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C o n c e p t  F o r m a t i o n a n d A t t e n t i o n 

John H. Gennari 

Departmen t  o f  Compute r  Science ,  Kei o Universit y 

3-14- 1 Hiyoshi ,  Kohoku-ku ;  Yokohama ,  J A P A N 22 3 

(gennari@aa.cs.keio.ac.jp } 

Abstrac t 

In this paper, I combine the ideas of attention 
fro m cognitiv e psycholog y wit h concep t  formatio n 
i n machin e learning .  M y clai m i s tha t  th e us e o f 
attentio n ca n lea d t o a  mor e efficien t  learnin g sys -
tem ,  withou t  sacrificin g accuracy .  Attentio n lead s 
t o a  saving s i n efficienc y becaus e i t  focuse s onl y o n 
th e relevan t  attributes ,  retrieve s les s informatio n 
fro m th e environment ,  an d i s therefor e les s costl y 
tha n a  syste m tha t  use s ever y piec e o f  informatio n 
available .  I  presen t  a  workin g dgorith m fo r  atten -
tion ,  buil t  ont o th e Classi t  concep t  formatio n 
system ,  an d describ e result s fro m thre e domains. ' 

1.  Mot ivat io n 

In cognitive psychology, selective attention refers to 
focusin g one' s cognitiv e effor t  (o r  processin g power )  o n 
onl y a  fractio n o f  th e perceptua l  input .  Intuitively ,  thi s 
i s th e abilit y  t o preferentiall y  'concentrate '  o n a  singl e 
task .  Thi s phenomen a ca n b e observe d wit h visua l 
inpu t  -  w e ca n easil y atten d t o par t  o f  a  scene ,  allowin g 
unimportan t  area s an d detail s t o b e ignored .  Thi s i s 
a well-studie d phenomena ,  an d i t  appear s i n a  wid e 
variet y o f  task s an d application s (Treisman ,  1969) . 

Unsupervise d concep t  formation ,  lik e selectiv e atten -
tion ,  i s  a  basi c aspec t  o f  huma n intelligence .  Concep t 
formatio n ca n b e viewe d a s a  genera l  proble m tha t  ap -
pear s i n a  variet y o f  practical ,  engineerin g tasks .  I n 
statistics ,  thi s proble m i s know n a s cluste r  analysi s 
(Anderberg ,  1973) ,  an d ca n b e defined :  give n a  se t  o f 
instance s o r  objects ,  find  o r  impos e som e classificatio n 
scheme o n thos e objects .  Not e tha t  th e leanin g syste m 
i s no t  give n a  se t  o f  classifie d trainin g objects ;  thu s i t 
carry s ou t  unsupervise d learning .  I n machin e learning , 
concep t  formatio n system s includ e Lebowitz' s (1987 ) 
Unime m an d Fisher' s (1987 )  C o b w e b systems ;  thes e 

'Thi s researc h gre w ou t  o f  wor k wit h th e ICARU S 
researc h grou p a t  UCI :  Pa t  Langley ,  Kevi n Thompson , 
Wayne Ib a an d Joh n Allen .  Mik e Pazzan i  als o contribute d 
some ke y idea s abou t  attention .  Thi s researc h wa s sup -
porte d b y Contrac t  M D A 903-85-C-032 4 fro m th e Arm y 
Researc h Institute ,  IB M Japan ,  an d b y Kei o University . 

contras t  wit h Quinlan' s (1986 )  Id 3 an d Aha' s (1989 ) 
IB L systems .  Th e forme r  d o "learnin g fro m interna l 
feedback "  (Billma n &  Heit ,  1988) ,  whil e th e latte r 
"learnin g fro m example "  system s us e classifie d trainin g 
instance s t o lear n concep t  definitions . 

I n thi s paper ,  I  describ e a  syste m tha t  applie s selec -
tiv e attentio n t o concep t  formation .  Machin e learnin g 
i s a n appropriat e plac e fo r  suc h a  wedding ;  a  disci -
plin e wit h root s i n bot h engineerin g an d psychology . 
Most  previou s concep t  formatio n researc h (Lebowitz , 
1987 ;  Fisher ,  1987 )  ha s use d al l  av l̂abl e informatio n 
t o mak e decisions .  I n contrast ,  I  wil l  assum e tha t  som e 
of  th e availabl e inpu t  shoul d b e ignored ;  th e tas k fo r 
th e attentio n mechanis m i s t o find  th e relevan t  at -
tribute s an d allo w th e syste m t o wor k wit h thes e alone . 

My goa l  her e i s simpl y t o demonstrat e th e practica l 
applicatio n o f  attentio n t o concep t  formation :  I  expec t 
tha t  attentio n ca n provid e a  tangibl e rewar d i n term s 
of  efficiency .  I n mos t  applications ,  ther e i s a  cos t  asso -
ciate d wit h retrievin g informatio n abou t  a n instance . 
Thi s ma y b e negligibl e i n som e applications ,  bu t  i n 
others ,  suc h a s diagnosis ,  informatio n retrieva l  ca n b e 
ver y expensive .  I f  a n attentio n mechanis m focuse s th e 
syste m o n a  smal l  percentag e o f  th e availabl e input , 
thi s ca n lea d t o a  mor e efficient ,  cost-efi"ectiv e system , 
withou t  sacrificin g performanc e accuracy . 

The attentio n mechanis m I  introduc e her e i s buil t  o n 
th e Classi t  syste m (Gennari ,  Langle y &  Fisher ,  1989 ; 
Gennari ,  1990) .  Althoug h thi s syste m i s no t  a  mode l 
of  huma n learning ,  i t  i s closel y relate d t o Billma n an d 
Heit' s  (1988 )  psychologica l  mode l  o f  concep t  formatio n 
wit h attention .  Thei r  tas k i s simila r  t o mine :  t o ac -
quir e knowledg e abou t  whic h feature s ar e mos t  helpfu l 
fo r  classification .  However ,  thei r  mode l  use s a  rathe r 
differen t  representatio n fo r  knowledge ,  an d i s hmite d 
t o learnin g rule s abou t  pair s o f  features .  I n contrast , 
Classi t  use s probabilisti c  concept s fo r  representatio n 
(a s i n Smit h an d Medin ,  1983) ,  an d build s a  concep t 
hierarch y t o organiz e it s acquire d knowledge . 

2.  A n overvie w o f  th e C L A S S I T syste m 

For the Classit system (or for Cobweb) an im-
portan t  characteristic s o f  th e learnin g tas k i s tha t  i t 
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occur s i n a n incrementa l  manner .  Thi s mean s tha t 
th e se t  o f  inpu t  instance s i s treate d a s a  sequenc e ove r 
time ,  an d tha t  th e syste m mus t  lear n fro m eac h ne w 
instanc e withou t  reprocessin g th e previousl y see n in -
steuices .  Thi s restrictio n seem s intuitiv e fro m a  psy -
chologica l  perspective :  human s d o no t  remembe r  ev -
er y instance ,  an d ar e abl e t o lear n despit e a  virtuall y 
infinit e sequenc e o f  instances .  Thi s requiremen t  i s als o 
reasonabl e fo r  roboti c o r  real-tim e applications ,  wher e 
a respons e m a y b e neede d a t  an y poin t  durin g learning . 
I n thi s way ,  Classi t  differ s fro m statistica l  method s i n 
cluste r  analysi s an d fro m non-incrementa l  learnin g sys -
tem s suc h a s C lus te r / 2 (Michalsk i  k  Stepp ,  1983) . 

Representation 

Instances for Classit are described by a simple list 
of  attribute-valu e pairs .  Attribute s m a y b e symbolic , 
wit h a  finit e (an d usuall y small )  rang e o f  values ,  o r 
continuous ,  wit h a n infinit e se t  o f  possibl e values .  Ad -
ditionally ,  Classi t  allow s fo r  missin g attributes :  som e 
instance s m a y no t  hav e value s fo r  ever y attribute .  Thi s 
for m o f  representatio n i s reasonabl y general ,  bu t  i t  can -
not  handl e relationa l  o r  structure d informatio n (se e Ib a 
k Gennari ,  i n press) . 

Lik e C o b w e b ,  Classi t  use s probabilisti c  concep t 
description s t o represen t  acquire d knowledge .  Thus , 
rathe r  tha n all-or-non e conjunctiv e concep t  definitions , 
thi s approac h use s probabilitie s t o buil d approximat e 
concepts .  Fo r  symboli c attributes ,  thes e probabilitie s 
ca n b e compute d b y countin g th e numbe r  o f  time s eac h 
attribute-valu e appear s an d th e numbe r  o f  member  in -
stances .  Fo r  continuou s attributes ,  wher e th e probabil -
it y  o f  an y singl e valu e i s zero ,  th e syste m use s th e mea n 
and th e standar d deviatio n ove r  member  instances . 

Thes e concept s ar e organize d i n memor y i n a 
general-to-specifi c  hierarchy .  Towar d th e to p o f  th e 
tre e ar e genera l  concepts ,  summarizin g m a n y in -
stances .  Lowe r  i n th e tre e ar e mor e specifi c  concepts , 
and th e leave s m a y b e singl e instances .  A  lea f  m a y 
als o summariz e a  numbe r  o f  (ver y similar )  instances . 
I n thi s case ,  th e syste m ha s forgotte n thos e individua l 
instances ,  an d ca n onl y retriev e th e summarizin g lea f 
concept . 

Algorithm 

Classit begins with an empty hierarchy, and adds to 
it s concep t  hierarch y a s i t  classifie s eac h ne w instance . 
Th e algorith m presente d i n Tabl e 1  i s a n overvie w 
of  ho w learnin g (modifyin g th e hierarchy )  an d perfor -
mance (classification )  occur .  Th e syste m cleissifie s in -
stance s b y sortin g the m throug h th e concep t  hierarch y 
fro m th e roo t  nod e dow n t o th e leaves .  A t  eac h level , 
Classi t  ca n plac e th e nod e i n a n existin g concep t  o r 
decid e tha t  th e instanc e i s sufficientl y diflferen t  t o war -
ran t  th e creatio n o f  a  ne w class .  Th e othe r  tw o choice s 
(operator s c  an d d  i n Tabl e 1 )  reorganiz e th e concep t 

1.  Incorporat e x  int o th e roo t  class . 
2.  Choos e th e bes t  o f  fou r  operators : 

a)  incorporat e x  int o a  chil d class . 
b)  creat e a  ne w disjunc t  base d o n x . 
c )  merg e tv o chil d classes . 
d)  spli t  a  clas s int o it s children . 

3.  I f  th e ne v clas s hci s n o children ,  o r 
I f  th e matc h i s clos e enough ,  end . 
Else ,  recurs e o n th e chose n class . 

Table 1: The incremental algorithm used by Classit. 

hierarchy; they give the system some ability to recover 
fro m a  misleadin g sequenc e o f  instances . 

I n orde r  t o avoi d storin g al l  instances ,  an d t o 
avoi d overfittin g i n nois y domeiin s (se e Gennari ,  1990) , 
Classi t  use s a  paramete r  calle d th e recognitio n cri -
terio n a s i t  classifie s instances .  Thi s tell s  th e syste m 
tha t  th e ne w instanc e matche s th e curren t  concep t  wel l 
enoug h t o conside r  tha t  instanc e a s recognize d an d t o 
hal t  th e classificatio n proces s (Ste p 3  i n Tabl e 1) . 

Evaluation function 

I n orde r  t o choos e amon g th e fou r  operators ,  Classi t 
use s a n evaluatio n function .  Thi s i s a n expressio n tha t 
evaluate s th e qualit y o f  a  se t  o f  concept s an d return s 
a numeri c score ,  allowin g th e syste m t o choos e th e op -
erato r  tha t  lead s t o th e highes t  score .  Classi t  use s a 
versio n o f  categor y utilit y  fo r  it s  evaluatio n function . 
Thi s functio n i s designe d t o maximiz e th e predictiv e 
abilit y  o f  classe s an d wa s originall y develope d b y Gluc k 
and Corte r  (1985) .  Fo r  Classit ,  categor y utilit y  is : 

J:J:P{Cj)Info{Cii )  -  I n fo idp ) 
« J 

I  J 
> (1 ) 

fo r  /  attribute s an d J  classes ,  wher e P { C )  i s th e prob -
abilit y  o f  clas s C  an d d p refer s t o attribut e i  i n th e 
paren t  class .  Info{C )  i s a  functio n tha t  measure s th e 
valu e o r  qualit y o f  clas s C .  Fo r  a  symboli c attribut e i 
(wit h V  values ) 

V 

/ n / o ( a )  =  ^ P ( x , J C ) 2 , 

V 

and fo r  a  continuou s attribut e i 

Info{Ci) = l/cic , 

where ct,c is the standard deviation of an attribute in 
clas s C. ^  T o summarize ,  thi s functio n sum s ove r  ever y 

^With singleton classes, this standard deviation is zero, 
leadin g t o a n infinit e 1/<t .  T o solv e thi s problem ,  CLAS -
SI T use s a n Acuit y paramete r  tha t  specifie s a  minimu m 
(non-zero )  standar d deviation .  Thi s limi t  correspond s 
t o th e notio n o f  a  'jus t  noticeabl e difference '  i n psy -
chophysic s -  th e lowe r  limi t  o n ou r  abilit y  t o mak e per -
ceptua l  discriminations . 
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1.  Selec t  a n unsee n attribut e wit h probabilit y 
base d o n it s salience . 

2.  Updat e th e salienc e o f  th e selecte d attribute . 
3.  Comput e th e categor y utilit y  scor e fo r  th e bes t 

classification ,  X ,  base d onl y o n observe d 
attributes . 

4.  Conside r  al l  remainin g unsee n attribute s an d 
comput e score s fo r  'worst-case '  scenarios : 
wher e thes e attribute s migh t  matc h eithe r 

a)  A n alternativ e concept . 
b)  A  ne w disjunct . 

5.  I f  eithe r  o f  thes e score s i s bette r  tha n X , 
the n g o t o ste p 1 . 
Else ,  ignor e remainin g attributes . 

Table 2: An algorithm for attention 

child concept, C,, and subtracts the information at 
th e parent ,  Cp .  Thus ,  i t  measure s th e gai n i n Info{C ) 
fro m paren t  t o chil d level s o f  th e hierarchy . 

3.  Attentio n applie d t o C L A S S I T 

I n orde r  t o choos e onl y th e 'important '  attributes , 
th e syste m mus t  lear n th e relativ e salienc e o f  at -
tributes .  Not e tha t  thi s i s no t  give n a  priori ,  s o at -
tentio n add s a  secon d learnin g tas k t o th e system : 
Classi t  mus t  lear n bot h concep t  description s an d 
salience s o f  attributes .  Salienc e i s define d a s th e per -
attribut e contributio n t o categor y utilit y  (se e Equa -
tio n 1) .  Hence ,  fo r  a  give n attribut e i , 

Y,P{C,)Info{Cij )  -  Infoidp ) 

SaliencC i  = 

These scores produce a dynamic ordering of the at-
tribute s fro m mos t  salien t  (attribute s tha t  shoul d b e 
inspecte d first)  t o leas t  salien t  (attribute s tha t  proba -
bl y nee d no t  b e inspected) .  However ,  attribute s ar e 
not  alway s inspecte d i n exac t  orde r  o f  salience ;  in -
stead ,  th e syste m choose s attribute s probabilisticall y 
as a  functio n o f  thei r  salience .  Thi s allow s th e syste m 
t o recove r  fro m 'incorrect '  scores :  eve n a  low-scorin g 
attribut e ma y b e occasionall y inspected .  I f  suc h a n 
attribut e i s 'noticed '  i n thi s way ,  an d i f  tha t  attribut e 
actuall y i s salient ,  the n it s scor e wil l  improve ,  an d i t 
wil l  b e mor e likel y t o b e inspecte d i n th e future . 

I n additio n t o a n ordering ,  th e syste m mus t  decid e 
how man y attribute s t o inspec t  befor e makin g a  clus -
terin g decision .  Classi t  resolve s thi s 'stoppin g condi -
tion '  proble m b y imaginin g a  worst-cas e scenari o wher e 
th e unobserve d attribute s matc h som e othe r  concep t 
perfectly ,  an d the n considerin g whethe r  thi s informa l 
tio n woul d chang e th e curren t  clusterin g decision .  I f 
so,  ther i  i t  mus t  continu e inspectin g attributes ;  i f  not , 
i t  ha s inspecte d sufficien t  attribute s t o mak e a  decision . 

Tabl e 2  present s th e attentio n algorith m use d i n 

Classit .  Thi s mechanis m i s embedde d withi n th e ba -
si c concep t  formatio n algorith m a s describe d i n Ta -
bl e 1 .  Attentio n i s use d wheneve r  makin g a  clusterin g 
decision :  choosin g on e o f  th e fou r  operator s a t  a  leve l 
i n th e hierarchy .  I f  attentio n choose s t o ignor e som e 
attributes ,  thes e attribute s ar e treate d a s missing :  th e 
syste m simpl y make s classificatio n decision s base d o n 
partia l  information .  Whe n Classi t  descend s t o th e 
next  level ,  attribute s tha t  wer e observe d earlie r  ar e 're -
membered'  an d adde d t o th e lis t  o f  know n attributes . 
Thus ,  th e syste m mus t  inspec t  mor e attribute s i n orde r 
t o mak e mor e specifi c  classifications . 

Wit h littl e o r  n o previou s information ,  al l  attribute s 
ar e equall y salient ,  an d th e syste m mus t  inspec t  mos t 
or  al l  attribute s befor e choosin g a  clusterin g opera/ -
tor .  However ,  a s mor e instance s ar e observed ,  concept s 
shoul d emerg e i n whic h som e attribute s contribut e 
heavil y t o th e tota l  categor y utilit y  score ,  whil e other s 
contribut e less .  Thi s mean s tha t  th e salienc e score s 
fo r  attribute s becom e mor e disparate ,  lettin g th e sys -
te m inspec t  onl y thos e attribute s tha t  hav e hig h scores . 
The attribut e learnin g proces s i s synchronou s wit h th e 
concep t  learnin g process :  a s th e syste m define s con -
cepts ,  i t  learn s whic h attribute s ar e mor e salient . 

As state d earlier ,  th e purpos e o f  a n attentio n mech -
anis m i s t o improv e efficienc y b y lookin g a t  fewe r  at -
tributes .  Ye t  ther e i s n o improvemen t  i n computa -
tiona l  efficienc y wit h thi s algorithm .  I n particular ,  b y 
applyin g th e haltin g conditio n afte r  observin g eac h o f  n 
attribute s (Ste p 4  i n th e table) ,  I  hav e adde d a n 0{n^ ) 
cos t  t o th e algorithm .  However ,  I  assum e tha t  th e cos t 
of  observin g a n attribut e i s fa r  greate r  tha n th e tim e 
require d fo r  interna l  computation .  Thi s i s reasonabl e 
i f  on e imagine s a n applicatio n t o diagnosi s o r  robotics , 
wher e considerabl e wor k an d rea l  tim e ma y b e neede d 
t o observ e feature s (Ta n &  Schlimmer ,  1990) . 

4.  Exper imentat io n wit h attentio n 

The basic claim to be verified by experimentation 
i s tha t  attentio n ca n increas e eflRcienc y withou t  a  los s 
of  accuracy .  Mor e specifically ,  i t  shoul d decreas e th e 
number  o f  attribute s th e syste m mus t  inspec t  with -
out  decreasin g it s predictiv e accuracy .  I n addition ,  I 
shoul d verif y tha t  th e attentio n mechanis m behave s a s 
expected :  th e numbe r  o f  attribute s inspecte d shoul d 
decreas e ove r  time ,  an d th e syste m shoul d focu s onl y 
on th e "relevant "  attributes . 

I n th e followin g experiments ,  I  measur e efficienc y b y 
countin g th e tota l  numbe r  o f  attribute s observe d dur -
in g cla.ssificatio n o f  eac h instance .  Fo r  accuracy ,  I  mea -
sur e th e predictiv e abilit y  o f  th e concep t  hierarch y o n 
unsee n tes t  instances .  Bot h measure s ar e take n wit h 
th e syste m i n a  'testing '  mode .  Learnin g (th e modi -
fication  o f  th e concep t  hierarchy )  i s turne d of f  durin g 
testing ,  an d th e recognitio n criterio n i s se t  a t  a  lo w 
level .  Th e recognitio n criterio n represent s a  trade-of f 
betwee n carefu l  learnin g an d rapi d recognition .  Low -
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Absolut e erro r 

usin g 1 0 orders ,  RC=0.65 ,  Acuity-1.0 : 

,  .  Erro r  withou t  attentio n 

» ,  Erro r  wit h attentio n 

y ?-*•!•»• !  n - ^ T ^ ^ m 
10 2 0 3 0 4 0 5 0 6 0 7 0 8 0 9 0 10 0 

Instance s (time ) 

Figure 1: Predictive accuracy - artificial domain 

ering the parameter allows the system to quickly rec-
ogniz e a n instanc e a t  a  high ,  genera l  leve l  o f  th e tree , 
allowin g th e attentio n mechanis m t o us e onl y a  smal l 
number  o f  attributes. ^ 

Results with artificial data 

As an initial experiment, it is useful to investigate 
Classit' s  performanc e wit h a n artificia l  database . 
Wit h suc h a  domain ,  on e ca n guarante e tha t  som e 
attribute s ar e trul y 'irrelevant '  -  thei r  value s d o no t 
depen d o n clas s membership .  I n thi s experiment ,  I  cre -
ate d a  databas e wit h 2 0 continuou s attributes ,  wher e 
12 o f  thes e ha d generatin g distribution s tha t  di d no t 
depen d o n class .  A n y o f  th e remainin g eigh t  attribute s 
ca n b e use d t o distinguis h a m o n g th e classes ,  bu t  fou r 
ar e noisy :  th e difi"erence s betwee n classe s ar e small , 
and th e standar d deviation s withi n a  clas s ar e high . 

Figur e 1  show s a  learnin g curv e fo r  accurac y wit h 
and withou t  th e attentio n mechanism .  T h e predicte d 
attribut e i s attribut e 13 ,  on e o f  th e clean ,  relevan t  at -
tributes ,  an d accurac y i s measure d a s a  simpl e averag e 
of  th e absolut e erro r  o f  predictions .  A s expected ,  bot h 
system s reac h th e sam e asymptote ,  althoug h th e us e o f 
attentio n seem s t o resul t  i n a  slowe r  rat e o f  learning . 
Thi s m a y b e du e t o th e additiona l  learnin g tas k fo r 
attention . 

Figur e 2  characterize s th e behavio r  o f  th e attentio n 
algorithm .  I n thi s figure,  th e frequenc y o f  attribut e 
inspectio n i s show n ove r  time ,  fo r  al l  attributes .  Not e 
tha t  th e syste m almos t  alway s inspect s th e thre e clean , 
relevan t  attribute s (nos .  14 ,  1 5 an d 16). ^  Classi t 
nex t  prefer s th e nois y attribute s (nos .  1 7 throug h 20 ) 

Without the use of the recognition criterion, attention 
tend s t o observ e al l  (o r  almos t  all )  attributes .  Thi s i s be -
caus e differen t  attribute s ar e relevan t  a t  eac h leve l  o f  th e 
tree .  B y th e tim e classificatio n reache s th e leave s o f  th e 
tre e (singleto n classes) ,  al l  o r  mos t  attribute s ar e 'known' . 

* Attribute 13 is not available because it is used for the 
predictio n task . 
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Usin g 1 0 orders ,  RC=0.65 ,  Acuity=1.0 . 
Attribute s inspected : 

•  25-4 9 % •  50-7 4 % •  75-8 9 % 

Instance s (time ) 

90-100 % 

Figur e 2 :  T h e frequenc y o f  attribut e inspectio n i n th e 
artificia l  domai n 

and only rarely does the system inspect the irrelevant 
attribute s (nos .  1  throug h 12) .  Thi s figure  als o show s 
tha t  th e syste m begin s b y inspectin g m a n y attribute s 
(abou t  1 2 t o 15) ,  an d onl y afte r  abou t  3 0 instance s 
doe s i t  'settle '  o n th e bes t  attribute s (inspectin g abou t 
7 attribute s pe r  instance) .  I t  i s  interestin g tha t  thi s 
poin t  i n tim e matche s th e plac e i n Figur e 1  wher e th e 
tw o system s reac h th e sam e leve l  o f  accuracy . 

Results with real databases 

I n orde r  demonstrat e th e practica l  us e o f  a  learnin g 
system ,  on e mus t  demonstrat e performanc e o f  th e sys -
te m i n real-worl d domains .  Here ,  I  presen t  result s fo r 
tw o database s fro m th e U C I  machin e learnin g databas e 
repository :  ^  th e votin g databas e an d th e heart-diseas e 
database .  Th e votin g databas e wa s collecte d fro m 198 4 
congressiona l  record s b y Jef f  Schlimmer ,  an d consist s 
of  1 7 symboli c attribute s pe r  instance :  1 6 vote s an d 
part y affiliation .  Th e hear t  diseas e databas e encode s 
patien t  informatio n fro m th e Clevelan d Clini c Foun -
datio n an d wa s collecte d b y Rober t  Detran o (se e De -
tran o e t  al. ,  1990) .  Thi s dat a include s eigh t  numeri c 
attribute s an d si x  symboli c ones ,  includin g a  binar y 
sick/health y attribute . 

Figur e 3  show s th e accurac y o f  Classi t  o n thes e 
databcise s wit h an d withou t  th e attentio n mechanism . 
I n bot h domains ,  th e predicte d attribut e i s binar y an d 
symbolic :  fo r  th e votin g database ,  part y affiliation ;  fo r 
th e heart-diseas e database ,  th e sick/health y attribute . 
Thus ,  performanc e i s  measure d b y percentag e erro r  -
ho w ofte n th e predictio n i s  incorrect .  Althoug h th e 
use o f  attentio n result s i n som e los s o f  accurac y i n th e 
heart-diseas e domain ,  thi s appear s t o b e a  mino r  efi'ect . 

To obtai n thes e database s o r  informatio n abou t  them , 
sen d e-mai l  t o ml-repository@ics.uci.edu ,  o r  contac t  Patric k 
Murphy ,  IC S Department ,  U C Irvin e 92717 . 
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Hear t  diseas e databas e (RC=0. 6 Acuity=2.0) : 

•  •  Erro r  withou t  attentio n 
•-  -  -  •  Erro r  wit h attentio n 

I  databas e (RC=0. 6 Acuity>2.0) : 
Erro r  withou t  attentio n 
Erro r  wit h attentio n 

10 2 0 3 0 4 0 5 0 6 0 7 0 8 0 9 0 10 0 

Instance s (time ) 

Figure 3: Predictive accuracy - real domsuns 

The attribute frequency graph for the voting 
databas e (no t  shown )  provide s additiona l  evidenc e fo r 
th e attentio n mechanism .  Althoug h no t  a s dramati c 
as Figur e 2 ,  i t  show s tha t  Classi t  focuse s o n partisa n 
vote s suc h a s 'ai d t o E l  Salvador '  an d 'ai d t o th e con -
tras' ,  a t  th e expens e o f  non-partisa n attribute s suc h a s 
a vot e abou t  immigration .  I n thi s domain ,  Classi t 
focuse s almos t  irrunediatel y ont o abou t  9  attributes . 
A simpl e explainatio n fo r  thi s rapi d learnin g i s  tha t  i t 
i s  ver y eas y (require s fe w instances )  t o distinguis h be -
twee n th e tw o partie s i n thi s database . 

T h e hear t  diseas e databas e ha s a n attribut e fre -
quenc y grap h tha t  indicate s a  mor e eve n distributio n 
a m o ng attributes .  Thi s suggest s tha t  al l  o r  mos t  o f 
th e attribute s i n thi s domai n ar e relevan t  fo r  predic -
tion .  Thi s i s  no t  surprisin g sinc e th e attribute s wer e 
selecte d b y a n exper t  i n th e domaun .  However ,  eve n 
i n thi s domain ,  Class i t  learn s t o us e onl y abou t  7 
attribute s ou t  o f  a  tota l  o f  13 . 

5. Discussion 

One important domain for attention is visual pro-
cessing .  Thi s i s a n interestin g appUcatio n sinc e real -
worl d image s hav e thousand s o f  attribute s an d a  larg e 
amount  o f  irrelevan t  information .  However ,  befor e ap -
plyin g attentio n t o vision ,  I  mus t  improv e th e 'stoppin g 
condition '  currentl y use d b y Classit .  Experiment s t o 
dat e hav e confirme d tha t  th e th e curren t  metho d i s to o 
costl y an d to o conservativ e abou t  no t  riskin g accuracy . 

The result s presente d her e demonstrat e tha t  th e at -
tentio n mechanis m doe s wor k a s i t  should :  i t  increjise s 
th e efficienc y o f  th e syste m withou t  reducin g accuracy . 
However ,  experimenta l  result s d o no t  "prove "  tha t  thi s 
i s th e bes t  approach ,  no r  suppor t  thi s researc h a s a 
model  o f  huma n attentio n an d learning .  Thi s i s sim -
pl y a n effor t  t o us e a  know n phenomen a i n huma n psy -

cholog y t o achiev e improvemen t  i n a  learnin g system . 
I n turn ,  I  hop e tha t  a s thes e compute r  system s evolv e 
and improve ,  the y ca n lea d t o advance s i n developin g 
model s o f  huma n cognition . 
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