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Introductio n 

The purpos e o f  thi s pape r  i s t o demonstrat e tha t  th e accurac y 
of  classifie r  system s usin g prototype-base d categor y 
description s ca n b e improve d b y learnin g multipl e categor y 
prototypes .  Learnin g o f  multipl e prototype s i s especiall y usefu l 
when w e encounte r  highl y variabl e categorie s o r  com e acros s 
overlappin g contras t  categories .  Unde r  th e circumstance s jus t 
describe d i t  become s infeasibl e t o accuratel y classif y objec t 
instance s o n th e basi s o f  a  singl e prototyp e representin g th e 
centra l  tendenc y o f  categor y instances .  Thi s happen s becaus e 
th e instanc e t o b e classifie d i s eithe r  to o dissimila r  fro m th e 
categor y prototyp e o r  i s muc h mor e simila r  t o th e prototype s 
of  contrastin g categories .  A  feasibl e solutio n i n suc h case s i s 
t o lear n exemplar s tha t  typicall y ge t  mappe d toward s th e 
categor y boundar y an d us e the m a s th e basi s fo r  accurat e 
classification .  I f  a  substantia l  numbe r  o f  suc h exemplar s 
exhibi t  simila r  characteristic s the n i t  become s possibl e t o 
generat e a n abstraction-base d representatio n fo r  thes e outliers . 
Such representation s ca n b e assume d t o captur e th e centra l 
tendenc y o f  a  subclas s containe d withi n a  highl y variabl e 
category . 

The valu e o f  learnin g clas s an d subclas s informatio n i n th e 
for m o f  multipl e prototype s i s  quit e evident .  Durin g 
classification ,  a  tes t  instanc e whic h i s substantiall y  dissimila r 
t o th e centra l  categor y prototyp e ma y tur n ou t  t o b e simila r  t o 
a prototyp e representin g a  subclas s o f  th e category .  Fo r  suc h 
case s w e ca n clai m tha t  th e tes t  instanc e belong s t o th e paren t 
of  th e subclass .  Therefore ,  wit h multipl e prototypes , 
conclusion s abou t  categor y membershi p o f  a  classificatio n 
instanc e hav e a  greate r  probabilit y  o f  bein g correc t  whe n 
compare d t o conclusion s base d o n a  singl e categor y prototype . 

Multiple Prototype Learning Process 

The followin g summarize s th e multipl e prototyp e learnin g 
proces s use d b y a  computer-base d syste m implemente d a s a 
par t  o f  thi s researc h (fo r  detail s refe r  t o Rohatgi ,  1994) : 
1.  Acquir e objec t  description s i n term s o f  attribute-valu e 

pairs . 
2.  Generat e a  singl e prototype-base d representatio n fo r  eac h 

objec t  clas s presen t  i n th e trainin g dat a set .  Th e prototype -
base d representatio n o f  a  categor y i s  generate d b y 
abstractin g th e centra l  tendenc y o f  categor y instance s 
describe d t o th e syste m durin g th e first  step . 

3.  Generat e additiona l  prototype s fo r  eac h objec t  clas s wit h 
th e hel p o f  a  failure-base d classificatio n process .  Additiona l 
categor y prototype s generate d b y th e syste m ca n b e 
understoo d a s abstraction s representin g th e subclasse s o f  a 

highl y variabl e class .  A  subclas s prototyp e i s base d o n 
trainin g se t  instance s tha t  ge t  inaccuratel y classifie d b y 
existin g categor y prototypes .  Eac h failur e serve s a s a  see d 
fo r  th e generatio n o f  a n additiona l  prototyp e representin g a 
ne w subclass . 

4.  Identif y th e optima l  multipl e prototyp e representatio n 
throug h iterativ e eliminatio n o f  prototype s wit h a  lo w 
degre e o f  abstraction .  Th e eliminatio n proces s i s controlle d 
wit h th e hel p o f  a  truncatio n parameter . 

Evaluation 

Classificatio n experiment s (fo r  detail s se e Rohatgi ,  1994 )  wit h 
th e iri s  an d breas t  cance r  dat a downloade d fro m th e machin e 
learnin g repositor y availabl e o n th e Interne t  nod e ics.uci.ed u 
sho w tha t  unde r  certai n circumstance s classificatio n accurac y 
ca n b e improve d b y choosin g a n optimu m numbe r  o f  multipl e 
prototype s t o represen t  a  category .  Fo r  example ,  classificatio n 
accurac y i n th e cas e o f  breas t  cance r  dat a improve d fro m 0.6 0 
t o 0.7 3 b y movin g fro m a  singl e prototyp e t o multipl e 
prototypes . 

Circumstance s tha t  favo r  th e multipl e prototyp e approac h 
see m t o involv e case s wit h overlappin g categories .  I n a  cas e 
involvin g wel l  separate d categorie s (simila r  t o th e iri s  data) , 
th e approac h suggeste d i n thi s pape r  ma y no t  prov e t o b e 
fruitfu l  o r  ma y no t  b e eve n required .  Wheneve r  applicable ,  th e 
approac h require s th e selectio n o f  a  suitabl e valu e fo r  th e 
truncatio n paramete r  (0.2 0 i n th e cas e o f  breas t  cance r  data) . 
The functio n o f  th e truncatio n paramete r  i s t o optimiz e th e 
number  o f  prototype s use d fo r  representin g targe t  classe s 
durin g classification . 

Future Work 

The conclusion s outline d i n th e previou s sectio n ar e base d o n 
a limite d se t  o f  experiments .  Furthe r  experimentatio n wit h th e 
prototyp e syste m i s require d t o substantiat e th e validit y o f  ou r 
results .  I n th e futur e w e pla n t o conduc t  fe w mor e experiment s 
wit h th e prototyp e t o explor e it s classificatio n behavio r  i n 
othe r  type s o f  artificia l  an d natura l  domains .  I n particular ,  th e 
pla n i s t o direc t  ou r  futur e effor t  toward s th e typ e o f 
experimentatio n tha t  wil l  hel p u s i n characterizin g th e rol e o f 
truncatio n paramete r  i n classificatio n tasks . 
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