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Abs t rac t 

The Ca.scade model of cognitive skill acquisition 
was develope d t o integrat e a  numbe r  o f  A I  tech -
ui<iue s an d t o accoun t  fo r  psychologica l  result s o n 
th e s(lf-(rplana1io n effect .  I n previou s work ,  w e 
compare d Cascade' s behavio r  t o aggregat e dat a 
coUectet l  fro m th e protocol s o f  9  subject s i n a  self -
ex|>lauatio n study .  Here ,  w e repor t  th e result s o f 
a fine-grained  analysis ,  i n whic h w e matche d Cas -
cade' s beiiavio r  t o th e individua l  protocol s o f  eac h 
of  th e subjects .  Ou r  analyse s demonstrat e empir -
icall y tha t  ('a-scad e i s a  goo d mode l  o f  subjec t  be -
havio r  a t  th e leve l  o f  goal s an d inferences .  I t  cov -
er s aliou t  lTi% ,  o f  th e subjects "  example-studyin g 
heliavio r  an d 6 0 % t o 9 0 % o f  thei r  problem-solvin g 
l)ehavior .  I n addition ,  thi s researc h force d u s t o 
(leveloj )  genera l  feasil)l e method s fo r  matchin g a 
simulatio n t o larg e protocol s (approximatel y 300 0 
jiage s total) .  Finally ,  th e analyse s poin t  ou t  som e 
weaknesse s i n th e Cascad e syste m an d provid e u s 
vvitl i  directio n fo r  futur e analyse s o f  th e mode l  an d 
(lata . 

In t roduct io n 

Cascade is an integrated model of cognitive skill 
ac(inisition .  I t  incorporate s a  numbe r  o f  method s 
fro m artificia l  intelligence ,  an d wa s designe d wit h 
attentio n t o robus t  psychologica l  findings.  Else -
wher e (VanLehn ,  Jones ,  &  Chi .  1991 ,  1992) ,  w e 
have (lenionstrate d tha t  Cascade' s mechanism s in -
terac t  t o accoun t  fo r  th e mai n qualitativ e findings 
involve d i n th e self-explanatio n effec t  (Bielaczy c 
k Recker ,  1991 ;  Chi ,  Bassok ,  Lewis ,  Reimann ,  ̂ • 
(ilaser ,  1989 ;  Chi ,  d e Leeuw ,  Chiu ,  k  LaVancher , 
1991;  Fergusson-Messie r  k  d e Jong ,  1990 ;  Piroll i 
.V Bielaczyc ,  1989) .  I n tha t  research ,  w e compare d 
('ascade' s behavio r  t o aggregat e dat a take n fro m 
th e protocol s o f  th e 9  subject s i n Ch i  e t  al.' s  (1989 ) 
stutly . 

I n thi s paper ,  w e refin e th e evaluatio n o f  Cas -
cade b y matchin g it s  behavio r  t o th e individua l 

protocol s o f  Ch i  e t  al.' s subjects .  Thi s researc h i s 
simila r  t o Newel l  an d Simon' s (1972 )  classi c .stud y 
on huma n proble m solving ,  i n tha t  bot h attemp t 
t o determin e ho w closel y a n A I  progra m ca n sinm -
lat e th e protocol s o f  individua l  subjects .  However , 
ther e ar e thre e importan t  difference s betwee n ou r 
stud y an d Newel l  an d Simon's .  First ,  ou r  tas k 
domai n i s physics ,  whic h i s arguabl y muc h riche r 
tha n th e tas k domain s the y studied .  Second ,  a 
considerabl e amoun t  o f  learnin g occur s i n th e Ch i 
et  al .  protocols .  Third ,  th e Ch i  e t  al .  dat a con -
sis t  o f  2.'3 2 protocols ,  eac h averagin g 1 2 page s i n 
length ,  s o i t  woul d b e infeasibl e t o analyz e the m 
wit h problem-behavio r  graphs . 

Thi s wor k make s tw o importan t  contributions . 
First ,  i t  provide s evidenc e tha t  Cascade' s mode l 
of  th e subject s i n Ch i  e t  al.' s  stud y i s (|uit e ac -
curate ,  eve n a t  th e leve l  o f  individua l  rule s an d 
goals .  Second ,  i t  demonstrate s a  practica l  metho d 
fo r  larg e scal e comparison s o f  a  simulatio n syste m 
t o protoco l  data .  W e begi n wit h a n overvie w o f  th e 
Cascad e system .  Thi s i s followe d b y a  ilescri|>lio n 
of  ou r  paradig m fo r  matchin g Cascad e t o th e pro -
tocol s an d a  brie f  discussio n o f  ou r  results .  Th e 
paper  conclude s b y describin g implication s o f  th e 
result s o n futur e researc h wit h Cascade . 

Th e Cascad e syste m 

Cascade is an AI system that integrates multiple 
strategie s fo r  proble m solvin g an d learning .  Al -
thoug h th e syste m ha s bee n applie d t o elementar y 
probabilit y an d naiv e physics ,  th e curren t  analysi s 
involve s th e domai n o f  Newtonia n physics ,  becaus e 
thi s i s th e domai n studie d b y th e subjects .  Du e 
t o spac e restrictions ,  w e ca n onl y provid e a  sum -
mary o f  th e syste m here .  A  detaile d treatmen t  ca n 
be foun d elsewher e (VanLeh n k  Jones ,  i n press-a ; 
VanLehn ,  Jones ,  k  Chi ,  1992) . 
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P r o b l e m solvin g m e c h a n i s m s 

('M.icaile's overall control structure is based on a 
hackwaril-chainin g theore m prove r  (simila r  t o Pro -
log) .  Ini t  i t  distinguishe s betwee n eiplatmn g eraw -
p((. s an d solvin g problems .  Problem s ar e presente d 
as a  se t  o f  literal s describin g a  physica l  situatio n 
ani l  a  lis t  o f  quantitie s fo r  whic h Cascad e mus t 
find  values .  A n exampl e i s a  proble m alon g wit h 
a solutio n tha t  consist s o f  a  sequenc e o f  line s de -
scribin g partia l  result s tha t  lea d u p t o th e answe r 
t o th e problem .  T o explai n a n example ,  Cascad e 
explain s (proves )  eac h line .  Wherea s i n proble m 
solvin g ('ascad e mus t  find  a  value ,  l' ,  fo r  a  sough t 
quantity ,  Q .  i n explainin g a n exampl e lin e Cascad e 
must  prove  wh y Q  ha s a  give n value ,  V .  Expla -
natio n i s  simple r  tha n ordinar y proble m solvin g 
becaus e th e provide d value s hel p contro l  search . 
Peopl e rarel y explai n ever y detai l  o f  ever y line ,  s o 
('ascad e ca n als o accep i  tha t  th e curren t  quantit y 
has th e state d value ,  instea d o f  explainin g it . 

As Ca.scad e explain s a n example ,  i t  store s a 
trac e o f  it s explanatio n (usefu l  fo r  solvin g subse -
(|uen t  problems) ,  s o mor e explanatio n lead s t o a 
largf T store d derivation . 

Durin g proble m solving .  Cascad e attempt s t o 
use it s  rule-base d knowledg e t o find  a  valu e fo r  a 
sough t  quantity .  I f  thi s fails ,  th e syste m trie s t o 
use a  for m o f  iraiisformaiiovn l  analog y (Carbonell , 
iM8:l) .  Tha t  is ,  th e syste m retrieve s a n exampl e 
tha t  i s  simila r  t o th e curren t  proble m an d look s 
fo r  a  lin e i n th e exampl e tha t  mention s th e sough t 
(jnantity .  I f  possible ,  i t  use s suc h a  lin e t o deter -
min e a  valu e fo r  th e quantity .  A s Carbonel l  als o 
found ,  thi s typ e o f  rea.sonin g ofte n lead s t o incor -
rec t  results .  However ,  i t  i s a  strateg y tha t  subject s 
exhii>i t  <|uit e often . 

L e a r n i n g m e c h a n i s m s 

Cascade also includes two learning mechanisms 
fo r  improvin g it s problem-solvin g behavior .  First , 
as w p hav e mentioned .  Cascad e store s a  trac e o f 
it s solutio n a s i t  explain s examples .  M a n y o f  th e 
problem s ar e analogou s t o on e o r  mor e o f  th e ex -
amples .  Therefore ,  whe n th e sy.ste m work s o n a 
problem ,  i t  first  attempt s t o creat e a n analogica l 
mappin g betwee n th e proble m an d an y simila r  ex -
amples .  Then ,  whe n Cascad e need s t o solv e a  par -
ticula r  goal ,  i t  check s whethe r  a n analogou s goa l 
ajipeare d i n th e example .  I f  so ,  th e syste m deter -
mine s ho w i t  solve d th e goa l  i n th e exampl e an d 
u.s<» s tha t  actio n i n th e curren t  problem .  I n gen -
eral ,  thi s mechanis m lead s t o les s searc h becaus e 
i t  implie s a  bette r  orderin g o f  th e rule s i n memory . 
Thi s i s a  symbol-leve l  learnin g mechanis m calle d 
analogica l  starc h contro l  {Jones ,  i n press) . 

T h e secon d mechanis m learn s a t  th e knowledg e 

leve l  (Dietterich ,  1986) ,  an d i s calle d eiplanation -
bast d learnin g o f  corrtrlnes s (Vanbelm .  Ball ,  k 
Kowalski ,  1990) .  Cascade' s knowledg e ba.s e con -
tain s a  numbe r  o f  overl y genera l  rule s tha t  ar e no t 
use d fo r  genera l  proble m solving .  However ,  whe n 
th e syste m reache s a n impass e o n a  proble m o r 
exampl e an d decide s tha t  th e ini|)a.ss e i s du e t o 
missin g knowledge ,  i t  ca n us e th e overl y genera l 
rule s t o patc h it s  knowledg e an d introduc e ne w 
standar d rules .  Thi s metho d o f  learnin g i s  simi -
la r  t o knowledge-leve l  learnin g method s ))ropose d 
by Schan k (1986) ,  Lewi s (1988) ,  Anderso n (1990) , 
and others . 

F i t t i n g t o i n d i v i d u a l  s u b j e c t s 

For each subject, we set Ca.scade's parameters in 
orde r  t o approximat e th e subject' s initia l  knowl -
edg e an d example-explainin g behavior .  W e the n 
ra n Ca.scad e o n th e example s an d problem s tha t 
th e subjec t  worke d on ,  collecte d dat a fro m th e run , 
and analyze d the m i n severa l  way s i n orde r  t o de -
termin e Cascade' s empirica l  accuracy .  Firs t  w e 
describ e th e paramete r  fitting  an d the n th e result s 
of  ou r  analyses . 

Initializin g C a s c a d e ' s p a r a m e t e r s 

C'ascade's model of the subjects includes two pa-
rameters :  th e subjects '  knowledg e jus t  befor e the y 
explai n th e examples ,  an d th e subjects '  decision s 
abou t  whic h piece s o f  th e example s t o accep t  with -
out  explanation .  Eac h paramate r  wil l  b e discusse d 
i n turn . 

Th e subject s acquire d thei r  initia l  knowledg e 
by readin g th e first  severa l  chapter s o f  th e text -
boo k an d fro m thei r  earlie r  studie s o f  physic s ani l 
mathematics .  Becaus e w e hav e n o acces s t o thei r 
learnin g history ,  no r  a  detaile d tes t  o f  thei r  ini -
tia l  knowledge ,  w e mus t  gues s thei r  initia l  knowl -
edge .  Cascade' s initia l  knowledg e bas e fo r  eac h 
subjec t  wa s a  subse t  o f  a  fixed  "rul e library. '  Th e 
rul e librar y consiste d o f  11 0 rules ,  includin g rule s 
fro m th e textbook ,  c o m m o n sens e rules ,  rule s tha t 
ar e learnabl e vi a overl y genera l  rules ,  an d 3  bugg y 
physic s rule s tha t  som e subject s appearet l  t o have . 
One bugg y rul e applie s F  =  w a t o an y forc e an d 
not  jus t  a  ne t  force .  Anothe r  a.ssert s tha t  th e luas s 
of  a  bod y i s equa l  t o it s weight .  Th e thir d assume s 
tha t  th e sig n o f  al l  vecto r  projection s i s positive . 

Ther e i s n o ea.s y wa y t o determin e wha t  a  sub -
jec t  " s initia l  knowledg e is ,  bu t  w e mad e th e bes t 
approximatio n w e coul d b y lookin g fo r  rul e us e 
throughou t  eac h subject' s entir e .se t  o f  protocols . 
As w e foun d later ,  w e sometime s mad e mistake s 
i n selectin g th e initia l  knowledge .  I n thes e ca.ses , 
we nee d t o fix  th e mistakes ,  reru n th e simulation s 
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Subjec t  Casca d 

Figiirt !  1 .  Matchin g th e l̂ ehavioi s o f  ('a.scncl e 
and a  snbjec l 

and red o ou r  analyses .  However ,  thi s wil l  requir e 
month s o f  work ,  s o fo r  now ,  w e repor t  th e analy -
ses wit h ou r  imperfec t  choice s o f  initia l  knowledg e 
lef t  intact .  Ther e wer e onl y a  fe w o f  the.s e ca,ses , 
so w e don t  fee l  tha t  th e qualitativ e natur e o f  ou r 
re.sult s wil l  change . 

The .secon d paramete r  concern s ho w deepl y th e 
suhject s explaine d th e examples .  W h e n studyin g 
txaruples ,  subject s choos e t o explai n som e line s 
hut  no t  others .  Eve n whe n the y d o explai n a  line , 
ll)(\ v ma y explai n i t  onl y dow n t o a  certai n leve l  o f 
detai l  an d decid e t o tak e th e example' s wor d fo r 
th e rest .  Fo r  example ,  the y migh t  explai n mos t 
of  th e line ,  F^ ,  =  - F „  cos(30) .  bu t  no t  bothe r 
t o explai n wher e th e minu s sig n come s from .  Ca.s -
cad e doe s no t  mode l  ho w th e subject s decid e whic h 
line s t o exi>lai n an d ho w deepl y t o explai n them , 
so i t  mus t  b e tol d explicitl y  whic h section s t o ex -
plain .  Therefore ,  wheneve r  Cascad e i s  abou t  t o 
explai n th e th e proposition ,  Q  =  V ,  i t  firs t  check s 
t o .se e i f  th e litera l  accept(Q,V )  i s i n th e exam -
ple' s description .  I f  th e syste m finds  suc h a  literal , 
i t  merel y accept s tha t  Q' s valu e i s V  withou t  at -
temptin g t o explai n it . 

We adde d accep t  jiroposition s t o Ca.scad e b y 
inspectin g th e subject' s exampl e protocols .  I f  th e 
subjec t  merel y rea d a  lin e an d sai d nothin g els e 
abou t  it ,  tiie n w e entere d a n accep t  litera l  fo r  th e 
whol e line .  I f  th e subjec t  omitte d discussio n o f  a 
detai l  i n a  line ,  the n w e onl y accepte d tha t  detail , 
allowin g (.'a,scad e t o explai n othe r  goal s involve d 
i n th e line .  I n thi s fashion ,  th e protoco l  dat a com -
pletel y determine d whic h line s an d part s o f  line s 
('a.scad e explained . 

T h e fit  b e t w e e n C a s c a d e a n d individua l 
subject s 

We are interested in two types of comparisons 
betwee n (h e mode l  an d subjec t  data .  Suppos e th e 
diagra m i n Figur e 1  repre-sent s th e behavior s o f 
a particula r  subjec t  an d Cascade' s mode l  o f  tha t 
.subject .  Regio n A  represent s subjec t  behavio r 
tha t  Cascad e faile d t o match .  Regio n B  represent s 
th e behavio r  tha t  Cascad e an d th e subjec t  hav e i n 
roiiinion .  Regio n C  represent s Cascad e behavio r 
tha i  th e subjec t  di d no t  exhibit .  Th e tw o compar -
ison s w e wan t  ar e th e rati o o f  regio n B  behavio r 

Tabl e 1 .  Analyse s o f  Ca-scade' s simulatio n o f 
individua l  subjects . 

1. How many of C'ascade's example studying in-
ference s wer e als o m a d e b y th e subjec t  ( B C vs . 
B) ? 

2.  H o w m a n y o f  th e subject' s exampl e studyin g 
inference s wer e als o m a d e b y Cascad e ( A B vs . 
B) ? 

3.  H o w m a n y o f  Cascade' s proble m solvin g infer -
ence s wer e als o m a d e b y tli e subjec t  ( B C vs . 
B) ? 

4.  H o w m a n y o f  th e subject' s proble m solvin g in -
ference s wer e als o m a d e b y C'ascad e ( A B  vs .  B)'. ' 

5.  D o th e searc h contro l  decision s m a d e b y th e 
subjec t  matc h thos e m a d e b y Cascad e ( A B vs . 
BC) ? 

to Cascade's total behavior (regions B and C) an<l 
t o th e subject' s tota l  behavio r  (region s A  an d B ) . 
Tabl e 1  show s th e .specifi c  analyse s conducte d an d 
thei r  types . 

I n orde r  t o carr y ou t  thes e five  analy.ses ,  w e 
neede d a  wa y t o quantif y behaviors ,  whic h implie s 
choosin g a  uni t  o f  analysis .  Thi s wa s no t  har d 
fo r  matchin g regio n B  t o Cascade' s behavior ,  be -
caus e Cascade' s behavio r  i s  wel l  define d an d ex -
plicit .  Fo r  analyse s 1  an d 3 ,  w e u.se d goal s a s 
th e uni t  o f  analysis .  Afte r  runnin g Cascade ,  w e 
classifie d eac h o f  it s goal s dependin g o n th e typ e 
of  actio n Cascad e too k a t  tha t  |)oint .  W h e n ex -
plainin g example s (analysi s  1) ,  thes e action s in -
clude d deductivel y explainin g th e goal ,  acceptin g 
th e goa l  withou t  attemptin g t o explai n it ,  an d en -
counterin g a n impass e an d learnin g a  ne w rule . 
For  proble m solvin g (analysi s  3) ,  th e action s in -
clude d regula r  rule-ba,se d proble m solving ,  regu -
la r  u.s e o f  transformationa l  analogy ,  force d us e o f 
transformationa l  analog y (fo r  case s wher e th e sub -
jec t  use d tran.sformationa l  analog y bu t  Cascade' s 
norma l  contro l  structur e woul d hav e use d regu -
la r  proble m solving) ,  an d encounterin g a n impass e 
and learnin g a  ne w rule .  Afte r  classifyin g (-as -
cade s behaviors ,  w e determine d wha t  th e sub -
ject' s behavio r  wa s a t  eac h goal .  W e use d th e 
same classification s fo r  subjec t  behavior ,  bu t  in -
clude d th e possibilit y o f  havin g a n impa,s.s e an d 
not  learnin g a  ne w rul e (becau.s e th e impass e wa s 
neve r  resolved) . 

I t  wa s no t  a s eas y t o determin e a  uni t  o f  analysi s 
fo r  matchin g regio n B  t o th e subjects '  behavior ,  s o 
we use d a  variet y o f  units ,  dependin g o n th e typ e 
of  analysi s bein g conducted .  Fo r  analysi s 2 ,  w e ex -
tende d a n earlie r  encodin g o f  inference s m a d e b y 
subject s whil e explainin g example s (Ch i  fc  \'au -
Lehn ,  1991 )  an d compare d thos e t o th e inference s 
made b y Cascade .  Fo r  analysi s 4 ,  w e code d a  sam -
pl e o f  th e protocol s a t  th e leve l  o f  Ca.scade-lik e 
goals .  Thes e goal s ar e a t  th e sam e grai n siz e a s 
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Cascade' s goals ,  s o th e compariso n i s direct . 
Becaus e w e ar e mor e intereste d i n C'ascjide' s 

simulatio n o f  th e subjects '  acquisitio n o f  physic s 
rule s tha n i n it s  simulatio n o f  th e chronolog y o f 
thei r  reasoning ,  analyse s 1- 4 ignore d th e orde r  i n 
whic h Cascad e an d th e subjec t  m a d e inferences . 
Bot h Cascade' s behavio r  an d tii e subject' s behav -
io r  wer e retlncei l  t o set s o f  inferences .  W e sim -
pl y calculatei l  th e intersection s an d ilifference s be -
twee n th e sets ,  jus t  a s show n i n Figur e 1 .  How -
ever ,  w e canno t  entirel y ignor e th e chronolog y o f 
inferences ,  becaus e a n earlie r  stud y indicate d tha t 
analogica l  searc h contro l  affect s th e locatio n o f 
imî a.sses .  whic h i n tur n determine s wha t  ca n b e 
learne d durin g proble m solvin g (\'anLeh n i V Jones , 
i n pr<-s.s-a) .  Th(>refore ,  w e u.se d analysi s 5  t o detcr -
nun e whethe r  subjects '  rul e choice s durin g prob -
le m solvin g coul d b e predicte d b y analogica l  searc h 
control . 

R e s u l t s o f  t h e ana lyse s 

Unfortunately, there is not enough space here to 
presen t  th e simulatio n run s an d analyse s i n detail , 
so w e wil l  presen t  a  genera l  summar y an d conclu -
sion s fro m th e analyses .  Th e detail s ar e presente d 
el.sewher e (VauLeh n i V Jones ,  i n pres.s-b) . 

Results ou exauiple explaining. We found 
I  ha t  9 5 % o f  th e example-explainin g behavio r  gen -
eratet l  l> y Cascad e wa s matche d b y th e subjects ' 
behavio r  (analysi s  1) .  Thi s i s no t  surprisin g be -
caus e mos t  o f  Cascade' s example-studyin g behav -
io r  i s  determine d b y th e paramete r  settings . 

I n analysi s 2 ,  w e foun d tha t  Cascad e succes.s -
full y  accounte d fo r  Q /̂ v o f  th e 22 7 explanatio n 
episode s i n th e subjects '  example-studyin g pro -
tocols .  O f  th e unmatche d explanations ,  6 1 wer e 
concerne d wit h cognitiv e skill s  tha t  w e ar e no t  in -
tereste d i n modeling ,  suc h a s algebrai c equatio n 
solving .  Tha t  lef t  onl y 2 3 explanation s ( 1 0 % o f  th e 
22 7 tota l  explanations )  tha t  Cascad e shoul d hav e 
l)eei i  abl e t o model .  Thes e fel l  int o tw o groups : 
incorrec t  explanation s (1 4 cases )  an d genera l  com -
ment s ( 9 cases) .  Th e incorrec t  explanation s indi -
cat e tha t  ('ascad e need s mor e bugg y rule s tha n i t 
currentl y has .  I n particular ,  m a n y o f  th e mis.sin g 
rule s containe d misconception s abou t  th e relation -
shi| )  betwee n acceleratio n an d motion .  Th e gen -
era l  comment s indicat e tha t  th e subject s hav e a n 
abilit y t o brea k ou t  o f  Cascade' s stric t  backward -
chainin g contro l  structur e an d d o pla n recognitio n 
or  menta l  modeling .  Thes e ar e certainl y interest -
in g an d importan t  cognitiv e skills ,  bu t  w e wer e 
surpri.sec l  tha t  the y wer e use d s o rarel y i n thi s 
study .  W h e n w e bega n developin g Cascade ,  w e 
expecte d jila n recognitio n t o b e th e mos t  impor -
tan t  kin d o f  explanation .  Thi s analysi s indicate s 

tha t  i t  occur s rarel y an d probabl y ha « littl e in -
fluence  o n .subsequen t  proble m solving .  Overall , 
Cascad e fail s t o mode l  onl y 2 3 (14% )  o f  th e 1(5( 5 
explanatio n episode s tha t  ar e relevan t  t o th e tas k 
domain ,  an d w e ar e encourage d b y thi s result . 

Results on problem solving. In analysis 3, 
we foun d tha t  97% .  o f  th e 394 7 goal s generate d b y 
(_'ascad e durin g proble m solvin g wer e handle d i n 
th e sam e wa y b y th e subjects .  O f  th e 11 8 episode s 
tha t  weren' t  matche d b y th e subjects ,  mos t  (98 ) 
involve d transformationa l  analogy .  W e wer e sur -
prise d b y th e prevalenc e o f  transformationa l  anal -
ogy durin g proble m solving ,  althoug h i t  wa s cer -
taiid y du e i n par t  t o th e fac t  tha t  1 2 o f  th e 2 1 
problem s i n th e stud y wer e isomorphi c (o r  nearl y 
so )  t o on e o f  th e thre e examples . 

Cascade' s mode l  o f  transformationa l  analog y i s 
to o simpl e t o describ e ade(|uatel y al l  th e way s tha t 
transformationa l  analog y wa s use d b y th e sub -
jects .  A  larg e numbe r  o f  th e 9 8 case s occurre d 
when subject s u.se d a  forc e diagra m fro m a n ex -
ampl e t o ai d i n drawin g th e forc e diagra m fo r  a 
problem .  Cascad e currentl y represent s forc e dia -
gram s i n it s  standar d equation-baset l  rejiresenta -
tion ,  wherea s th e subject s wer e almos t  certainl y 
usin g som e typ e o f  visua l  representation .  Thi s 
partiall y  explain s wh y Cascade' s transformationa l 
analog y fail s i n thes e cases . 

Analysi s 4  wa s quit e tim e consuming ,  s o w e wer e 
onl y abl e t o examin e a  smal l  sample .  O f  th e 22 5 
tota l  problem-solvin g protocols ,  w e selectet l  4  tha t 
we though t  wer e representativ e o f  th e variet y o f 
approache s use d b y th e subjects .  T w o protocol s 
wer e fro m "good "  proble m solver s wh o go t  cor -
rec t  answer s an d tw o wer e fro m "poor "  proldeni s 
solver s w h o go t  incorrec t  answers .  I n addition , 
eac h o f  th e pair s include d a  |)rotoco l  tha t  use d 
mostl y transformationa l  analog y an d a  protoco l 
tha t  use d mostl y regula r  rule-ba.se d proble m solv -
ing .  Thi s sampl e i s clearl y muc h to o small ,  bu t  i t 
i s a  start .  I n th e fou r  protocols ,  w e counte d 15 1 
tota l  goal s o r  inferences ,  excludin g trivia l  arith -
meti c an d algebrai c goals .  W e foun d 1 5 case s i n 
thi s analysi s tha t  th e ctirren t  implementatio n o f 
Cascad e faile d t o accoun t  for ,  s o 90% .  o f  th e sul v 
jects "  problem-solvin g behavio r  i s matche d b y th e 
Cascad e model .  Afte r  severa l  year s o f  experienc e 
wit h the.s e protocols ,  w e fee l  intuitivel y tha t  thi s 
figure  i s to o high ,  an d tha t  a  large r  sampl e migh t 
yiel d a  matc h tha t  coul d b e a s lo w a s 60%i . 

Results on search control. The first four anal-
yse s concentrate d o n matchin g th e knowledg e con -
ten t  o f  Cascad e an d th e subject s withou t  payin g 
attentio n t o whe n th e knowledg e i s  used .  Th e or -
der  o f  inference s i s determine d b y Cascade' s con -
tro l  structur e (backward s chaining )  an d it s mecha -
nis m fo r  choosin g whic h rul e t o tr y first  fo r  achiev -
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in g a  goa l  (analogica l  searcl i  control ,  o r  i f  n o ana -
logica l  advic e i s available ,  the n a  defaul t  order -
in g o f  riiles) .  A s par t  o f  analysi s 4 .  w e fi t  th e 
151 subjec t  goal s t o a  backward-chainin g contro l 
structure .  Onl y 3  goal s coul d no t  b e fit,  indica l 
in g tha t  subject s occasionall y mak e opportunisti c 
inference s abou t  th e curren t  situatio n tha t  ar e no t 
directl y relevan t  t o th e curren t  goal . 

I n orde r  t o evaluat e Cascade' s polic y fo r  choos -
in g rule s t o appl y t o th e curren t  goal ,  w e matche d 
it s choice s fo r  al l  394 7 goal s t o th e choice s o f  th e 
subjects ,  an d the y agree d i n 97.7 % o f  th e cases . 
I n short .  Cascade' s simpl e contro l  regim e turne d 
out  t o b e a  fairl y  goo d predicto r  o f  th e orde r  i n 
whic h subject s mak e inferences . 

Discussio n 

One contribution of this work is that it demon-
strate s a  metho d fo r  comparin g large-scal e A I  sim -
ulalion s wit h protocols .  Ou r  genera l  metho d con -
sist s o f  comparin g th e amoun t  o f  share d behavio r 
betwee n th e simulatio n an d th e subject s t o th e to -
ta l  sinuilatio n behavio r  an d th e tota l  subjec t  be -
havior .  Th e uni t  o f  analysi s fo r  matchin g simu -
latio n behavio r  i s straightforward ,  becaus e Cas -
cade' s behavio r  i s  explici t  fo r  eac h goa l  i t  consid -
er s w  he n explainin g example s o r  solvin g problems . 
For  matchin g sulijec t  behavior ,  w e use d tw o sep -
arat e measures .  I n analysi s 2  (explainin g exam -
ples) ,  w e code d th e subjec t  protocol s a t  th e leve l 
of  individua l  physic s o r  mat h explanations ,  an d 
compare d th e inference s wit h Cascade's .  I n anal -
ysi s - 1 (solvin g problems) ,  w e undertoo k a  muc h 
more ambitiou s method ,  codin g th e protocol s a t 
th e leve l  o f  Cascade-lik e goals .  Thi s analysi s al -
lowe d u s t o matc h th e subjects '  behavio r  t o Cas -
cade goa l  b y goal ,  notin g th e location s wher e Cas -
cade'. s mode l  diverge d fro m th e subjects '  behavior . 
Althoug h rathe r  lime-consuming ,  ou r  succes s wit h 
thi s typ e o f  encodin g encourage s u s t o continu e th e 
analysi s wit h a  large r  sampl e o f  protocols . 

The secon d contributio n o f  thi s re.searc h i s a n 
empirica l  evaluatio n o f  Cascade' s abilit y  t o mode l 
th e behavio r  o f  individua l  subject s a t  a  fine  grai n 
size .  We discoveret l  tha t  Cascad e ca n explai n mos t 
of  th e sul>jects '  example-studyin g an d problem -
solvin g l)ehavio r  wit h it s thre e majo r  performanc e 
mechanisms :  deduction ,  simpl e acceptanc e o f  ex -
ampl e statements ,  an d transformationa l  analogy . 
Analyse s 1- 4 indicat e tha t  thes e thre e processe s 
cove r  abou t  75 % o f  th e exampl e studyin g behavio r 
and ()U-9U % o f  th e proble m solvin g behavior .  I n 
addition ,  th e behavio r  the y d o no t  cove r  mostl y in -
volve s mathematica l  manipulation s o r  othe r  type s 
of  cognitio n tha t  ar e outsid e th e domai n o f  study . 

Finally ,  analysi s 5  demonstrate s tha t  Cascad e 
rathe r  accuratel y model s th e subjects '  overal l  con -

tro l  structur e an d loca l  contro l  choices .  W e wer e 
pleasantl y surprise d b y thi s result ,  becaus e w e di d 
not  concentrat e o n thes e aspect s durin g th e sys -
tem' s development . 

To pu t  thes e result s i n perspective ,  w e loo k a t 
tw o othe r  attempt s t o matc h cognitiv e model s t o 
individua l  subjects .  Newel l  an d Simo n (1972 )  use d 
G PS t o niatch80% .  o f  a n indidividua l  subjects '  be -
havio r  o n cryptarithmeti c problems .  VauLehn' s 
(1991 )  mode l  fo r  strateg y discover y accounte d fo r 
96%i  o f  th e behavio r  o f  a  subjec t  solvin g I  h e "towe r 
of  Hanoi "  problem .  I t  i s  importan t  t o not e tha t 
bot h o f  the.s e studie s involve d modelin g th e be -
havio r  o f  a  singl e subject .  W e use d Cascad e t o 
model  th e behavio r  o f  severa l  individuals ,  whic h 
i s almos t  guarantee d t o reduc e th e model' s overal l 
accuracy .  Wit h thi s i n mind ,  C'ascade' s accoun t 
of  huma n behavio r  compare s wel l  wit h th e olde r 
models . 

Perhap s th e mos t  importan t  benefi t  o f  thi s re -
searc h i s tha t  i t  ha s show n u s wher e som e o f  Cas -
cade' s weaknesse s are ,  an d i t  ha s |)ointe d ou t  .som e 
more aspect s o f  th e dat a tha t  shouK l  als o b e an -
alyzed .  Fo r  example ,  w e foun d tha t  Cascade' s 
simpl e mode l  o f  transformationa l  analog y i s in -
adecpiate .  Subject s wer e quit e cleve r  a t  formin g 
usefu l  analogie s wit h th e examples ,  an d especiall y 
thei r  forc e diagrams .  I n addition ,  w e wer e sur -
prise d t o find  tha t  ther e wer e s o fe w clear-cu t  ca.se s 
of  impa.sse-drive n learnin g i n th e protocols .  Dur -
in g analyse s 1  an d 3 ,  w e foun d tha t  subject s oid y 
showed sign s o f  impa.s.se s a t  1 8 o f  th e 4 4 time s 
tha t  Cascad e encountere d a n impa,ss e an d uset l 
explanation-ba.se d learnin g o f  correctnes s t o ge t 
out  o f  it .  Ou r  initia l  hypothesi s i s tha t  thes e 
event s aris e eithe r  fro m ingeniou s us e o f  transfor -
mationa l  analog y b y th e subjects ,  o r  the y wer e 
actua l  impasse s tha t  wer e simpl y no t  verljalize d 
i n th e protocols .  Ou r  futur e analyse s wil l  concen -
trat e o n the.s e learnin g aspect s an d shoul d tel l  u s 
exactl y wh y ther e wer e s o fe w clea r  case s o f  learn -
ing . 
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