ail e t o matc h bot h 
log(aZ? )  an d s\n(ab) ,  w e ha d t o us e a  pattern-matchin g variabl e i n a  functio n position ,  wher e pur e Prolo g 
woul d onl y allo w a  pattern-matchin g constant .  Secondly ,  i n orde r  t o hav e th e applicatio n o f  thes e rule s 
actuall y chang e th e rule s tha t  represen t  th e subjects '  physic s knowledge ,  w e ha d t o hav e the m writ e a  ne w 
rul e int o th e rul e base .  Thi s w a s accomplishe d b y addin g a  versio n o f  Prolog' s "assert "  predicate .  Testin g 
thi s predicat e cause s it s argument ,  a  ne w aile ,  t o b e adde d t o th e ail e base . 

O ne mechanis m tha t  w e di d no t  nee d w a s an y kin d o f  meta-leve l  d e m o n tha t  woul d watc h fo r  failures , 
wres t  contro l  fro m th e norma l  interprete r  jus t  befor e i t  w a s abou t  t o backup ,  an d caus e th e specia l  rule s t o b e 
ru n instead .  Instead ,  w e jus t  adde d th e specia l  rule s a t  th e en d o f  th e lis t  o f  rules .  Becaus e Cascade l  trie s 
th e aile s i n order ,  th e specia l  aile s woul d b e trie d onl y afte r  al l  th e norma l  rule s ha d bee n tried .  I f  the y to o 
failed ,  onl y the n woul d Cascade l  bac k up . 

It  rapidl y becam e clea r  tha t  searc h ha d t o b e ver y carefull y controlle d i f  thi s simpl e approac h t o E C 
w as t o work .  Ever y tim e th e norma l  njle s fail ,  Cascade l  trie s t o learn .  Sometime s i t  woul d lear n ne w 
clause s eve n w h e n w e didn' t  wan t  i t  to .  Th e Propert y Valu e Conservatio n rul e w a s particularl y nast y a t  this . 
If  Cascade l  wen t  d o w n a  ba d searc h path ,  ther e w a s a  goo d chanc e tha t  th e ml e woul d postulat e a  spuriou s 
connectio n betwee n tw o propert y values ,  causin g th e searc h t o succee d w h e n i t  shouldn' t  have . 

Althoug h w e m a d e severa l  change s i n orde r  t o contro l  th e search ,  th e mos t  effectiv e an d interestin g 
on e w a s t o ad d cachin g t o Cascadel .  Wheneve r  Cascade l  prove d a  goal ,  i t  woul d b e adde d t o th e fron t  o f 
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th e lis t  o f  fact s (normally ,  th e lis t  o f  fact s contain s onl y th e informatio n give n i n th e problem) .  Cachin g doe s 
not  chang e th e competenc e o f  Cascadel ,  bu t  I t  doe s chang e th e orde r  i n whic h i t  investigate s searc h paths . 
W h en tryin g t o prov e a  goal ,  r t  firs t  check s th e fac t  list ,  startin g a t  th e front .  Puttin g ne w statement s a t  th e 
fron t  o f  th e fac t  liŝ .̂ ive s Cascade l  a  recenc y effect .  Statement s tha t  i t  ha s t>ee n thinkin g abou t  recentl y wil l 
be considere d firs t  w h e n tryin g t o prov e a  ne w goal .  I n thi s tas k domain ,  recenc y s e e m s t o hel p Cascade l 
tak e th e correc t  searc h pat h first .  Thi s i n tu m reduce d th e amoun t  o f  mislearning . 

Computational sufficiency 

Cascadel' s E C techniqu e i s s o simpl e tha t  ther e i s s o m e doub t  a s t o whethe r  i t  i s  computationall y 
sufficien t  t o lear n al l  th e rule s tha t  a  subjec t  migh t  lear n whil e explainin g examples .  I n orde r  t o tes t  it s 
computationa l  sufficiency ,  w e pu t  Cascade l  t o th e followin g test . 

First ,  w e develope d a  se t  o f  njle s sufficien t  t o correctl y solv e al l  th e problem s i n th e Ch i  experiment . 
We trie d t o m a k e thi s rul e se t  a  faithfu l  representatio n o f  th e G o o d students '  knowledg e b y comparin g it s 
behavio r  t o th e behavio r  o f  th e G o o d student s o n th e fina l  problem s i n th e Ch i  experiment .  Ther e wer e 11 1 
rule s i n thi s set . 

Next ,  w e classifie d eac h ml e accordin g t o wher e i t  coul d hav e firs t  bee n learned ,  usin g th e followin g 
classifications .  Th e number s i n parenthese s ar e th e numbe r  o f  mle s i n eac h classification . 

•  Tex t  (11) .  Mentione d i n th e textboo k prio r  t o th e examples . 
•  Example s (17) .  Use d fo r  th e firs t  tim e i n th e examples . 
•  Mat h (50) .  Learne d befor e th e physic s study . 
•  C o m m on sens e (17) .  Learne d befor e th e physic s study . 

I n addition ,  1 6 rule s wer e classifie d a s non-knowledge ,  sinc e the y merel y change d th e forma t  o f  variou s dat a 
structure s withou t  modifyin g thei r  content .  The y ar e artifact s o f  th e formalization . 

Next ,  w e determine d whethe r  Cascade l  coul d lear n eac h o f  th e 1 7 rule s tha t  ar e use d fo r  th e firs t  tim e 
i n th e examples .  Thes e rule s ar e liste d i n tabl e 1 .  Th e testin g procedur e w a s simpl y t o delet e th e ml e fro m 
th e rul e set ,  hav e Cascade l  explai n th e examples ,  an d se e i f  i t  regenerated  th e rule . 

Table 1: Rules to be learned while explaining examples 

1.  I f  al l  th e force s o n a  bod y ar e collinear ,  the n th e acceleratio n o f  th e bod y mus t  b e alon g tha t  line . 
2.  I f  a  bod y i s slidin g alon g a n incline d plane ,  the n th e acceleratio n o f  th e bod y i s paralle l  t o th e plane . 
3.  I f  a  bod y i s supporte d onl y b y a n incline d plane ,  th e acceleratio n ha s a  downward s sense . 
4.  A  norma l  forc e i s perpendicula r  t o th e surfac e causin g it . 
5.  A  norma l  forc e point s up . 
6.  I f  a  strin g ha s parts ,  the n a  tensio n forc e o n a  bod y cause d b y th e strin g i s paralle l  t o th e par t 

of  th e strin g attache d t o th e body . 
7.  I f  a  strin g ha s n o parts ,  the n a  tensio n forc e o n a  bod y attache d t o th e strin g i s paralle l  t o th e string . 
8.  I f  a  strin g pull s u p o n a  body ,  the n th e tensio n forc e o n th e bod y ha s a n upward s sense . 
9.  I f  a  strin g pull s d o w n o n a  body ,  the n th e tensio n forc e o n th e bod y ha s a  downward s 

sense . 
10.  Th e magnitud e o f  a  tensio n forc e cause d b y a  strin g i s equa l  t o th e string' s tension . 
11.  I f  tw o block s han g fro m a  strin g tha t  run s ove r  a  pulley ,  the n thei r  acceleration s ar e equa l 

i n magnitude . 
12.  I f  tw o block s han g fro m a  strin g tha t  ain s ove r  a  pulley ,  the n thei r  acceleration s hav e 

opposit e senses :  on e u p an d th e othe r  down . 
13.  A  kno t  ca n b e a  body . 
14.  Projection(L=R,axis )  i s  Projection(L,axis)=Projection(R,axis) .  Projectio n ont o a n axi s 

distribute s ove r  equations . 
15.  I f  S  i s a  scala r  an d V  i s a  vector ,  the n Projection(S*V,axis )  i s  S*Projection(V,axis) . 
16.  W h e n al l  force s o n a  bod y ar e collinear ,  th e free-bod y diagra m ha s onl y on e axis . 
17.  W h e n tw o force s o n a  bod y ar e perpendicular ,  th e free-bod y diagra m shoul d hav e a n axi s 

aligne d wit h eac h o f  them . 

Generalized distribution was able to learn rule 14, and a small modification of it would suffice to learn 
rul e 15 .  Thes e ar e th e onl y tw o rule s tha t  hav e th e right  for m fo r  learnin g b y Generalize d distribution .  M a n y 
rule s hav e roughl y th e righ t  forma t  fo r  the m t o b e learne d b y Properl y Valu e Conservation ,  bu t  Properl y 
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Valu e Conservatio n w a s abl e t o lear n onl y rule s 6 ,  7  an d 10 .  It' s  inabilit y  t o lear n mle s 4 ,  8  an d 9  ar e du e t o 
it s inabilit y t o calculat e on e valu e give n another .  Fo r  instance ,  rul e 4  need s t o assig n a  valu e t o th e 
inclinatio n o f  a  norma l  force ,  bu t  th e valu e i t  assign s i s no t  simpl y th e valu e o f  a n existin g property .  Rather , 
th e norma l  force' s inclinatio n i s 9 0 degree s plu s th e plane' s inclination .  Althoug h Propert y Valu e 
Conservatio n i s no t  powerfu l  enoug h t o lear n thes e rules ,  i t  i s  clea r  h o w t o creat e a  n e w explanatio n patter n 
tha t  could .  Th e basi c mechanis m o f  E C i s no t  threatene d b y th e inabilit y o f  Cascade l  t o lear n thes e thre e 
rules . 

Rule s 1 ,2 ,11 ,1 2 an d 1 7 presen t  a  mor e difficul t  problem .  Thei r  condition s ar e to o complicate d fo r 
Propert y Valu e Conservatio n t o regenerate .  Propert y Valu e Conservatio n woul d produc e a  subse t  o f  th e 
rule' s conditions ,  thu s creatin g a n overl y genera l  mle .  Rule s 3 ,  5 ,  1 3 an d 1 6 hav e thi s s a m e proble m an d 
anothe r  on e a s well .  The y assig n a  valu e t o a  propert y tha t  doe s no t  c o m e fro m s o m e pre-existin g property' s 
value .  The y violat e th e essentia l  featur e o f  Propert y Valu e Conservation ,  whic h i s  tha t  valu e symbol s ar e 
conserved ,  b y creatin g a  valu e ou t  o f  thi n air ,  a s i t  were .  Altogether ,  thes e 9  mle s indicat e tha t  ther e ar e 
seriou s problem s wit h Cascadel' s learning . 

U p on reflection ,  i t  s e e m s tha t  th e culpri t  i s th e explanation-patter n approac h t o E C .  A n explanatio n 
pattern ,  especiall y a s implemente d i n Cascadel ,  i s  jus t  anothe r  rule ,  albei t  a n overl y general ,  possibl y 
incorrec t  one .  I f  explanatio n pattern s ar e viewe d a s par t  o f  th e domai n theory ,  the n thi s approac h t o learnin g 
i s reall y a  fom i  o f  EBL .  See n thi s way ,  th e underlyin g proble m i n Cascade l  become s apparent .  I t  expect s t o 
lear n fro m th e applicatio n o f  a  singl e rule .  Tha t  i s  lik e insistin g tha t  E B L onl y lear n fro m a  one-ste p 
explanation .  Clearty ,  thi s i s  no t  powerfu l  enough .  Fo r  instance ,  on e w a y t o lear n rul e 2  i s t o reaso n a s 
follows : 

(1 )  I f  a  bod y slide s alon g a  surface ,  the n it s velocit y i s paralle l  t o th e surface .  (2 )  I f  a  bod y slide s alon g a  fla t 
surface ,  the n it s velocit y i s straight .  (3 )  A n incline d plan e i s a  fla t  surface .  (4 )  i f  th e velocit y o f  a n objec t  i s 
straight ,  the n it s acceleratio n i s paralle l  t o it s velocity .  (5 )  I f  A  i s paralle l  t o B  an d B  i s paralle l  t o C ,  the n A  i s 
paralle l  t o C .  Fro m thes e 5  statements ,  i t  follow s that :  i f  a  bod y slide s alon g a n incline d plane ,  the n it s 
acceleratio n i s paralle l  t o th e plane . 

Thi s multi-ste p explanatio n require s quit e a  bi t  o f  c o m m o n sens e an d mathematica l  knowledge ,  s o i t  i s 
unlikel y tha t  a  singl e explanatio n patter n woul d exis t  fo r  it .  However ,  becaus e c o m m o n sense ,  an d naiv e 
physic s i n particular ,  ca n b e notoriousl y inaccurate ,  suc h multi-ste p explanatio n retai n a n importan t  propert y 
of  explanatio n patterns ,  whic h i s tha t  the y ar e no t  guarantee d t o b e correct .  Indeed ,  ou r  intuitio n i s tha t  mos t 
student s w h o explai n ml e 3  woul d leav e ou t  th e stipulation s involvin g flatnes s an d straightness .  Thi s woul d 
produc e th e s a m e correc t  conclusio n eve n thoug h i t  use s incorrec t  mles . 

Thus ,  th e righ t  w a y t o vie w thi s for m o f  learnin g i s tha t  th e machin e firs t  trie s t o us e correc t  knowledge , 
but  w h e n tha t  fail s t o explai n something ,  i t  use s a  mixtur e o f  correc t  an d highl y general ,  possibl y incorrec t 
knowledge .  I f  thi s succeeds ,  i t  store s th e explanatio n awa y fo r  us e i n late r  proble m solving .  Th e usua l  EB L 
processe s ca n b e use d t o replac e s o m e o f  th e constant s appearin g i n th e explanatio n wit h variables ,  thu s 
generalizin g th e explanatio n int o a  mle .  Presumably ,  i f  thi s ne w ml e i s  ofte n use d wit h succes s i n late r 
proble m solving ,  th e machine' s estimat e o f  it s  correctnes s wil l  graduall y increase . 

Thi s learnin g proces s i s no t  exactl y EBL .  I n EBL ,  th e ne t  effec t  i s  a n increas e i n th e spee d o r 
efficienc y o f  th e computation .  Althoug h thi s m a y als o occu r  i n thi s learnin g process ,  th e mor e importan t 
effec t  i s  a n increas e i n th e numbe r  o f  problem s tha t  ca n b e answere d wit h hig h probabilit y o f  a  correc t 
answer .  A s fa r  a s w e know ,  thi s i s  a n entirel y n e w typ e o f  machin e learning ,  s o w e hav e give n i t  a  name : 
explanation-base d learnin g o f  correctnes s o r  E B L C .  I t  cleart y desen/e s mor e exploration .  W e pla n t o d o s o 
i n th e contex t  o f  th e nex t  versio n o f  Cascade . 

I n summary ,  w e hav e foun d tha t  Cascade l  * s approac h t o E C ,  whic h w a s base d o n one-ste p 
applicatio n o f  explanatio n patterns ,  w a s no t  computationall y sufficien t  t o lear n al l  th e mle s tha t  subject s 
migh t  lear n fro m th e examples .  However ,  w e discovere d a  n e w learnin g process ,  E B L C ,  whic h i s bot h a  kin d 
of  E C an d a  kin d o f  EBL .  Thi s n e w learnin g techniqu e seem s abl e t o lear n al l  th e mles ,  an d plan s ar e bein g 
m a de t o tes t  it . 

Protocol evidence for the explanation completion 

Thi s sectio n analyze s protoco l  dat a a s a  secon d argumen t  t o sho w tha t  explanatio n completio n i s no t 
a goo d accoun t  fo r  th e self-explanatio n effect .  Alon g th e way ,  mor e evidenc e i s accumulate d abou t  th e 
natur e o f  self-explanatio n tha t  wil l  shap e th e fina l  definitio n o f  EBLC ,  whic h i s presente d i n th e sectio n 
followin g thi s one . 

I n bot h Cascadel' s E C a s wel l  a s an y othe r  kin d o f  EC ,  th e missin g mle s i n th e knowledg e bas e 
determin e whic h part s o f  a n exampl e canno t  b e explained .  Thus ,  w e ca n tes t  th e hypothesi s tha t  E C 
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underlie s th e self-explanatio n effec t  withou t  knowin g th e precis e detail s o f  th e E C process .  W e nee d onl y 
examin e th e part s o f  th e protoco l  wher e a n E C proces s woul d hav e t o occur ,  give n ou r  assumption s abou t 
whic h rule s ar e missin g fro m th e subject' s knowledge .  Thi s sectio n discusse s suc h a n analysis . 

We analyze d th e protoco l  o f  on e subject ,  S101 ,  w h o wa s a  particularl y articulat e G o o d student ,  a s h e 
studie d example s an d solve d problems .  Fo r  eac h o f  th e 1 7 mie s i n tabl e 1 ,  w e expecte d t o fin d s o m e sig n o f 
rul e acquisitio n i n a t  leas t  on e o f  th e place s wher e tha t  rul e coul d potentiall y  b e used .  Protoco l  analyse s b y 
ourselve s an d other s (VanLehn ,  1989a ;  VanLehn ,  1989b ;  Siegle r  &  Jenkins ,  1989 )  foun d tha t  9 0 % o f  th e 
place s wher e a  njl e w a s acquire d (a s determine d b y a  shif t  i n th e subject' s late r  behavior) ,  th e protoco l  w a s 
marke d eithe r  b y a  lon g pause ,  o n th e orde r  o f  2 0 second s o r  more ,  o r  b y extende d comment s abou t  th e 
discoverin g activity .  Usin g thes e criteria ,  w e locate d eac h plac e i n th e protoco l  wher e on e o f  th e 1 7 njle s 
coul d b e use d an d carefull y analyze d th e tex t  i n tha t  vicinity .  W e als o examine d th e res t  o f  th e protoco l 
lookin g fo r  obviou s sign s o f  rule s bein g learned . 

We foun d 5  clea r  case s o f  rule s bein g discovere d i n th e S I  0 1 protocol .  However ,  onl y on e o f  thes e 5 
rul e acquisitio n event s corresponde d t o an y o f  th e 1 7 rul e acquisitio n event s predicte d b y th e E C hypothesis . 
Of  th e remainin g 4  cases ,  on e resulte d i n th e acquisitio n o f  a n incorrect ,  bugg y njl e an d 3  involve d 
acquisitio n o f  qualitativ e physic s rules .  Becaus e th e Cascade l  simulatio n nrx)dele d onl y th e acquisitio n o f 
quantitative ,  correc t  knowledge ,  i t  di d no t  predic t  4  o f  th e 5  observe d learnin g events .  B y tunin g th e 
Cascade l  simulatio n t o SIOI' s prio r  knowledg e an d simulatin g hi s thirs t  fo r  a  qualitativ e explanatio n a s wel l 
as a  quantitativ e one ,  i t  m a y b e possibl e fo r  Cascade l  t o accoun t  fo r  al l  5  o f  SIOI' s learnin g events ,  s o w e 
do no t  vie w thi s aspec t  o f  th e mismatc h betwee n dat a an d prediction s a s particularl y informative .  I n 
particular ,  i t  doesn' t  tel l  u s muc h abou t  th e abilit y  o f  E C t o mode l  S10 1 ' s learning . 

The mor e informativ e resul t  i s  tha t  onl y on e o f  th e predicte d ml e acquisitio n event s showe d u p i n th e 
protoco l  data .  A t  al l  th e othe r  places ,  th e subjec t  jus t  use d th e rul e wit h n o mor e commentin g no r  pausin g 
tha n h e typicall y exhibite d durin g othe r  part s o f  th e protocol .  Althoug h th e informalit y o f  thi s analysi s make s 
th e findin g quit e tentative ,  i t  i s  consisten t  wit h th e hypothesi s tha t  th e firs t  us e o f  1 6 o f  th e 1 7 rule s evoke d n o 
more cognitiv e processin g tha n ordinar y rul e applicatio n would . 

It  coul d b e tha t  ther e w a s n o sig n o f  learnin g thes e 1 6 rule s becaus e th e rule s wer e alread y known . 
Perhap s thos e 1 6 mle s ar e actuall y presente d b y th e tex t  befor e th e examples ,  an d w e overlooke d them . 
We reanalyze d th e chapte r  lookin g specificall y fo r  thos e rules ,  an d coul d fin d n o sign s o f  them .  Anothe r 
possibilit y  i s  tha t  th e subjec t  learne d thes e 1 6 rule s i n hi s hig h schoo l  physic s course .  However ,  i t  woul d b e 
unlikel y fo r  hi m t o recal l  s o m a n y o f  them ,  especiall y whe n th e score s fro m th e tes t  o n th e component s o f 
Newton' s law s indicate d grav e deficiencie s i n Goo d studen t  knowledg e prio r  t o studyin g examples .  I f  th e 
subjec t  di d no t  lear n th e rule s befor e th e experimen t  an d di d no t  lear n the m whil e readin g th e tex t  tha t 
precede s th e examples ,  the n h e mus t  hav e learne d th e rule s durin g th e example s usin g a  learnin g proces s 
tha t  doe s no t  generat e lon g pause s o r  unusua l  comment s i n th e protocols . 

Conclusions 

The finding s fro m bot h th e computationa l  sufficienc y analysi s an d th e protoco l  analysi s ca n b e 
explaine d i f  self-explanatio n i s nrxjdele d b y explanation-base d learnin g o f  correctnes s (EBLC) .  E B L C i s 
base d o n th e followin g thre e assumptions .  (1 )  Rule s ar e no t  dichotomize d a s correct ,  prope r  component s o f 
th e domai n theor y versu s incorrect ,  heuristic ,  overl y genera l  explanatio n patterns .  Instead ,  th e correctnes s i s 
a continuou s quantity .  (2 )  Learner s prefer s t o us e mor e correc t  aile s befor e les s correc t  ones .  I f  the y ar e 
force d t o us e rule s wit h ver y lo w correctnes s values ,  the n the y migh t  complain ,  paus e o r  sho w othe r  sign s 
tha t  woul d normall y b e interprete d a s a  proble m solvin g impasse .  (3 )  Wheneve r  a  rul e i s use d i n a 
successfu l  explanation ,  a  mor e specifi c  versio n o f  th e rul e i s create d an d store d i n memory .  Th e correctnes s 
valu e o f  th e ne w rul e i s highe r  tha n th e ol d on e becaus e i t  participate d i n a  successfu l  explanation . 

E B LC blur s th e distinctio n betwee n E B L an d E C b y blurrin g th e distinctio n betwee n a  complet e 
explanatio n an d a  partia l  one .  Accordin g t o E B L C ,  student s estimat e a n explanatio n a s mor e o r  les s correct , 
dependin g o n whic h rule s ar e use d i n formin g it .  W h e n student s ge t  feedbac k fro m th e textboo k o r  a  teache r 
on th e actua l  correctnes s o f  a n explanation ,  the y updat e thei r  estimate s o f  th e correctnes s o f  th e rule s used . 
The simplicit y an d rationalit y o f  thi s nrrade l  i s  rathe r  compelling . 

Moreover ,  i t  make s sens e o f  th e protoco l  findings .  S i  0 1 di d no t  paus e o r  complai n w h e n applyin g 1 6 
of  th e 1 7 rule s tha t  shoul d hav e bee n firs t  generate d durin g th e explanatio n o f  examples .  W e ca n accoun t 
fo r  thi s b y assumin g tha t  h e didn' t  appl y th e rule s pe r  se ,  bu t  use d general ,  c o m m o n sens e reasonin g 
instead .  However ,  thes e c o m m o n sens e rule s wer e apparentl y correc t  enoug h tha t  th e subjec t  di d no t  paus e 
or  complain . 

Steppin g bac k t o loo k a t  th e overal l  argument ,  w e hav e achieve d ou r  origina l  goa l  o f  determinin g 
whethe r  self-explanatio n w a s primaril y du e t o EBL ,  E C o r  somethin g else .  Th e mos t  plausibl e hypothesi s i s 
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tha t  self-explanatio n i s du e t o EBLC ,  whic h i s txDt h a  typ e o f  EB L an d EC .  Moreover ,  fro m a  computer -

scienc e perspective ,  w e hav e com e t o th e nove l  (t o u s a t  least )  conclusio n tha t  whe n a  learne r  use s 
plausibl e reasonin g rathe r  tha n logicall y correc t  reasoning ,  the n EB L an d E C ar e actuall y th e sam e 
processes .  Thi s conclusio n ma y she d ne w ligh t  o n othe r  part s o f  cognitiv e science .  Fo r  instance ,  i t  blur s th e 
distinctio n betwee n competenc e o r  knowledge-leve l  leamin g (suc h a s EC )  an d performanc e o r  symbol-leve l 
learnin g (suc h a s EBL) . 

Acknowledgments 

Thi s researc h wa s supporte d b y th e Offic e o f  Nava l  Research' s Cognitiv e Science s Program ,  contrac t 
N00014-88-K-008 6 an d b y th e Offic e o f  Nava l  Research' s Compute r  Science s Division ,  contrac t  N00014-86 -
K-0678 . 

References 

Anderson, J.R. (1989). A theory of the origins of human knowledge. Artificial Intelligence, 40(1-3). 331-352. 

Berwick, R. (^985). The Acquisition of Syntactic Knowledge. Cambridge, f^A: MIT Press. 

Charniak, E. & McDermott, D. (1986). Introduction to Artificial Intelligence. Reading, MA: Addison-Wesiey. 

Chi, M.T.H., Bassok, M., Lewis, M., Reimann, P. & Glaser, R. (1989). Self explanations: How students 
stud y an d us e example s i n learnin g t o solv e problems .  Cognitiv e Science ,  13,145-182 . 

DeJong, G. & Mooney, R. (1986). Explanation-based learning: An alternative view. Machine Learning. 1{Z), 
145-176 . 

Ferguson-Hessler, M.G.M. & de Jong, T. (1990). Studying physics tests: Differences in study processes 
betwee n goo d an d poo r  performers .  Cognitio n an d Instruction ,  7(1) ,  41-54 . 

Hall, R. (1988). Learning by failing to explain: Using partial explanations to leam in incomplete and 
intractabl e domains .  Machin e Learning ,  3(1) ,  45-78 . 

Lewis, C. (1988). Why and how to learn why: Analysis-based generalization of procedures. Cognitive 
Science ,  72,211-256 . 

Mttchell, T.M., Keller, R.M. & Kedar-Cabelll. S.T. (1986). Explanation-based generalization: A unifying view. 
Machin e Learning ,  7(1) ,  47-80 . 

Pirolli, P. & Bielaczyc, K. (1989). Empirical analyses of self-explanation and transfer in learning to program. 
I n G .  Ohiso n &  E .  Smit h (Ed.) ,  Proceeding s o f  th e Annua l  Conferenc e o f  th e Cognitiv e Scienc e 
Society .  Hillsdale ,  NJ :  Eribaum . 

Schank, R.C. (1986). Explanation Patterns: Understanding mechanically and creatively. Hillsdale, NJ: 
Eribaum . 

Siegler, R.S. & Jenkins. E.A. (1989). How children discover new strategies. Hillsdale. NJ: Eribaum. 

VanLehn. K. (1987). Learning one subprocedure per lesson. Artificial Intelligence, 37(1), 1-40. 

VanLehn, K. (1989). Rule acquisition events in the discovery of problem solving strategies. Submitted for 
publication .  Currentl y availabl e a s technica l  repor t  PCG-17 ,  Dept .  o f  Psychology ,  Carnegie-Mello n 
University . 

VanLehn, K. (1989). Learning events in the acquisition of three skills. In G. Ohison & E. Smith (Ed), 
Proceeding s o f  th e Annua l  Conferenc e o f  th e Cognitiv e Scienc e Society .  Hillsdale ,  NJ :  Eribaum . 

724 


	cogsci_1990_717-724



