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Abstrac t 

Symbolic decision-lice leaxning algorithms can provide 
a powerfu l  an d accurat e transitio n mechanis m fo r  mod -
eUng cognitiv e development .  The y ar e vali d alternative s 
t o connectionis t  models . 

S y m b o l i c D e c i s i o n - T r e e L e a r n i n g 

I n general ,  a  learnin g algorith m i s "symbolic "  i f  i t  di -
rectl y operate s o n a  symboli c representatio n durin g th e 
learnin g period ,  an d generate s a  dat a processin g struc -
tur e base d directl y o n th e symboli c representation .  Ad -
ditionally ,  on e migh t  wis h t o requir e tha t  attribute s de -
scribin g trainin g example s shoul d b e specifie d a t  a  sym -
boli c leve l  tha t  correspond s directl y t o symboli c descrip -
tion s i n th e learnin g domain .  Accordin g t o thi s def -
inition ,  decision-tre e learnin g algorithms ,  suc h a s ID 3 

(Quinlan ,  1986 )  an d C4. 5 (Quinlan ,  1993) ,  operatin g 
on letter s an d phoneme s i n modelin g pas t  tens e acqui -
sitio n o f  Englis h verb s i s  symboli c (Lin g k  Marinov , 
1993 ;  Ling ,  1994) .  Similarly ,  decision-tre e learnin g oper -
atin g o n descriptiv e informatio n base d o n balanc e scal e 
problem s i s symboli c (Schmid t  &  Ling ,  1996a,  1996b) . 
On th e othe r  hand ,  a  decisio n tre e whic h utilize s "sub -
symbolic "  informatio n (i.e. ,  distribute d representation ) 
m ay no t  b e calle d symbolic .  Connectionis t  model s o f 

thes e sam e task s ar e no t  either . 

Becaus e o f  continuou s weigh t  modificatio n Eind/o r 
gradua l  structur e chang e (i.e. ,  generativ e connectionis t 

algorithms )  durin g learning ,  connectionis t  method s ar e 

ofte n regarde d a s a  natura l  approac h t o modelin g de -
velopmenta l  proces s o f  cognition ,  an d ofte n perceive d 
as superio r  t o thei r  symboli c counterparts .  Ou r  wor k 
demonstrate s tha t  symboli c decision-tre e learnin g algo -
rithm s ca n provid e a  powerfu l  an d accurat e transitio n 
mechanis m fo r  modelin g cognitiv e development .  There -
fore ,  symboli c learnin g method s an d model s ar e vali d 
alternative s t o connectionis t  approaches . 

Incremental and Developmental 

Ther e ar e tw o independen t  dimension s o n whic h w e 
can classif y decision-tre e learnin g fo r  modelin g devel -
opment .  On e i s  calle d incremental ,  an d th e othe r  i s 

developmenial .  Thes e combin e t o produc e fou r  pos -
sibl e classe s o f  model :  {incremental ,  non-incremental } 

X {developmental ,  non-developmental} .  Not e tha t  thi s 
classificatio n o f  mode l  i s applicabl e t o othe r  learnin g al -
gorithm s a s well . 

Incrementa l  learnin g ( a ter m ofte n use d i n th e machin e 

learnin g community )  require s tha t  th e eilgoritbm s tak e 

trainin g example s on e a t  a  time ,  an d onl y updat e th e de -

cisio n tree s whe n ne w example s ar e receive d (rathe r  tha n 
constructin g a  ne w on e base d o n a  singl e expande d se t  o f 
examples) .  Althoug h th e well-know n decision-tre e learn -
in g algorithm s ID 3 an d C4. 5 ar e non-incremental ,  ther e 
ar e incrementa l  versions ,  suc h a s ID 5 (Utgoff ,  1989) ,  tha t 
ar e guarantee d t o produc e th e sam e result s a s th e non -
incrementa l  versions ,  i f  applie d t o th e identica l  se t  o f 
examples .  Becaus e o f  this ,  an d becaus e o f  hig h compu -
tationa l  efficienc y (takin g jus t  minute s o n dataset s o f 
thousand s o f  examples) ,  non-incrementa l  decision-tre e 
learnin g edgorithm s ar e ofte n preferre d i n developmenta l 
modelin g fo r  th e eas e o f  implementatio n (Lin g i t  Mari -
nov ,  1993 ;  Schmid t  &  Ling ,  1996a) . 

Incrementa l  learnin g i s desirabl e fo r  constructin g de -
tailed ,  interna l  proces s o f  learnin g an d development . 
However ,  incrementalit y play s littl e rol e i n demonstrat -
in g en d result s an d mode l  predictions . 

Developmenta l  learnin g i s t o construc t  a  serie s o f  deci -
sio n tree s i n whic h successor s expan d upo n predecessors , 
base d o n a  fixe d se t  o f  trainin g example s (whic h m a y 

hav e accumulate d incrementally) .  Earl y decisio n tree s i n 
th e serie s ar e small ,  an d ca n onl y accommodat e a  rela -

tivel y smal l  numbe r  o f  examples .  T h e decisio n tree s lat e 
i n th e serie s ar e larger ,  an d th e overal l  erro r  rate s ar e 
generall y reduced .  Ther e ar e severa l  possibl e method s 
fo r  decision-tre e developmenta l  modeling .  O n e obviou s 
approac h i s t o limi t  th e m a x i m u m dept h o f  th e decisio n 
tree s constructed ,  an d t o increas e thi s limi t  graduall y 
Thi s metho d produce s tree s o f  unifor m depth ,  bu t  th e 
erro r  rate s associate d wit h differen t  leave s ar e uneven . 
Anothe r  approac h i s t o limi t  th e numbe r  (o r  percent ) 
of  error s tha t  leave s ca n tolerate ,  an d t o decreas e tha t 
limi t  gradually .  I n thi s case ,  error s a t  differen t  leave s 
woul d b e uniform ,  an d part s o f  tree s wit h highe r  error s 
woul d b e expande d mor e deepl y first.  A  simpl e wa y t o 
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accomplis h thi s wit h C4. 5 i s t o manipulat e a  built-i n pa -
ramete r  m ,  whic h ha s th e effec t  o f  limitin g th e numbe r 

of  error s allowe d i n leaves .  Not e tha t  on e ca n easil y com -

bin e thes e strategies .  Fo r  example ,  on e coul d graduall y 
decreas e th e percen t  o f  error s allowe d o n leaves ,  an d i f 

th e growt h o f  th e nex t  decisio n tre e i s abrupt ,  contro l  th e 
m a x i m u m dept h o f  th e tree s an d produc e severa l  tree s 

wit h a n incresisin g depth . 
We propos e th e followin g hypothesi s fo r  modelin g 

cognitiv e developmen t  wit h developmenta l  decision-tre e 

learning .  Earl y i n development ,  childre n hav e limite d 
menta l  abilities ,  whic h includ e learnin g capacit y an d 

memory capacity :  the y canno t  explai n a  lug e numbe r 

of  example s observed ,  an d a t  th e sam e time ,  thei r  m e m-
or y fo r  storin g learne d hypothesi s i s limited .  Youn g 
children' s poo r  performanc e ca n b e modele d wit h th e 
smal l  decisio n tree s earl y i n th e serie s b y developmenta l 
decision-tre e learnin g algorithms .  Not e tha t  sinc e mos t 

decision-tre e algorithm s (suc h a s C4.5 )  choos e th e mos t 
discriminan t  attribut e a s th e roo t  o f  (sub)trees ,  suc h 

smal l  decisio n tree s ar e likel y th e bes t  smal l  tree s tha t 

get  a s muc h regularit y ou t  o f  th e trainin g example s a s 
possible .  Thi s reflect s tha t  childre n maximiz e learning , 

eve n wit h thei r  limite d menta l  capacity .  Lat e i n devel -

opment ,  mor e example s ca n b e accommodate d (learnin g 

capacit y i s improved )  a s mor e comple x regularitie s ar e 
learne d (an d memor y capacit y i s  increased) .  Thi s ca n 
be modele d b y larg e decisio n tree s lat e i n th e serie s gen -
erate d b y th e developmenta l  strategie s discusse d above . 

We hav e successfull y use d th e developmenta l  strate -
gie s discusse d t o mode l  cognitiv e developmen t  o n th e 

balance-scal e tas k (Schmid t  k  Ling ,  1996a ,  1996b) .  Th e 
set  o f  C4. 5 decision-tree s demonstrate d th e majo r  psy -
chologica l  phenomen a (orderl y stag e progression ,  U -
shape d development ,  an d torqu e diflierenc e effect )  ob -
serve d i n children ,  thereb y providin g evidenc e tha t  C4. 5 

ca n ac t  a s a  transitio n mechanis m fo r  modelin g develop -
menta l  phenomena . 

Competence and performance models 

Incrementa l  an d developmenta l  decision-tre e learnin g al -
gorithm s stil l  lac k certai n feature s a s developmen t  mod -
els .  Fo r  example ,  decision-tre e learnin g algorithm s ar e 
deterministic ,  an d the y fai l  t o produc e individua l  varia -
tions .  I n th e balanc e scal e model ,  fo r  example ,  stag e 
skipping ,  regression ,  an d individua l  differences ,  whic h 
mar k th e huma n developmenta l  data ,  di d no t  exhibite d 
i n C4. 5 modeling .  I t  appear s to o "precise" ,  producin g 
perfec t  stag e progressin g eac h run . 

To answe r  thi s criticism ,  w e nee d t o firs t  revie w th e 

differenc e betwee n competenc e an d performanc e model s 
(Chomsky ,  1968) .  Competenc e i s th e abilit y  o f  a n ide -

alize d subjec t  t o execut e th e tas k a t  hand .  Thi s idea l 
i s  no t  affecte d b y situationa l  variables ,  memor y span ,  o r 
perceptua l  limitations .  I n reality ,  competenc e i s reveale d 
onl y indirectl y throug h a  subject' s performance ,  whic h 

i s alway s influence d b y situationa l  factors .  Th e de -
velopmen t  mode l  o n th e balanc e scal e tas k usin g C4. 5 

i s intende d a s a  competenc e model .  I t  i s  mor e con -

cerne d wit h characterizin g th e knowledg e structure s an d 

th e learnin g proces s underlyin g huma n performance . 

Simpl e measure s coul d b e take n t o augmen t  th e com -
petenc e mode l  t o mak e i t  accountabl e fo r  th e intricacie s 

of  th e huma n performanc e data .  Fo r  example ,  rando m 
ssunplingca n b e take n fro m th e entir e trainin g set .  I n ad -

dition ,  on e ca n ad d probabilit y  i n buildin g decisio n tree s 

(b y no t  alway s choosin g th e bes t  nodes) .  Thi s adde d 
variabilit y  woul d stil l  clearl y b e base d o n th e data ,  an d 

can mode l  huma n performanc e (wit h non-deterministi c 
behavior ,  ignorance ,  an d individua l  differences) . 

Summary 

Symboli c decision-tre e learnin g algorithm s ar e incremen -
ta l  an d developmental ,  an d ar e adequat e fo r  competenc e 
modelin g o f  cognitiv e development .  The y ca n als o b e 
augmente d t o reflec t  individua l  huma n performance . 
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