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Abstrac t 
Severa l  investigation s hav e foun d tha t  student s lear n 
more whe n the y explai n example s t o themselve s whil e 
studyin g them .  Moreover ,  the y refe r  les s ofte n t o 
th e example s whil e solvin g problems ,  an d the y rea d 
les s o f  th e exampl e eac h tim e the y refe r  t o it .  Thes e 
findings ,  collectivel y calle d th e self-explanatio n effect , 
have bee n reproduce d b y ou r  cognitiv e simulatio n pro -
gram.  Cascade .  Cascad e ha s tw o kind s o f  learning .  I t 
learn s ne w rule s o f  physic s (th e tas k domai n use d i n 
th e huma n dat a modeled )  b y resolvin g impasse s wit h 
reasonin g base d o n overly-general ,  non-domai n knowl -
edge.  I t  acquire s procedura l  competenc e b y storin g 
it s derivation s o f  proble m solution s an d usin g the m 
as analog s t o guid e it s searc h fo r  solution s t o nove l 
problems .  Thi s pape r  discusse s severa l  run s o f  Cas -
cade wherei n th e strategie s fo r  explainin g example s i s 
varie d an d th e initia l  domai n knowledg e b  hel d con -
stant .  Thes e computationa l  experiment s demonstrat e 
th e computationa l  sufficienc y o f  a  strategy-base d ac -
coun t  fo r  th e self-explanatio n effect . 

Introduction 

The long-ter m goa l  o f  th e Cascad e projec t  i s  t o de -
velo p a  mode l  o f  knowledg e acquisitio n i n scientifi c 
tas k domains .  Th e short-ter m goa l  i s  t o mode l  th e 
self-explanatio n effect .  Cascad e ha s bee n teste d usin g 
dat a fro m a  stud y b y Chi ,  Bassok ,  Lewis ,  Reiman n an d 
Glase r  (1989 )  wh o studie d student s learnin g classica l 
particl e dynamics ,  th e first  topi c i n a  typica l  first-year 
colleg e physic s course .  Th e 8  subject s studie d th e first 
thre e chapter s o f  colleg e textbook ,  the n rea d th e pros e 
par t  o f  a  chapte r  o n Newton' s laws .  The y too k a  tes t 
on thei r  understandin g o f  th e chapter ,  the n studie d 3 
worke d example s an d solve d 2 5 problems .  Protocol s 
were take n a s the y studie d th e example s an d solve d 
th e problems .  O n th e basi s o f  th e score s o n proble m 
solving ,  th e 8  subject s wer e divide d tw o groups .  Th e 4 
student s wit h th e highes t  score s wer e calle d th e Goo d 
solvers ;  th e other s wer e calle d Poo r  solvers .  Sinc e th e 
student s i n bot h group s score d th e sam e o n pre-tests , 
th e Goo d solver s see m t o hav e learne d mor e durin g 
th e experimen t  (bu t  se e discussio n below) .  Usin g pro -
toco l  analysis ,  Ch i  e t  al .  attempte d t o find  ou t  ho w 
th e Goo d solver s manage d t o lear n mor e tha n th e Poo r 
solver s fro m th e sam e material .  The y foun d fiv e dif -
ferences : 
1.  Th e Goo d solver s uttere d mor e self-explanation s a s 

the y studie d examples ,  wherea s th e Poo r  solvers ' 
comments wer e mostl y paraphrase s o f  th e examples ' 
statements . 

2.  Ai l  student s commente d frequentl y o n whethe r  the y 

understoo d wha t  the y ha d jus t  read .  Th e Goo d 
solver s tende d t o sa y tha t  the y di d no t  understan d 
what  the y ha d jus t  read ,  wherea s th e Poo r  solver s 
tende d t o sa y tha t  the y di d understand .  Sinc e th e 
Poor  solver s score s sho w tha t  the y understoo d les s 
tha n th e Goo d solvers ,  thei r  self-monitorin g wa s les s 
accurat e tha n th e Goo d solvers' . 

3.  Durin g proble m solving ,  th e Poo r  solver s tende d t o 
refe r  bac k t o th e example s mor e ofte n tha n th e Goo d 
solvers . 

4.  Whe n th e Goo d solver s referre d t o th e examples , 
the y rea d fewe r  line s the n th e Poo r  solvers .  Th e 
Poor  solver s tende d t o star t  a t  th e beginnin g o f  th e 
exampl e an d rea d unti l  the y foun d a  usefu l  line , 
wherea s th e Goo d solver s starte d readin g i n th e mid -
dl e o f  th e exampl e an d rea d onl y on e line . 

The first  tw o findings  hav e als o bee n observe d i n sim -
ila r  studie s o f  student s learnin g Lis p (Piroll i  &  Biel -
aczyc ,  1989 )  an d electrodynamic s (Fergusson-Hessle r 
& d e Jong ,  1990) .  Thi s cluste r  o f  findings  i s calle d th e 
self-explanatio n effect . 

Hypothesized sources of the 
sell-explanatio n effec t 

Cascad e i s base d o n th e hypothesi s tha t  th e self-explan -
atio n effec t  i s  cause d b y knowledge-leve l  learnin g tha t 
occur s a s th e student s explai n example s an d solv e prob -
lems .  Thi s sectio n introduce s th e hypothesi s b y first 
examinin g competin g hypotheses . 

A plausibl e hypothesi s i s tha t  th e tw o group s o f  stu -
dent s ha d accumulate d differen t  knowledg e o f  physic s 
jus t  prio r  t o studyin g th e examples .  Thi s differenc e 
migh t  b e du e t o prio r  exposur e t o physic s o r  t o read -
in g th e tex t  o f  th e chapte r  mor e carefully .  Th e one s 
who ha d mor e prio r  knowledg e solve d mor e problem s 
correctly ,  an d thu s wer e classifie d a s Goo d solvers .  Un -
der  thi s prior-knowledg e hypothesis ,  al l  subject s tr y t o 
explai n th e tex t  an d th e exampl e lines ,  bu t  thos e wh o 
alread y kno w a  lo t  ar e bette r  abl e t o explai n th e ex -
ampl e an d s o produc e mor e self-explanation s (findin g 
1 i n th e lis t  above) .  Moreover ,  becaus e the y produc e 
more derivation s durin g exampl e processing ,  the y us e 
fewe r  (findin g 3 )  an d mor e economica l  (findin g 4 )  ref -
erence s durin g analogica l  proble m solving .  Thus ,  th e 
prior-knowledg e hypothesi s i s consisten t  wit h 3  o f  th e 
4 findings.  Ther e are ,  however ,  thre e set s o f  evidenc e 
agains t  th e prio r  knowledg e hypothesis . 
1.  Afte r  readin g th e tex t  o f  th e targe t  chapter ,  th e stu -

dent s i n th e Ch i  e t  al .  stud y too k a  tes t  o n thei r 
knowledg e o f  Newton' s laws .  Th e mea n score s o f 
th e Goo d an d Poo r  student s o n thi s tes t  wer e ex -
actl y th e sam e (Ch i  e t  al. ,  1989) .  Thi s sugges t  tha t 
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bot h group s o f  student s ha d roughl y th e sam e prio r 
knowledge . 

2.  Ch i  an d VanLeh n (1991 )  conducte d a  fine-grained 
analysi s o f  al l  258  self-explanation s i n th e protocols , 
reducin g eac h t o a  se t  o f  propositions .  Fo r  eac h 
proposition ,  the y attempte d t o determin e whethe r 
i t  wa s inferre d (a )  fro m th e exampl e line ,  (b )  fro m 
common sens e knowledge ,  (c )  fro m knowledg e ac -
quire d fro m previou s exampl e lines ,  o r  (d )  fro m th e 
text .  Th e first  thre e categorie s ar e considere d non -
tex t  sources .  O f  th e proposition s whos e sourc e coul d 
be determined ,  68.5 % wer e inferre d fro m non-tex t 
sources .  Mor e importantl y fo r  th e presen t  argu -
ment ,  thi s proportio n wa s th e sam e fo r  bot h Goo d 
and Poo r  students .  I f  th e Goo d student s ha d mor e 
prio r  knowledge ,  mor e o f  thei r  proposition s woul d b e 
encode d a s comin g fro m th e text .  Thus ,  thi s resul t 
i s inconsisten t  wit h th e prio r  knowledg e hypothesis . 

3.  Th e prior-knowledg e hypothesi s predict s tha t  Poo r 
subject s woul d utte r  mor e negativ e self-monitorin g 
statement s becaus e the y mor e ofte n fai l  t o explai n a 
line .  I n fact ,  the y utte r  fewe r  negativ e self-monitorin g 
statements . 

Althoug h i t  i s  unlikel y tha t  al l  9  student s ha d exactl y 
th e sam e prio r  knowledge ,  th e abov e difficultie s indi -
cat e tha t  variation s i n prio r  knowledg e canno t  b e th e 
sol e sourc e o f  th e self-explanatio n effect .  Ther e mus t 
be som e kin d o f  learnin g goin g on . 

Becaus e th e subject s ar e explainin g examples ,  a  plau -
sibl e typ e o f  learnin g i s E B L (Mitchell ,  Kelle r  < k Smadar -
Cabelli ,  1986) .  E B L i s symbol-leve l  learnin g (Diet -
terich ,  1986) ,  i n tha t  al l  th e knowledg e i s assume d 
t o b e presen t  i n som e for m befor e th e learnin g be -
gins .  Learnin g consist s o f  makin g th e knowledg e mor e 
efficientl y usable .  EBL ,  knowledg e compilatio n (An -
derson ,  1983 )  an d chunkin g (Newell ,  1990 )  ar e al l  in -
stance s o f  symbol-leve l  learning .  However ,  th e hy -
pothesi s tha t  self-explanatio n i s cause d b y symbol -
leve l  learnin g ha s tw o difficulties . 

1.  W h e n th e subject s too k a n untime d tes t  o n th e con -
ten t  o f  th e text ,  thei r  mea n scor e wa s onl y 5. 5 ou t 
of  a  possibl e 12 .  Moreover ,  afte r  studyin g th e exam -
ple s an d solvin g th e problems ,  th e Goo d student' s 
scor e increase d t o 8.5 .  Thi s suggest s tha t  student s 
di d no t  lear n muc h physic s fro m studyin g th e text , 
and tha t  som e mor e physic s wa s learne d b y studyin g 
th e example s an d workin g th e problems . 

2.  Th e tex t  doe s no t  contai n al l  th e informatio n neede d 
by th e subject s t o explai n th e example s o r  solv e th e 
problems .  T o quantif y thi s inadequacy ,  a n extensiv e 
tas k analysi s an d simulatio n conducte d wit h th e ai d 
of  Bernadett e Kowalsk i  an d Willia m Ball .  Startin g 
wit h th e tas k analyse s o f  Bundy ,  Byrd ,  Luger ,  Mel -
lis h an d Palme r  (1979 )  an d Larki n (1983) ,  w e devel -
oped a  se t  o f  rule s an d a  representatio n o f  physic s 
problem s tha t  wa s simpl e an d ye t  sufficien t  fo r  solv -
in g al l  bu t  2  o f  th e 2 5 problem s i n th e Ch i  study . 
(Solvin g th e 2  problem s woul d requir e a  typ e o f 
mathematica l  reasonin g tha t  w e di d no t  bothe r  t o 
implement) .  Durin g thi s time ,  extensive ,  albei t  in -
formal ,  analyse s o f  th e Ch i  protocol s wer e conducte d 
i n a n effor t  t o alig n th e propose d knowledg e repre -

sentation s wit h th e subject' s comments .  Th e re -
sultin g targe t  knowledg e bas e containe d 6 2 physic s 
rules .  Next ,  tw o peopl e wh o wer e no t  involve d i n 
th e developmen t  o f  th e targe t  knowledg e bas e wer e 
aske d t o judg e eac h rul e an d determin e whethe r  i t 
was mentione d anywher e i n th e textboo k prio r  t o 
th e examples .  Ther e wa s 9 5 % agreemen t  betwee n 
th e judges .  Disagreement s wer e settle d b y a  thir d 
judge .  O f  th e 6 2 rule s i n th e targe t  knowledg e base , 
29 (47% )  wer e judge d t o b e presen t  i n th e tex t  prio r 
t o studyin g th e examples .  Thus ,  mor e tha n hal f  th e 
knowledg e require d fo r  explainin g th e example s an d 
solvin g th e problem s i s no t  presente d i n th e text , 
and presumabl y i s no t  know n b y th e subject s prio r 
t o explainin g th e example s an d solvin g th e prob -
lems . 
Thes e result s sugges t  tha t  th e majo r  prerequisit e 

of  symbol-leve l  learnin g i s no t  met ,  fo r  th e student s 
di d no t  see m t o hav e complet e knowledg e befor e th e 
exampl e studyin g an d proble m solvin g began .  Thus , 
some kin d o f  knowledge-leve l  learnin g mus t  b e goin g 
on durin g th e explanatio n o f  example s an d th e solvin g 
of  problems . 

Becaus e th e example s contai n mor e informatio n tha n 
th e problems ,  a  plausibl e hypothesi s i s tha t  al l  know -
ledge-leve l  learnin g occur s durin g th e explanatio n o f 
examples .  Usin g th e 3 3 rule s tha t  di d no t  occu r  i n th e 
text ,  w e estimate d tha t  onl y 1 1 o f  th e rule s wer e use d 
durin g th e examples .  Th e othe r  2 2 wer e first  use d dur -
in g th e problems .  Thi s suggest s tha t  two-third s o f  th e 
rule s ar e acquire d durin g proble m solving .  Thus ,  i t 
appear s tha t  som e kin d o f  knowledge-leve l  learnin g i s 
goin g o n durin g bot h exampl e explainin g an d proble m 
solving .  Thi s i s th e hypothesi s upo n whic h Cascad e i s 
based . 

The hardes t  technica l  challeng e i s t o find a  know -
ledge-leve l  learnin g metho d tha t  ca n lear n correc t  rule s 
durin g proble m solving .  Learnin g durin g proble m solv -
in g i s harde r  tha n learnin g durin g exampl e explain -
ing ,  becaus e th e example s provid e partia l  descriptio n 
of  thei r  solutio n path s whic h allow s th e progra m t o 
do les s guessin g tha n i t  mus t  d o whe n learnin g durin g 
proble m solving .  Becaus e student s ofte n refe r  t o ex -
ample s a s the y solv e problems ,  w e assum e tha t  the y 
ar e usin g th e example' s solution s t o constrai n thei r 
generatio n o f  th e problems '  solutions ,  an d thi s i n tur n 
facilitate s correc t  learnin g durin g proble m solving .  We 
hypothesiz e tha t  knowledge-leve l  learnin g take s plac e 
i n th e contex t  o f  analogica l  proble m solvin g an d ex -
ampl e explaining . 

Sinc e th e Poo r  student s lear n fewe r  rule s durin g ana -
logica l  proble m solvin g tha n th e Goo d students ,  an d 
th e Poo r  student s generate d fewe r  self-explanation s 
durin g exampl e studying ,  w e hypothesiz e tha t  ther e i s 
somethin g abou t  explainin g th e example s tha t  cause s 
analogica l  proble m solvin g t o b e mor e effective .  I t  gen -
erate s solutio n path s tha t  ar e mor e ofte n correc t  an d 
thi s i n tur n establishe s a  bette r  contex t  fo r  knowledge -
leve l  learning .  W e buil t  Cascad e orde r  t o wor k ou t 
th e interaction s betwee n exampl e explaining ,  analogi -
cal  proble m solvin g an d learning ,  an d thu s provid e a 
tes t  o f  th e computationa l  an d empirica l  sufficienc y o f 
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our  hypotheses . 

The Cascade model 

Cascad e model s tw o basi c activities :  explainin g ex -
ample s an d solvin g problems .  Knowledge-leve l  lear n 
in g goe s o n durin g both .  Becaus e th e typ e o f  physic s 
problem s use d i n Ch i  e t  al.' s  stud y involv e onl y mono -
toni c reasonin g i n a  singl e state ,  Cascad e use s a  rule -
based ,  backchainin g theore m prove r  (simila r  t o Pro -
log )  t o implemen t  bot h activities .  A  physic s exampl e 
i s presente d t o Cascad e a s a  se t  o f  fact s representin g 
th e given s o f  th e proble m an d a  lis t  o f  proposition s 
representin g th e forc e diagra m an d th e line s o f  th e 
problem' s solution .  Cascad e explain s eac h propositio n 
by provin g tha t  i t  follow s fro m th e given s an d th e pre -
cedin g propositions .  T o solv e a  problem ,  Cascad e i s 
presente d wit h fact s representin g th e problem' s given s 
and i s aske d t o prov e a  propositio n involvin g th e quan -
titie s th e proble m seeks .  Fo r  instance ,  th e translatio n 
of ,  "Wha t  i s th e tensio n o f  strin g A ? "  i s  "Prov e th e 
propositio n value(tension(stringA) ,  X ) . "  I n th e proces s 
of  provin g th e proposition ,  Cascad e derive s a  valu e fo r 
th e variabl e X ,  thu s solvin g th e problem .  Althoug h 
thi s mode l  o f  proble m solvin g an d exampl e explainin g 
i s clearl y to o simpl e t o cove r  al l  tas k domains ,  i t  suf -
fices  fo r  physic s an d othe r  tas k domain s dominate d b y 
monotoni c reasoning . 

Cascad e include s tw o kind s o f  analogica l  proble m 
solving .  O n e kin d o f  analog y i s  use d whe n Cascad e 
has multipl e rule s tha t  ca n b e applie d t o achiev e a 
goal  an d i t  doe s no t  kno w whic h on e t o choose .  T o 
get  advice ,  i t  refer s t o it s derivatio n o f  th e examples ' 
lines ,  whic h ar e store d as  th e example s ar e explained . 
( A derivatio n i s represente d b y a  se t  o f  pairs ,  eac h con -
tainin g a  goa l  fro m th e proo f  o f  a  lin e an d th e rul e use d 
t o achiev e tha t  goal. )  Thi s typ e o f  analog y begin s b y 
retrievin g a n exampl e (retrieva l  i s  currentl y no t  mod -
ele d i n a  psychologicall y plausibl e way) ,  establishin g 
a mappin g betwee n th e example' s given s an d th e cur -
ren t  problem' s givens ,  the n usin g th e mappin g t o se e 
i f  th e example' s derivatio n ha s a  goa l  tha t  i s  equiva -
len t  t o th e goa l  tha t  i t  i s  currentl y worrie d about .  I f 
i t  finds  a n equivalen t  goal ,  th e rul e tha t  achieve s tha t 
goal  i s  chose n fo r  attemptin g t o prov e th e worrisom e 
goal .  Thi s typ e o f  analog y i s calle d analogica l  searc h 
control ,  becaus e i t  use s th e exampl e a s a  sourc e o f  ad -
vic e o n whic h o f  severa l  alternativ e t o tr y first.  Fo r 
instance ,  a  studen t  migh t  say ,  " I  canno t  tel l  whethe r  I 
shoul d projec t  thi s ont o th e x-axi s o r  th e y-axis .  A t  a n 
analogou s poin t  i n th e example ,  the y projecte d ont o 
th e x-axis ,  s o I'l l  tr y  tha t  too. "  Analogica l  searc h con -
tro l  i s  als o use d i n th e Eurek a (Jones ,  1989) . 

Th e secon d typ e o f  analog y i s  use d whe n Cascad e 
canno t  find  a  rul e tha t  wil l  appl y t o th e curren t  goal . 
Here ,  i t  trie s t o find  a  lin e i n a n ol d exampl e tha t  i t 
can conver t  int o a n appropriat e rule .  I t  begin s jus t 
lik e analogica l  searc h contro l  b y retrievin g a n exampl e 
and formin g a  mappin g betwee n th e given s o f  th e ex -
ampl e an d th e problem .  Nex t  i t  no w look s fo r  a  lin e 
i n th e example' s solutio n tha t  mention s th e curren t 
goal  (o r  rather ,  a  goa l  equivalen t  t o th e curren t  goa l 
unde r  th e mapping) .  Mos t  line s ar e equations ,  s o i t  i s 

simpl e t o conver t  a  lin e t o a  temporar y rul e whic h ca n 
the n b e use d t o tr y t o achiev e th e goal .  Fo r  instance , 
a studen t  migh t  say ,  " I  nee d som e wa y t o ge t  th e ten -
sio n o f  strin g A .  T h e exampl e ha s a  lin e sayin g tha t 
strin g I' s  tensio n i s m g si n 30 .  Thos e tw o string s ar e 
analogous ,  an d 3 0 degree s i s  analogou s t o 4 5 degree s 
i n thi s problem ,  s o I  be t  tha t  th e tensio n o f  strin g A 
i s m g si n 4 5 degrees. "  Thi s typ e o f  analog y i s  calle d 
transformationa l  analogy ,  afte r  a  simila r  metho d ex -
plore d b y Carbonel l  (1986) .  A s Carbonel l  discovered , 
transformationa l  analogie s ofte n yiel d wron g answers . 

Cascade' s mechanis m fo r  learnin g a t  th e knowledg e 
leve l  i s  calle d explanation-base d learnin g o f  correctnes s 
or  E B L C (VanLehn ,  Bal l  &  Kowalski ,  1990) .  T h e ba -
si c ide a i s  divid e knowledg e int o domai n knowledg e 
an d non-domai n knowledge .  Doma i n knowledg e con -
tain s rule s tha t  ar e believe d t o b e correc t  an d appropri -
at e fo r  th e tas k domain .  Non-domai n knowledg e con -
tain s rule s tha t  ar e believe d t o b e incorrec t  o r  relevan t 
onl y t o othe r  tas k domains .  T h e mos t  importan t  non -
domai n rule s fo r  learnin g ar e overl y genera l  rules .  T h e 
basi c proces s o f  E B L C i s t o us e overl y genera l  rule s 
wheneve r  domai n rule s fail ,  the n t o sav e th e particu -
la r  usag e o f  tha t  rul e i f  it s us e turn s ou t  t o b e correct . 
E B L C begin s whe n Cascad e reache s a  knowledge-leve l 
impasse .  A  knowledge-leve l  impass e occur s whe n ther e 
i s n o domai n rul e fo r  achievin g a  goa l  an d ther e i s n o 
successfu l  alternativ e solutio n pat h tha t  use s onl y do -
mai n rule s (VanLeh n &  Jones ,  i n press ,  describ e ho w 
suc h impasse s ar e detected) .  T o resolv e a  knowledge -
leve l  impasse .  Cascad e trie s t o us e non-domai n rules , 
suc h as ,  "I f  a n objec t  ha s a  part ,  the n th e propert y 
value s o f  th e par t  an d th e whol e ar e th e same. "  I f 
th e us e o f  suc h non-domai n rule s ultimatel y lead s t o 
a successfu l  explanatio n o f  a n exampl e lin e o r  a  suc -
cessfu l  solutio n t 9 a  problem ,  the n Cascad e form s a 
ne w domai n rul e tha t  i s a  specializatio n o f  th e overl y 
genera l  one .  Th e specializatio n i s chose n s o tha t  i t  i s 
als o a  generalizatio n o f  th e particula r  usage .  Fo r  in -
stance ,  o n on e proble m Cascad e coul d no t  determin e 
th e pressur e i n a  par t  o f  a  containe r  eve n thoug h i t 
kne w th e pressur e i n th e whole .  Sinc e ther e wa s n o 
alternativ e solutio n t o th e problem ,  Cascad e wa s a t 
a knowledge-leve l  impasse .  I t  use d th e overly-genera l 
rul e jus t  mentioned ,  whic h ultimatel y le d t o a  solutio n 
of  th e problem .  Cascad e the n forme d a  ne w domai n 
rule ,  "I f  a  containe r  ha s a  par t  the n th e pressur e i n 
th e par t  i s  equa l  t o th e pressur e i n th e whole. " 

Fro m a  machin e learnin g poin t  o f  view ,  Cascad e 
doe s bot h knowledge-leve l  learnin g (vi a E B L C )  an d 
symbol-leve l  learnin g (vi a analogica l  searc h control) . 
Analogica l  searc h contro l  i s  a  for m o f  learning ,  be -
caus e eac h tim e a n exampl e i s explaine d o r  a  proble m 
i s solved ,  th e syste m gain s anothe r  derivatio n tha t  ca n 
be use d b y analogica l  searc h control .  However ,  ana -
logica l  searc h contro l  doe s no t  chang e th e se t  o f  prob -
lem s solvabl e wit h infinit e resources .  I t  onl y change s 
th e efficienc y o f  th e search .  Thus ,  i t  i s a  symbol-leve l 
learnin g mechanism . 

Cascade' s learnin g i s  simila r  t o thos e propose d b y 
existin g theorie s o f  skil l  acquisition .  W e believ e tha t 
analogica l  searc h contro l  ca n eventuall y provid e a n 
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accoun t  fo r  th e practic e effect s usuall y explaine d b y 
chunkin g (Newell ,  1990) ,  knowledg e compilatio n (An -

derson ,  1983) ,  an d othe r  als o symbol-leve l  learnin g 
mechanisms .  E B L C i s simila r  t o proposal s b y Schan k 
(1986) ,  Lewi s (1988) ,  Anderso n (1990 )  an d others ,  whic h 
als o acquir e ne w knowledg e b y specializin g existing , 
overl y genera l  knowledge .  Althoug h al l  thes e model s 
of  skil l  acquisitio n ar e simila r  i n spirit ,  the y diffe r  i n 
significan t  ways .  Fo r  mor e o n th e Cascad e syste m an d 
a detaile d compariso n wit h it s predecessors ,  se e Van -
Leh n an d Jone s (i n press) . 

Modeling the self-explanation effect 
w i t h C a s c a d e 

Give n th e learnin g mechanis m o f  Ceiscade ,  a  simpl e 
hypothesi s fo r  explainin g th e differenc e betwee n Goo d 
and Poo r  solver s i s tha t  Goo d solver s chos e t o explai n 
more exampl e line s tha n Poo r  solvers .  T o tes t  this , 
severa l  simulatio n run s wer e made ,  varyin g th e num -
ber  o f  exampl e line s explaine d an d turnin g o n an d of f 
variou s learnin g mechanisms .  Al l  thes e simulation s be -
gan wit h th e sam e initia l  knowledg e state .  Th e initia l 
domai n knowledg e consiste d o f  th e 2 7 rule s tha t  thre e 
judge s foun d t o b e presen t  i n th e tex t  (se e above) .  Th e 
res t  o f  th e initia l  knowledg e bas e consist s o f  4 5 non -
domai n rules ,  o f  whic h 2 8 represente d commo n sens e 
physic s (e.g. ,  a  taugh t  rop e tie d t o a  objec t  pull s o n 
it )  an d 1 7 represente d over-generalizations ,  suc h a s "I f 
ther e i s a  pus h o r  a  pul l  o n a n objec t  a t  a  certai n angle , 
the n ther e i s a  forc e o n th e objec t  a t  th e sam e angle. " 
See VanLehn ,  Jone s an d Ch i  (i n press )  fo r  a  lis t  o f  th e 
45 non-domai n rules . 

The simulation runs 

Run 1  wa s intende d t o simulat e a  ver y goo d studen t 
who explain s ever y lin e o f  ever y example .  Cascad e first 
explaine d th e 3  example s i n th e study ,  the n i t  solve d 
th e 2 3 problems .  (Th e 2  problem s tha t  ar e no t  solvabl e 
by th e targe t  knowledg e wer e excluded. )  I t  wa s abl e t o 
correctl y solv e al l  th e problems .  I t  acquire d 2 2 rules :  7 
whil e explainin g example s an d 1 5 whil e solvin g prob -
lems .  Th e ne w rule s ar e correc t  physic s knowledge , 
allowin g fo r  th e simplicit y o f  th e knowledg e represen -
tation .  Moreover ,  the y see m t o hav e th e righ t  degre e 
of  generalit y i n tha t  non e wer e applie d incorrectl y an d 
none wer e inapplicabl e whe n the y shoul d hav e been . 
However ,  som e o f  th e rule s deal t  wit h situation s tha t 
onl y occurre d onc e i n thi s proble m set ,  s o the y wer e 
neve r  use d afte r  thei r  acquisition . 

Run 2  wei s intende d t o simulat e a  ver y poo r  studen t 
who explain s non e o f  th e exampl e lines .  T o simulat e 
a studen t  wh o merel y read s a n exampl e withou t  ex -
plainin g it ,  th e line s fro m th e 3  example s wer e place d 
i n Cascade' s memor y withou t  explainin g them .  Thus , 
ther e wa s n o opportunit y fo r  E B L C t o lear n ne w rule s 
nor  wer e an y derivation s lef t  behin d t o ac t  a s searc h 
contro l  fo r  late r  proble m solving .  Cascad e wa s give n 
th e sam e 2 3 problem s give n t o i t  i n ru n 1 .  I t  cor -
rectl y solve d 9  problems .  Apparentl y thes e problem s 
requir e onl y knowledg e tha t  Cascad e ha d bee n give n 
initially .  A s i t  solve d thes e problems ,  Cascad e learne d 

3 correc t  rule s vi a EBLC .  O n 6  othe r  problems ,  Cas -
cad e foun d a n incorrec t  solution .  E B L C di d no t  oc -
cur  o n thes e problems .  O n th e remainin g 8  problems , 
Cascad e faile d t o find  an y solutio n o r  it s searc h wen t 
on fo r  s o lon g tha t  i t  wa s cu t  i t  of f  afte r  2 0 minutes . 
Althoug h E B L C wa s use d extensivel y o n thes e prob -
lem s problems ,  th e rule s produce d wer e alway s incor -
rect .  O n th e assumptio n tha t  a  poo r  studen t  woul d 
not  believ e a  rul e unles s i t  le d t o a  correc t  solutio n 
t o a  problem ,  rule s acquire d durin g faile d solutio n at -
tempt s wer e deleted . 

Run 3  wa s intende d t o separat e th e benefit s  o f  EBL C 
fro m th e benefit s o f  analogy .  Cascad e studie d th e ex -
ample s a s i n ru n 1 ,  learnin g th e sam e 7  rule s a s o n 
ru n 1 .  Durin g proble m solving ,  bot h analogica l  searc h 
contro l  an d transformationa l  analog y wer e disabled . 
As woul d b e expecte d o f  a  symbol-leve l  learne r  whos e 
learnin g wa s turne d off .  Cascad e wa s slowe r  o n ru n 3 
tha n o n ru n 1  (24 9 second s pe r  correctl y solve d prob -
le m vs .  15 4 second s fo r  ru n 1) ,  an d i t  answere d onl y 1 9 
of  2 3 problem s correctly .  Mor e importantly ,  a  larg e in -
teractio n wa s foun d wit h EBLC .  Whe n analog y i s no t 
used durin g proble m solving ,  E B L C learne d 1 0 rules , 
onl y 6  o f  whic h wer e correct .  Moreover ,  thre e o f  th e 6 
wer e th e sam e thre e tha t  i t  learne d o n ru n 2 .  Thus ,  o f 
th e 1 5 rule s learne d durin g proble m solvin g o n ru n 1 , 
3 ca n b e learne d withou t  benefi t  o f  th e rule s learne d 
durin g exampl e studying ,  3  other s requir e th e exampl e 
studyin g rule s bu t  ca n b e learne d withou t  analogy ,  an d 
th e remainin g 9  requir e bot h analog y an d th e example -
studyin g rules .  Thi s finding  make s sense .  Analogica l 
searc h contro l  and ,  t o a  lesse r  extent ,  transformationa l 
analog y influence !  th e exac t  locatio n o f  impasses ,  whic h 
i n tur n determin e th e rule s learne d b y EBLC .  Thei r  in -
fluence  i s stron g enoug h tha t  analog y i s necessar y fo r 
E B LC t o lear n 9  o f  th e 1 5 rule s (60% )  acquire d durin g 
ru n I' s  proble m solving . 

I n orde r  t o determin e whethe r  thi s effec t  i s  du e t o 
transformationa l  analog y o r  analogica l  searc h control , 
a fourt h ru n wa s conducte d tha t  wci s simila r  t o ru n 
3 excep t  tha t  onl y analogica l  searc h contro l  wa s dis -
abled .  Cascad e stil l  use d transformationa l  analogy . 
Thi s allowe d i t  t o ge t  tw o mor e problem s correct ,  rais -
in g it s scor e t o 2 1 o f  2 3 problems .  Mor e importantly , 
E B LC acquire d th e sam e 6  correc t  rule s a s o n ru n 3 . 
The fac t  tha t  n o furthe r  correc t  rule s wer e acquire d 
implie s tha t  i t  i s  analogica l  searc h contro l  an d no t 
transformationa l  analog y tha t  helpe d E B L C durin g 
ru n 1 .  Thus ,  i t  appear s tha t  analogica l  searc h con -
tro l  (o r  som e othe r  kin d o f  searc h control )  i s necessar y 
durin g proble m solvin g i f  E B L C i s t o lear n success -
fully . 

Explaining the self-explanation 
correlation s 

Cascad e shoul d b e abl e t o explai n th e fou r  differ -
ence s observe d b y Ch i  e t  al .  (1989 )  betwee n Goo d 
and Poo r  solvers .  Assumin g tha t  th e numbe r  o f  self -
explanator y utterance s i s directl y proportiona l  t o th e 
number  o f  line s explaine d durin g exampl e studying , 
th e jo b facin g Cascad e i s t o explai n wh y explainin g 
more line s cause s bette r  score s o n quantitativ e post -
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test s (findin g 1) ,  mor e accurat e self-monitorin g (find -
in g 2 )  an d mor e frequen t  (findin g 3 )  an d mor e eco -
nomica l  referenc e t o th e example s (findin g 4) . 

The contras t  betwee n run s 1  an d 2  indicate s tha t 
Cascad e ca n reproduc e th e positiv e correlatio n betwee n 
th e numbe r  o f  exampl e line s explaine d an d th e numbe r 
of  problem s solve d correctly .  O n ru n 1 ,  i t  explaine d 
al l  th e exampl e line s an d go t  al l  2 3 problem s correct ; 
on ru n 2 ,  i t  explaine d non e o f  th e exampl e line s an d 
got  9  o f  th e problem s correct .  Knowin g th e opera -
tio n o f  Caiscade ,  i t  i s  clea r  tha t  havin g i t  explai n a n 
intermediat e numbe r  o f  line s woul d caus e i t  t o cor -
rectl y answe r  a n intermediat e numbe r  o f  problems .  S o 
th e tw o extrem e point s (run s 1  an d 2 )  plu s Cascade' s 
deterministi c desig n ar e sufficien t  t o demonstrat e th e 
mai n findin g o f  th e self-explanatio n effect . 

Severa l  mechanism s contribute d t o thi s result ,  an d 
each wil l  b e examine d i n turn .  First ,  whe n mor e line s 
ar e explained ,  Cascad e i s mor e likel y t o stumbl e acros s 
a ga p i n it s domai n knowledge .  Suc h missin g knowl -
edge cause s impasses ,  whic h lea d t o E B L C an d th e ac -
quisitio n o f  ne w rule s durin g exampl e explaining .  O f 
th e 1 9 rule s tha t  wer e learne d durin g ru n 1  an d no t 
ru n 2 ,  7  (37% )  wer e learne d whil e explainin g exam -
ples .  A s th e domai n knowledg e become s mor e com -
plete ,  performanc e o n proble m solvin g rises .  Thus , 
th e mor e self-explanation ,  th e mor e E B L C durin g ex -
ampl e studying ,  an d henc e th e mor e improvemen t  i n 
proble m solving . 

The acquisitio n o f  rule s durin g exampl e studyin g 
help s produc e context s durin g proble m solvin g tha t  al -
lo w E B L C t o lear n mor e rule s durin g proble m solvin g 
even withou t  th e ai d o f  analogica l  searc h control .  O f 
th e 1 9 rules ,  ru n 3  show s tha t  3  (16% )  wer e acquire d 
i n thi s fashion .  Thes e ne w rule s als o contribute d t o 
th e improvemen t  i n proble m solving . 

Analogica l  searc h contro l  contribute s t o th e corre -
latio n bot h directl y an d indirectly .  Whe n mor e line s 
ar e explained ,  mor e derivation s availabl e fo r  analogi -
cal  searc h control .  Becaus e analogica l  searc h contro l 
prevent s Cascad e fro m goin g dow n som e dea d ends , 
i t  directl y help s rais e th e scor e durin g proble m solv -
in g (compar e run s 1  an d 4) .  Ther e i s a n indirec t  ef -
fec t  a s well .  Analogica l  searc h contro l  cause s impasse s 
t o occu r  a t  place s wher e knowledg e i s trul y missing , 
rathe r  tha n a t  loca l  dea d end s i n th e searc h space ,  s o 
EBLC i s mor e ofte n applie d t o appropriat e impasses , 
and thu s mor e ofte n generate s correc t  domai n rules . 
The remainin g 9  o f  th e 1 9 rule s (47% )  requir e analog -
ica l  searc h contro l  fo r  thei r  acquisition . 

Cascad e provide s a  simpl e explanatio n o f  th e corre -
latio n betwee n th e amoun t  o f  self-explanatio n an d th e 
accurac y o f  self-monitorin g statements ,  assumin g tha t 
negativ e self-monitorin g statement s (e.g. ,  " I  don' t  un -
derstan d that" )  correspon d t o impasses ,  an d tha t  pos -
itiv e self-monitorin g statement s (e.g. ,  "Ok ,  go t  that." ) 
occu r  wit h som e probabilit y  durin g an y non-impass e 
situation .  Whe n mor e exampl e line s ar e explained , 
ther e ar e mor e impasses ,  an d henc e th e proportio n o f 
negativ e self-monitoring t̂atement s wil l  b e higher .  I n 
th e extrem e cas e o f  run* ,  wher e n o exampl e line s ar e 
explained ,  al l  th e self-monitorin g statement s durin g 

exampl e processin g woul d b e positive ,  whic h i s no t  fa r 
of f  fro m Ch i  e t  al.' s  observatio n tha t  8 5 % o f  th e Poo r 
solver' s self-monitorin g statement s wer e positive . 

The thir d findin g involve s th e frequenc y o f  analog -
ica l  reference s durin g proble m solving .  Ch i  e t  al .  ob -
serve d tha t  durin g proble m solving ,  th e Goo d solver s 
make fewe r  reference s t o th e example s tha n th e Poo r 
solver s (2. 7 reference s pe r  proble m vs .  6.7) .  Thes e 
were mostl y physica l  references ,  wherei n th e solve r 
turne d t o th e exampl e an d rerea d par t  o f  it .  Cascad e 
does no t  distinguis h memor y reference s fro m physi -
cal  references .  However ,  i t  doe s hav e tw o differen t 
kind s o f  analogica l  references .  Analogica l  searc h con -
tro l  searche s fo r  a  sough t  quantit y i n th e derivatio n o f 
a solution ,  whil e transformationa l  analog y read s con -
secutiv e line s i n a n exampl e lookin g fo r  on e tha t  con -
tain s th e sough t  quantity .  Suppos e w e assum e tha t  al l 
of  th e transformationa l  analog y reference s ar e physica l 
and tha t  few ,  sa y P ,  o f  th e reference s du e t o analog -
ica l  searc h contro l  ar e physical .  O n th e Goo d solve r 
run .  Cascad e mad e 55 1 reference s fo r  analogica l  searc h 
contro l  an d 4 0 fo r  transformationa l  analogy .  Usin g th e 
assumption ,  thi s woul d yiel d 55 1 x  P-l-4 0 physica l  ref -
erences .  O n th e Poo r  solve r  run .  Cascad e coul d no t 
use analogica l  searc h contro l  becaus e n o derivation s 
wer e availabl e fro m explainin g examples .  However ,  i t 
made 9 1 reference s fo r  transformationa l  analogy .  I f 
P <  .092 ,  the n 55 1 x  P  -| -  4 0 <  9 1 an d Cascad e cor -
rectl y predict s tha t  th e Goo d solver s mak e fewe r  phys -
ica l  reference s tha n Poo r  solvers . 

Chi  e t  al .  observe d tha t  th e Goo d solver s rea d fewe r 
line s whe n the y referre d t o example s tha n th e Poo r 
solver s (1. 6 line s pe r  referenc e vs .  13. 0 line s pe r  ref -
erence) .  Cascad e ca n mode l  thi s effect ,  althoug h a n 
assumptio n i s agai n neede d abou t  th e percentag e o f 
analogica l  searc h contro l  reference s tha t  ar e physical . 
Suppos e w e assum e ei s befor e tha t  P  o f  th e analogica l 
searc h contro l  reference s ar e physics ,  an d furthermore , 
assume tha t  a  physica l  referenc e b y analogica l  searc h 
contro l  read s onl y on e line .  O n th e Goo d solve r  run . 
Cascad e rea d 34 0 line s durin g transformationa l  anal -
ogy an d 55 1 x  P  line s durin g analogica l  searc h control , 
fo r  a  tota l  o f  (55 1 x  P  +  340)/(55 1 x  P  -( -  40 )  line s pe r 
reference .  O n th e Poo r  solve r  run ,  Cascad e rea d 64 2 
line s durin g it s 9 1 transformationa l  analog y references , 
fo r  642/9 1 =  7. 1 line s pe r  reference .  I f  P  >  .017 ,  the n 
(55 1 X  P-i-340)7(55 1 x  P-l-40 )  >  7. 1 an d Cascad e cor -
rectl y predict s tha t  th e Goo d solver s rea d fewe r  line s 
per  reference s tha n th e Poo r  solvers . 

Notic e tha t  th e lowe r  boun d (.017 )  o n P  doe s no t 
have t o b e beneat h th e uppe r  boun d (.092) .  I f  P  ha d t o 
be above ,  sa y . 1 i n orde r  t o ge t  th e lines-per-referenc e 
finding  correc t  an d belo w .0 5 i n orde r  t o ge t  th e refer -
ence frequenc y finding  correct ,  the n Cascad e coul d no t 
model  bot h thes e findings.  Thus ,  thes e findings  jointl y 
hav e th e powe r  t o tes t  Cascade ,  an d ye t  i t  passe d thei r 
test . 

Discussion 

The majo r  technica l  hurdl e i n developin g Cascad e wa s 
finding  a  wa y t o constrai n proble m solvin g s o tha t 
knowledge-leve l  learnin g coul d operat e correctl y dur -
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in g it .  Thi s wa s achieve d b y addin g analogica l  searc h 
control ,  a  for m o f  symbol-leve l  learning .  Ther e wa s 
no wa y t o tel l  i n advanc e o f  runnin g Cascad e whethe r 
analogica l  searc h contro l  wa s sufficient .  Fortunately , 
i t  was ,  an d Cascad e wei s abl e t o lear n al l  1 5 rule s tha t 
i t  neede d t o learn . 

As a  mode l  o f  th e self-explanatio n effect ,  Cascad e i s 
bot h qualitativel y an d quantitativel y adequate .  I t  ex -
hibit s th e sam e qualitativ e behavio r  a s subjects :  I t  ca n 
self-explai n example s a s wel l  a s "paraphrase "  them . 
I t  ca n solv e problem s wit h an d withou t  referrin g t o 
examples ,  an d it s analogica l  reference s ca n bot h div e 
int o th e middl e o f  th e exampl e t o pic k ou t  a  singl e fac t 
(analogica l  searc h control )  o r  rea d th e exampl e fro m 
th e beginnin g searchin g fo r  a  usefu l  equatio n (trans -
formationa l  analogy) .  Cascade' s performanc e i s quan -
titativel y simila r  t o th e Goo d an d Poo r  solver s a s it s 
reproductio n o f  th e 4  self-explanatio n finding s shows . 

Cascad e i s base d o n th e assumptio n tha t  th e self -
explanatio n effec t  i s  du e solel y t o a  differenc e i n ex -
ampl e studyin g habit s rathe r  tha n a  differenc e i s prio r 
knowledge .  Thi s i s probabl y to o extreme .  W e pla n t o 
explor e th e tradeof f  b y fittin g protocol s o f  eac h individ -
ual  subject .  Cascad e wil l  b e force d t o explai n exactl y 
th e line s tha t  th e subjec t  explains .  Whe n give n prob -
lem s t o solve ,  Cciscad e shoul d reac h impasse s i n th e 
same place s tha t  th e subjec t  does .  However ,  th e sub -
jec t  wil l  probabl y displa y mor e impasse s tha n Cascade , 
thu s indicatin g gap s i n th e prio r  knowledge .  Thus ,  w e 
shoul d b e abl e t o tel l  exactl y ho w muc h variatio n i n 
performanc e i s du e t o prio r  knowledg e an d ho w muc h 
i s du e t o learnin g strategies . 

As a  genera l  mode l  o f  cognitiv e skil l  acquisition , 
Cascad e show s promis e bu t  need s considerabl e work . 
I n orde r  t o b e a  mor e complet e accoun t  o f  th e phenom -
ena a t  hand ,  i t  need s a  mode l  o f  analogica l  retrieva l 
and o f  th e differenc e betwee n physica l  an d menta l  ref -
erence s t o th e examples .  W e believ e th e existin g mech -
anism s ca n als o handl e som e well-know n phenomen a 
of  skil l  acquisition ,  suc h a s practic e an d transfe r  ef -
fects ,  bu t  thi s need s t o b e demonstrated .  Th e majo r 
limitatio n o n th e generalit y o f  Csiscad e 3  i s it s us e o f 
monotoni c single-stat e rezisoning .  Wit h th e hel p o f 
Rol f  Ploetzner ,  w e ar e currentl y incorporatin g a  ver -
sio n o f  th e situatio n calculu s whic h wil l  greatl y en -
hanc e th e type s o f  reasonin g Cascad e ca n model ,  an d 
thu s th e numbe r  o f  tas k domai n tha t  i t  ca n model.  W e 
ar e encourage d t o exten d Cascad e t o becom e a  mor e 
complete ,  mor e genera l  mode l  o f  learnin g b y it s sim -
ilarit y t o othe r  theorie s o f  cognitiv e skil l  acquisitio n 
(e.g. ,  Anderson ,  1990 ;  Schank ,  1986) .  I t  i s  consider -
abl y simple r  tha n thos e theorie s an d probabl y mor e 
thoroughl y implemente d an d tested .  W e hop e tha t  it s 
simplicit y an d empirica l  adequac y remai n intac t  a s i t 
i s  extended . 
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