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Abstrac t 

The goal of this paper is to introduce a new measure of 
basic-leve l  performanc e tha t  w e wil l  cal l  th e "categor y 
attentiona l  slip. "  Th e ide a behin d i t  i s  ver y simple :  Th e 
attentiona l  mechanism s o f  a n ideall y rationa l  categorize r 
ar e mad e t o "slip "  onc e i n a  while .  W e provid e a 
formalizatio n o f  attentiona l  sli p tha t  specifie s wha t  a n 
"ideall y rationa l  categorizer "  i s  an d ho w it s attentio n 
"slips. "  W e the n compar e it s  predictiv e capabilitie s wit h 
thos e o f  tw o establishe d basic-leve l  measures :  categor y 
feature-possessio n (Jones ,  1983 )  an d categor y utilit y 
(Corte r  &  Gluck ,  1992) .  Th e empirica l  dat a use d fo r  th e 
comparison s ar e draw n fro m eigh t  classica l  experiment s 
fro m Murph y an d Smit h (1982) ,  Murph y (1991) ,  an d 
Tanak a an d Taylo r  (1991) . 

Real-world "things" may have a number of different 
names.  Fo r  example ,  Scull y fro m th e X-file s televisio n 
series ,  i s a  medica l  doctor ,  a n FB I  agent ,  a  redhead ,  a  female , 
th e partne r  o f  agen t  Mulder ,  a  physician ,  a  creatio n o f  Chri s 
Carter ,  a  characte r  portraye d b y Gillia n Anderson ,  an d s o 
forth .  Al l  thes e name s refe r  t o differen t  categorie s whic h ca n 
shar e a  subse t  o f  thei r  members ,  an d s o Scull y i s  no t  th e 
onl y redheade d FB I  agent ,  an d no t  al l  FB I  agent s hav e re d 
hai r  (e.g. ,  agen t  Mulde r  ha s brow n hair) .  I n thi s paper ,  w e 
wil l  no t  b e concerne d wit h al l  possibl e categorization s o f  a 
singl e object .  Instead ,  w e wil l  concentrat e o n th e ide a tha t 
categorie s ca n b e hierarchicall y organized ,  s o tha t  Scull y i s a 
docto r  an d a  h u m a n being .  Embedde d categorie s ar e sai d t o 
denot e differen t  level s o f  categorization . 

I n a  semina l  paper ,  Rosch ,  Mervis ,  Gray ,  Johnson ,  an d 
Boyes-Brae m (1976 )  distinguishe d thre e o f  thes e levels :  th e 
subordinat e {sparrow ,  B M W ) ,  th e basi c {bird ,  car )  an d th e 
superordinat e {animal ,  vehicle) .  The y showe d tha t  o f  thes e 
levels ,  th e basi c wa s superio r  i n man y respects :  Peopl e ten d 
t o designat e a n objec t  wit h it s basic-leve l  categor y name ; 
throughou t  development ,  basi c leve l  name s ar e learne d 
befor e thos e o f  othe r  categorizatio n levels ;  basi c name s ten d 
t o b e shorte r  an d use d mor e frequentl y tha n thos e o f  othe r 
categories ;  peopl e ten d t o man y mor e feature s a t  th e basi c 
leve l  tha n a t  th e superordinat e level ,  wit h onl y a  sligh t 
increas e a t  th e subordinat e level ;  peopl e decid e mor e rapidl y 
tha t  a n objec t  belong s t o a  basi c categor y tha n t o al l  th e 
othe r  categorie s o f  a  hierarch y (se e als o Murphy ,  1991 ; 
Murph y &  Smith ,  1982 ;  Tanak a &  Taylor ,  1991) . 

Experiment s o n th e basi c leve l  hav e typicall y probe d thre e 
embedded categorizatio n levels ,  usin g onl y on e o r  tw o 
measure s o f  performanc e (e.g. ,  respons e time s an d featur e 

listings) .  Obviously ,  peopl e ca n ofte n us e man y mor e tha n 
thre e level s i n thei r  interaction s wit h objects .  Berlioz ,  fo r 
instance ,  wa s a n artist ,  a  human ,  a  m a m m a l ,  a  livin g 
organism ,  a  bunc h o f  atoms ,  an d s o forth .  However ,  basic -
leve l  performanc e ca n onl y exis t  wit h respec t  t o th e othe r 
categorizatio n level s tha t  ar e probed .  Hence ,  w e believ e i t  i s 
mor e appropriat e t o spea k o f  th e hasic-levelnes s (whic h i s a 
measur e o f  performance )  o f  a  leve l  o f  categorizatio n tha n t o 
consider  th e basi c leve l  a s a n absolut e leve l  o f  a 
categorizatio n hierarch y (Murphy ,  1991 ;  Schyns ,  1996) . 

Eve n thoug h th e basi c leve l  i s  importan t  i n curren t 
theorie s o f  objec t  categorizatio n (Murphy ,  1991 ;  Murph y & 
Smith ,  1982 ;  Rosc h e t  al. ,  1976 ;  Tanak a &  Taylor ,  1991 ) 
and recognitio n (Biederman ,  1987) ,  n o mode l  o f  basic-leve l 
performanc e ca n accoun t  fo r  al l  existin g evidenc e o f  th e 
basic-leve l  effect .  I t  i s  th e purpos e o f  thi s researc h t o 
propos e a  ne w an d bette r  mode l  o f  basic-levelnes s tha t  w e 
cal l  "categor y attentiona l  slip. "  Th e fundamenta l  idea s 
behin d th e attentiona l  sli p measur e ar e quit e simple .  W e 
begi n wit h a n "ideal "  categorize r  tha t  perform s serie s o f  test s 
on feature s t o decid e whethe r  a n objec t  belong s t o a 
category .  Then ,  w e ad d nois e t o th e attentiona l  mechanis m 
of  thi s idea l  categorize r  s o tha t  i t  "slips "  onc e i n a  while . 

We compar e th e categor y attentiona l  slip' s abilit y t o 
accoun t  fo r  empirica l  dat a wit h th e prediction s o f  tw o 
establishe d models :  categor y feature-possessio n (Jones , 
1983 )  an d categor y utilit y  (Corte r  &  Gluck ,  1992) . 

Measures of Basic-Levelness 

I n thi s section ,  w e firs t  presen t  a  ver y simpl e categor y 
structur e (se e Figur e 1) .  W e the n us e thi s structur e t o 
explai n categor y featur e possession ,  categor y utility ,  an d 
categor y attentiona l  slip ,  respectively . 

hob 

warn com va d la r  zi m 
.e ./ •  . e . / 

Figure 1: The category structure used to explain category 
attentiona l  shp ,  categor y featur e possession ,  an d categor y 

utility . 

Underneath the category names (e.g., som, pirn, zim), the 
letter s correspon d t o th e feature s tha t  defin e a  leve l  o f 
categorization .  Fo r  example ,  a  define s th e superio r  leve l 
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hob ,  a c define s th e middl e leve l  hot .  ;uu l  ac e defin e th e lowe r 
leve l  c o m (th e point s correspon d t o th e feature s inherite d 
fro m th e relate d level[s ]  abov e th e consideiie d categorizatio n 
level) .  Object s ar e evenl y distribute d a m o n g categorie s 
locate d a t  a  give n leve l  o f  categorization .  I t  i s  wort h 
mentionin g a t  thi s stag e tha t  th e categor y orgimizatio n o f 
Figur e 1  w a s chose n fo r  it s simplicity ,  bu t  als o t o illustrat e 
a genera l  aspec t  o f  categor y organization s tha t  wil l  b e c o m e 
particularl y importan t  i n attentiona l  slip . 

Category feature-possession 

Jone s (1983 )  propose d tha t  th e basi c leve l  i s  th e leve l  o f 
categorizatio n wher e th e averag e categor y feature-possessio n 
i s max imal .  T h e categor y feature-possessio n o f  a  categor y f , 
(B, )  i s defined—fo r  a  give n se t  o f  object s c o m p o s e d o f  t i 
feature s an d fo r  m categories--a s th e s u m o f  al l  th e fc,y,  i.e .  B , 
= 'Lbi j  o v e r  th e n  features .  I f  A'i, = max(KjjJ(2j-,...J(mj) > biji s 
equa l  t o w j  (w y =  1 ,  usually) ;  els e fc,y  i s equa l  t o zero .  A n d 
Kij ,  th e collocatio n o f  a  categor y c ,  an d o f  a  feature/y , 
c o r r e s p o n d s t o K i j = Pici\f/)P{fj\c,) .  Finally ,  P{Ci\fj )  a n d P i f ^c d 
ar e th e probabilit y  tha t  th e objec t  belong s t o c ,  give n tha t  i t 
possesse s  / ) .  an d th e probabilit y  tha t  th e objec t  possesse s 
feature/ }  give n tha t  i t  belong s t o i „  respectively . 

Categor y featur e possessio n i s a  four-ste p process . 
Conside r  th e categor y organizatio n o f  Figur e 1  t o illustrat e 
th e computations .  First ,  w e mus t  comput e P(fj\ci )  an d Pici\fj ) 
fo r  i , je{a,b,c,d,e,f} .  Fo r  example ,  bot h P{d\hob )  an d 
P { h o b \ d )  ar e equa l  t o .5 .  Second ,  w e calculat e al l  th e 
collocations .  T h e collocatio n o f  categor y ho b an d featur e d , 
fo r  instance ,  i s equa l  t o P(d\hob)P(hoh\d) ,  tha t  i s  .2 5 (se e 
Tabl e 1  fo r  a  listin g o f  al l  collocations) .  Third ,  w e locat e th e 
larges t  collocatio n fo r  ever y featur e i n th e co lumn s o f  Tabl e 
1.  Fo r  example ,  th e larges t  collocation s fo r  featur e d ,  ar e 
equa l  t o . 5 (se e th e underline d figures  i n Tabl e 1) .  Finjilly ,  a 
coun t  o f  th e n u m b e r  o f  underline d figure s provid e th e 
categor y feature-possessio n measur e (se e th e rightmos t 
c o l u m n o f  Tabl e 1) .  Fo r  th e categor y orgfinizatio n o f  Figur e 
1,  feature-possessio n predict s tha t  reactio n time s ( R T ) 
shoul d b e fastes t  a t  th e highe r  leve l  o f  categorization ,  an d 
tha t  the y shoul d b e equall y slo w a t  th e middl e an d lowe r 
levels . 

Table 1: Key computations for the numerical simulation of 
th e categor y feature-possessio n (Jones ,  1983 )  wit h th e 

categor y organiz.'tlio n o f  Figur e 1 . 

Categor y 
hob 
som 
hot 
rel 
pi m 
nop 
com 
vad 
la r 
zi m 

war n 
ti i 

nut 
fac 

a 
i 
0 
.5 
.5 
0 
0 

.25 

.25 

.25 

.25 
0 
0 
0 
0 

h 
0 
i 
0 
0 
.5 
.5 
0 
0 
0 
0 

.25 

.25 

.25 

.25 

hcatur c 
c 

.25 

.25 
J. 
0 
A 
0 

.25 

.25 
0 
0 

.25 

.25 
0 
0 

d 
.25 
.25 
0 
J. 
0 
J 
0 
0 

.25 

.25 
0 
0 

.25 

.25 

e 
Ji i 
^ 
.12 5 
.12 5 
.12 5 
.12 5 
•21 
0 

^ 
0 

^ 
0 

^ 
0 

/ 
^ 
JA 
.12 5 
.12 5 
.12 5 
.12 5 

0 
x21 
0 

^ 
0 

^ 
0 

^ 

I 
i 

C a t e g o r y utilit y 

Corte r  an d Cluck' s (1992 )  categor y utilit y  measur e ha s a 
soli d logi c o f  con.siruction .  Fo r  thes e authors ,  a  categor y i s 
usefu l  t o th e exten t  tha t  i t  improve s th e capacit y t o correctl y 
predic t  th e feature s o f  a  m e m b e r  o f  thi s category .  Suppos e m 
feature s (/i )  describ e exemplars .  K n o w i n g onl y P(fk )  (th e 
probabilit y  tha t  a n objec t  possesse s featur e ft )  a  raw , 
uninforme d prohabiliiy-malchin g strateg y enable s t o gues s 
tha t  a  give n objec t  pos.sesses/ *  wit h a  probabilit y  P(fk) .  Th e 
probabilit y  tha t  thi s gues s i s correc t  i s  P(fk)'̂ .  However ,  th e 
predictio n migh t  b e significuitl y  enhance d i f  on e k n e w tha t 
th e objec t  belonge d t o categor y c .  Categor y utilit y  measure s 
thi s gai n betwee n a n informe d an d a n uninforme d predictio n 
of  objec t  features .  W e hav e idrejid y see n wha t  th e uninforme d 
gues s was ,  le t  u s n o w tur n t o th e informe d guessing . 

Formally ,  th e P(ft\c )  i s  th e prio r  probabilit y  tha t  a n objec t 
possesse s featur e f ^  give n tha t  i t  belong s t o categor y c .  Th e 
probabilit y  tha t  thi s gues s i s correc t  i s  Pif^k)' ^  Anothe r 
prio r  information ,  /'(c )  i s  th e probabilit y  tha t  th e considere d 
objec t  effectivel y belong s t o c .  Thus ,  th e expecte d increas e 
i n predictiv e powe r  tha t  th e objec t  possesse s feature/ ^  fro m 
th e knowledg e tha t  th e inpu t  belong s t o c  i s give n b y 
f'{c){P{ft\c)'̂ -P{f̂ ^ .  T h e s u m o f  thi s expecte d increas e ove r 
th e m feature s describin g th e inpu t  objec t  i s  th e categor y 
utilit y  o f  c 

P{c)l\p[f,\cf-P[ftf 

The average of the category utilities should be maximal at 
th e basi c level . 

Categor y utilit y  i s  als o a  four-ste p computation . 
Consider ,  again ,  th e categor y organizatio n o f  Figur e 1  t o 
illustrat e th e computations .  W e star t  wit h a  computatio n o f 
al l  /'(c)s ,  /'(/it)s ,  an d /'(/ilt)s .  T h e P{c) s ar e respectivel y equa l 
t o .5 ,  .25 ,  an d .12 5 fo r  th e higher ,  middle ,  an d lowe r  level s 
of  categorization .  T h e /'(/i) s ar e al l  equa l  t o .5 .  T h e P{fi\c) s 
ar e eas y t o compute .  Fo r  example ,  P(a\hob )  i s l,P(b\hob )  i s 
0,  an d P(c\hoh )  i s  .5 .  Next ,  w e subtrac t  th e square s o f  th e 
P{fi\c) s f r o m th e squa re s o f  th e Pifids .  [Pia\hob)^-P{a)^] ,  fo r 
instance ,  i s equa l  t o .7 5 (Tabl e 2  summarize s al l  thes e 
differences) . 

Table 2: Key computations for the numerical simulation of 
th e categor y utilit y  measur e (Corte r  &  Gluck ,  1992 )  wit h 

th e categor y organizatio n o f  Figur e 1 . 

Categor y 
hoh 
som 
hot 
rel 
pi m 
nop 
com 
vad 
la r 
zi m 

war n 
li s 
mul 
[ac 

a 

-.2 5 
.75 
.75 
-.2 5 
-.2 5 
.75 
.75 
.75 
.75 
-.2 5 
-.2 5 
-.2 5 
-.2 5 

h 
-.2 5 
.75 
-.2 5 
-.2 5 
.75 
.75 
-.2 5 
-.2 5 
-.2 5 
-.2 5 
.75 
.75 
.75 
.75 

f-cat u r e 
c 
0 
0 

.75 
-.2 5 
.75 
-.2 5 
,75 
.75 
-.2 5 
-.2 5 
.75 
.75 
-.2 5 
-.2 5 

d 

0 
-.2 5 
.75 
-.2 5 
.75 
-.2 5 
-.2 5 
.75 
.75 
-.2 5 
-.2 5 
.75 
.75 

e 
0 
0 
0 
0 
0 
0 

.75 
-.2 5 
.75 
-.2 5 
.75 
-.2 5 
.75 
-.2 5 

/ 
J) 
0 
0 
0 
0 
0 

-.2 5 
.75 
-.2 5 
.75 
-.2 5 
.75 
-.2 5 
.75 

I 
U.5 
0.5 

l. S 
1.5 
1.5 
1.5 
1.5 
1.5 
1.5 
1.5 

T h e n ,  w e s u m al l  thes e difference s acros s categorie s (i.e. ,  th e 
row s i n Tabl e 2 ) .  Thes e s u m s appea r  i n th e rightmost 
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colum n o f  Tabl e 2 .  Finally ,  w e obtai n th e categor y utilitie s 
by weightin g eac h su m b y th e appropriat e P(c) .  Fo r  th e 
highe r  an d th e middl e leve l  categories ,  categor y utilit y i s 
equa l  t o 0.25 ;  fo r  th e lowe r  leve l  categories ,  i t  i s  equ.i l  t o 
abou t  0.188 .  Thus ,  categor y utilit y  predict s tha t  th e liighcs t 
and middl e categorizatio n level s .'̂ e th e mos t  basi c i n th e 
considere d organization . 

Category attentional slip 
To explai n wha t  w e believ e t o b e th e first  determinan t  o f 

basic-levelnes s (cardinality) ,  conside r  th e typica l  categor y 
organizatio n tha t  ha s elicite d a  basic-leve l  advantag e (se e 
Figur e 2  fro m Murph y &  Smith ,  1982 ,  Experimen t  1) .  T o 
plac e th e featura l  descriptio n o f  a n unknow n objec t  X  i n a 
categor y o f  th e hierarchy ,  peopl e nee d t o tes t  whethe r  th e 
feature s definin g th e categor y characteriz e th e input .  Fo r 
example ,  i n Figur e 2 ,  "doe s X  posses s a?" ,  i s a  tes t  t o chec k 
tha t  th e objec t  X  i s a  hob ,  an d "doe s X  posses s c T \  "doe s X 
posses s d T \  an d "doe s X  posses s e T al l  tes t  tha t  th e inpu t  i s 
a bot .  I t  i s  importan t  t o note ,  however ,  tha t  i n Figur e 2 , 
testin g eithe r  c ,  d ,  or e i s sufficien t  t o detennin e th e categor y 
membershi p o f  th e object ,  th e othe r  test s ar e redundant . 
Mor e generally ,  fo r  a  give n categorizatio n level ,  tw o test s 
ar e redundan t  if f  on e tes t  ca n substitut e fo r  th e othe r  i n ever y 
possibl e identificatio n tasks .  I n Figur e 2 ,  th e categor y 
structur e i s  suc h tha t  thre e redundan t  test s defin e eac h 
middle-leve l  categor y whil e a  singl e tes t  define s eac h higher -
leve l  an d lower-leve l  categories .  Henceforth ,  w e wil l  cal l  s 
th e se t  o f  al l  redundan t  test s associate d wit h a  categorization . 
For  example ,  ̂ i  =  {"doe s X  posses s aT'} ,  s i  =  ("doe s X 
posses s c?, "  "does X posses s (/?, "  "doe s X  posses s el") ,  an d 
i 3 =  ("doe s X  posses s o? "  1  ar e thre e set s o f  redundan t  test s 
associate d wit h h o b ,  bo t  an d c o m ,  respectively .  T h e 
cardinalit y o f  eac h o f  thes e set s i s th e numbe r  o f  redundan t 
test s i t  contain s (e.g. ,  th e cardinalit y o f  5 2 i s  3) . 

hoh 

com va d 
o p 

pi m no p 
A J m n 

lar zim warn lis mui fac 

Figur e 2 :  Murph y &  Smith' s (1982 ,  Experimen t  1 ) 
categorica l  suucture . 

We believe that the second and last determinant of basic-
leve l  performanc e i s th e lengt h o f  th e optima l  strateg y 
require d t o reac h a  categorica l  decision .  Thi s ha s s o fa r  bee n 
completl y neglecte d i n experiment s o n th e basi c level .  T o 
illustrate ,  conside r  th e strateg y (S )  on e coul d adop t  t o decid e 
tha t  th e inpu t  i s a  bo t  fo r  th e categor y structur e o f  Figur e 2 . 
One strateg y coul d be :  5  =  |i i  =  {"doe s X  posses s a?" )  an d 
S2 =  {"doe s X  posses s c?, "  "doe s X  posses s dl, "  "doe s X 
posses s e'V]) ,  wher e eac h s i  i s a  complet e se t  o f  redundan t 
test s a s define d earlier ,  an d wher e th e Sj S ar e performe d i n a 
specifi c  order .  However ,  thi s strateg y i s fa r  firo m bein g 
optimal :  a  strateg y includin g .̂ 2 alon e suffice s t o determin e 
tha t  th e inpu t  i s a  bot .  Thus ,  th e adde d feature s o f  onl y on e 
leve l  o f  th e hierarch y coul d b e checke d t o decid e whethe r  th e 

objec t  belong s t o thi s level-i n fact ,  thi s applie s t o al l  thre e 
level s o f  Figur e 2 .  W h e n onl y th e adde d feature s o f  on e leve l 
of  a  categor y structur e nee d t o b e checke d t o detennin e a 
categorization ,  th e su-ategie s ar e o f  lengt h 1 . 

Most  basic-leve l  experiment s ha d categorie s tha t  requiere d 
onl y lengt h 1  strategie s (see ,  e.g. .  Murph y &  Smith ,  1982 ; 
Murphy ,  1991 ;  Tanak a &  Taylor ,  1991) .  Note ,  however . 
tha t  lengt h 1  strategie s ar e to o constrainin g fo r  m a n y rea l 
worl d categorizations .  Feature s d o ten d t o overla p betwee n 
categories .  Fo r  example ,  conside r  th e followin g cars :  a  blu e 
Tercel ,  a  blu e 911 ,  an d a n orang e Tercel .  T o identif y a  blu e 
Tercel ,  on e need s t o perfor m tw o tests :  5  =  {̂ i  =  {"i s th e 
inpu t  a  Terce lV ]  an d ̂ 2 =  ("' s  th e inpu t  b l u e V ) ] .  T h e 
hierarch y o f  Figur e 1  illustrate s suc h situatio n o f  featur e 
overlap .  Althoug h a  strateg y o f  lengt h I  wa s sufficien t  t o 
determin e tha t  th e inpu t  w a s a  bo t  i n Figur e 2 ,  a  bo t 
categorizatio n need s t o tes t  adde d feature s o f  tw o level s i n 
Figur e 1 :  S  =  |  S |  =  ("doe s X  posses s a?" }  an d ̂ 2 =  I  "doe s X 
posses s (.?")} ,  i n a  specifi c  order .  However ,  i n Figur e 1 ,  a 
strateg y o f  lengt h 1  i s  stil l  sufficien t  fo r  th e highe r  leve l 
categorie s (e.g. ,  S  =  { s =  {"doe s X  posses s a?"} }  t o decid e 
tha t  th e inpu t  i s a  hob) ,  bu t  a  strateg y examinin g th e adde d 
feature s o f  al l  thre e level s (lengt h 3 )  i s  require d t o decid e tha t 
th e inpu t  i s  a  com :  5  =  {j j  =  {"doe s X  posses s a?"} ,  $ 2 = 
{"doesXpossessc?"),and^ 3 =  {"doesXposses s eT']] . 

We n o w tur n t o a n implementation ,  categor y attentiona l 
slip ,  tha t  integrate s thes e tw o determinant s o f  basic -
levelness .  Suppos e a n idea l  categorizer :  a  forma l  mode l 
whic h systematicall y use s a n optima l  strateg y t o decid e 
whethe r  th e inpu t  belong s t o a  category .  Th e structur e o f 
categorie s drive s it s  behavio r  s o tha t  i t  excecute s th e 
smalles t  serie s o f  n  set s o f  redundan t  test s t o arriv e a t  a 
give n categorization .  Withi n eac h se t  o f  th e series ,  onl y on e 
of  th e redundan t  feature s i s  tested .  Suppos e tha t  respons e 
tim e i s  proportiona l  t o th e lengt h o f  th e optima l  strategy . 
Suppos e furthe r  tha t  th e idea l  categorize r  ha s a  perfectibl e 
attentio n tha t  "slips "  of f  it s  rationa l  trac k wit h a  probabilit y 
p ;  i t  the n select s randoml y a  featur e an d test s whethe r  th e 
inpu t  possesse s thi s feature .  Thi s slippag e introduce s nois e 
tha t  shoul d i n principl e affec t  th e numbe r  o f  test s require d t o 
reac h a  categor y decision .  Note ,  however ,  tha t  th e sli p doe s 
not  affec t  equall y al l  categories .  Everythin g bein g equal ,  lo w 
cardinalit y categorie s (thos e wit h lo w featur e redundancie s 
suc h a s th e low -  an d high-level s i n Figur e 2 )  hav e fewe r 
chance s tha t  attentio n randoml y slip s t o a  relevan t  featur e 
tha n hig h cardinalit y categorie s (suc h a s th e mid-leve l  o f 
Figur e 2) . 

T o b e mor e specific ,  le t  u s first  conside r  cardinalit y i n th e 
simpl e cas e o f  a n optima l  strateg y o f  lengt h 1 ,  a s i s neede d 
t o decid e whethe r  a n objec t  i s a  bo t  i n Figur e 2 .  Categor y 
attentiona l  sli p i s relate d t o th e numbe r  o f  trial s (/ )  require d 
t o complet e th e strategy .  Becaus e th e mode l  i s  stochastic , 
th e measur e i s i jnean ,  th e averag e numbe r  o f  trial s neede d 
t o complet e th e strategy .  S o w e mus t  deriv e th e probabilit y 
distributio n o f  / ,  an d comput e it s  mean .  T o obtai n th e 
probabilit y  distributio n w e mus t  addres s th e question :  "W^a t 
i s th e probabilit y  tha t  on e tes t  o f  a  singl e s  i s  performe d 
afte r  /  trials? "  Recal l  tha t  p  i s th e probabilit y  tha t  attentio n 
slip s randoml y t o on e feature .  W h e n attentio n slips ,  i t  ca n 
sli p t o a  relevan t  featur e an d perfor m a  relevan t  tes t  wit h 
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probabilit y  pq ,  wher e q  i s th e probabilit y  tha t  on e relevan t 
tes t  i s performe d b y chanc e alone-i t  i s th e cardinalit y o f  th e 
complet e se t  o f  redundan t  test s divide d b y th e tota l  numbe r 
of  feature s o f  th e categor y organizatio n (fo r  ho t  i n Figur e 2 , 
e.g. .  q  =  3/22) .  Hence ,  ip-pq )  i s th e probabilit y  tha t  a n 
irrelevan t  tes t  i s perfonned .  Th e probabilit y  tha t  a  relevan t 
tes t  i s  perfonne d i s simpl y 1  minu s th e probabilit y  tha t  a n 
irrelevan t  tes t  i s  perfonned .  Thus ,  {p-pq)ll-{p-pq) ]  i s  th e 
probabilit y  tha t  attentio n slip s t o a n irrelevan t  featur e o n th e 
first  tria l  an d the n perform s a  relevan t  tes t  o n th e secon d 
trial ,  i n a  lengt h 1  strategy .  Generalizin g th e probabilit y  t o / 
trial s i s no w straightforward .  W e combin e th e probabilit y 
tha t  a  relevan t  tes t  ha s no t  bee n perfonne d durin g th e first  t -
1 trial s wit h th e probabilit y  tha t  i t  occur s o n tria l  / :  ip-pqY ' 
[̂l-{p-pq)\ .  Thi s define s independen t  probabilitie s becaus e 

tw o test s ar e neve r  performe d simultaneously .  Moreover , 
betwee n t  =  1  an d i  =  +< « w e fin d al l  th e possibl e 
realization s o f  ou r  critica l  tests .  Thus ,  w e ca n conceiv e thi s 
fonnul a a s th e frequenc y distributio n o f  th e trial s l .  Thi s 
implie s tha t  tjnea n i s equa l  t o 

Mp-pq)'-'[\-{p-pq) 

I(p-w)"'[i-(/'-m) 
(=1 

G^ot e th e facto r  t  a t  th e onse t  o f  th e numerator. )  However , 

I(p-m)'~'[i-(a'-p?)] = 1-
(=1 

Therefor e tjnea n i s equa l  t o 

Y.t{p-pq)'~\^-{p-pq) • 
1=1 

Let  u s appl y thi s equatio n t o th e highe r  leve l  categor y ho h 
i n Figur e 1 .  Fro m no w on ,  w e abitrarl y  se t  p  =  .5 .  q  i s equj d 
t o 1/6 ,  th e cardinalit y 1  o f  th e s  require d t o achiev e a 
decisio n divide d b y th e tota l  numbe r  o f  features ,  tha t  i s 6 . 
Thus ,  ip-pq )  i s equa l  t o abou t  .417 ,  an d applyin g th e 
equatio n wit h thes e parameter s yield s a  tjnea n o f  abou t 
1.71 4 (i.e. ,  [ 1 *  .417 °  *  ( 1 -  .417) ]  +  [ 2 *  .417 '  *  ( 1 -
.417) ]  +  [ 3 *  .417 ^  *  ( 1 .417) ]  +  .. .  =  1.714) .  Thi s 
signifie s tha t  th e averag e numbe r  o f  trial s neede d t o decid e 
tha t  a  stimulu s i s a  ho b i s 1.714-i n fact ,  thi s i s tru e o f  al l 
highe r  leve l  categorie s becaus e the y shar e th e sam e q . 

As explaine d earlier ,  man y real-worl d categorization s wil l 
involv e optima l  strategie s o f  length s longe r  tha n 1 .  W e no w 
tur n t o th e forma l  expressio n o f  t_mea n fo r  optima l 
strategie s o f  lengt h 2  (e.g. ,  hob ,  i n Figur e 1) .  W e star t  agai n 
wit h th e question :  "Wha t  i s th e probabilit y  tha t  a  i i  tes t  an d 
a ̂ 2 tes t  ar e performe d i n tha t  orde r  afte r  t  trial s (wit h t  > 
2)? "  B y definitio n o f  a  strateg y (a n ordere d serie s o f  set s o f 
redundan t  tests) ,  on e s i  tes t  mus t  occu r  a t  leas t  onc e i n th e 
first  f- 1 trial s i f  on e S 2 tes t  occur s o n tria l  t .  Durin g th e 
interva l  betwee n th e completio n o f  a  critica l  ̂ i  tes t  o n tria l  / 
and th e cririca l  S 2 tes t  o n tria l  t ,  n o ̂ 2 tes t  occurs .  Thus ,  th e 
probabilit y tha t  a  lengt h 2  strateg y i s complete d Jtfte r  /  trial s 
i s 

I(p-Wi) ' 
1=1 
{P-Pl2)'~'~ [̂̂ -{P-P<l2 ) 

wher e q j  i s  th e probabilit y  tha t  on e o f  th e test s o f  Sj\ s 
performe d b y chanc e alone ,  i n a  successfu U slip .  B y th e 
same reasonin g a s e:\rlier ,  w e ca n comput e tjnea n 

li'Lip-P'ii) '  '[l-(p-P<7i ) 
(= 2 i= \ 

(/'-P92)'"''[l-(P-W2) 

Let us apply tliis equation to the middle level category hot 
of  th e categor y structur e o f  Figur e 1 .  Again ,  th e qj S ar e equa l 
t o 1/6 .  Applyin g th e las t  equatio n yield s a  tjnea n o f  abou t 
3.429 ,  whic h i s als o th e averag e o f  al l  mid-leve l  categorie s 
i n Figur e 1 . 

Thi s previou s fonnul a ca n b e generalize d t o an y optima l 
strateg y o f  lengt h n ,  bu t  fo r  th e presen t  purpose ,  w e nee d t o 
generaliz e i t  onl y t o lengt h 3  strategie s (whic h appl y t o th e 
lower-leve l  categorie s o f  Figur e 1) : 

I '  I  J.{p-pq\)"\^-{p-pq\ ) 
(=3 y= l  1= 1 

[p-pqi Y '[i-(p-M2 ) 

{p-PQ^T^'^^U-ip-pqi ) 

To illustrate ,  conside r  th e applicatio n o f  thi s equatio n t o 
th e lowe r  leve l  categor y co m o f  th e categor y structur e o f 
Figur e 1 .  Onc e more ,  al l  th e q̂ s ar e equa l  t o 1/6 .  I t  follow s 
tha t  tjnea n i s equa l  t o abou t  5.142 .  Becaus e al l  th e lowe r 
leve l  categorie s o f  th e categor y structur e o f  Figur e 1  shar e 
th e sam e q  th e mea n ijnean s fo r  lowe r  leve l  categorie s i s 
als o equa l  t o 5.142 . 

I n sum ,  w e hav e presente d categor y attentiona l  slip ,  a 
measur e whic h integrate s tw o computationa l  constraint s o n 
basic-leve l  performance :  A n objec t  shoul d b e categorize d 
faste r  i n categor y X  tha n i n categor y y  i f  (1 )  th e lengt h o f 
th e optima l  strateg y tha t  identifie s th e objec t  a s X  i s 
smaller-al l  othe r  thing s bein g equal-tha n th e lengt h o f  th e 
optima l  strateg y tha t  identifie s th e sam e objec t  a s Y ,  an d i f 
(2 )  th e cardinalitie s o f  th e set s o f  redundan t  test s (o r  som e o f 
them )  i s larger-al l  othe r  thing s bein g equal-fo r  categor y X 
tha n fo r  categor y Y . 

Comparison of the Basic-Levelness 
M e a s u r e s 

We no w compar e th e performanc e o f  categor y attentiona l 
slip ,  categor y feature-possession ,  an d categor y utilit y  usin g 
as benchmark s th e result s o f  eigh t  categorizatio n 
experiment s draw n fro m Murph y an d Smit h (1982) ,  Murph y 
(1991) ,  an d Tanak a an d Taylo r  (1991) .  Th e result s o f  thes e 
experiment s wer e gathere d o n mino r  variation s o f  Murph y 
and Smith' s generi c procedure :  Subject s wer e initiall y  taugh t 
th e name s o f  object s a t  thre e level s o f  categorization .  I n a 
late r  testin g phase ,  the y wer e show n a  pictur e o f  a  stimulu s 
togethe r  wit h a  categor y name .  Subjects '  tas k wa s t o verif y 
tha t  th e stimulu s wa s a  member  o f  th e name d category . 
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M u r p h y &  Smi t h (1982 ) 
I n thei r  Experimen t  1 ,  Murph y an d Smit h (1982 )  use d 1 6 

artificia l  tools .  Thei r  tool s wer e eithe r  pounders ,  o r  cutter s 
(highe r  level) ;  the y ha d non-overlappin g handles ,  shafts ,  an d 
head s (whic h define d th e middl e level) ;  an d the y ha d on e 
more non-overlappin g featur e lik e bi g o r  sm.'d l  heJid ,  ;ui d on e 
or  two-part s handl e (a t  th e lowe r  level) .  Thi s categor y 
structur e mirror s th e on e o f  Figur e 2 .  A s show n i n Tabl e 3 , 
mid-leve l  categorie s wer e th e fastes t  wit h th e high-leve l 
categorie s bein g th e slowest . 

The categor y feature-possessio n an d th e attentiona l  sli p 
me;isure s correctl y predicte d th e basic-levelnes s orde r  o f  tw o 
out  o f  thre e level s o f  categorization .  Th e categor y utilit y 
measur e di d slightl y worse :  i t  correctl y predicte d onl y th e 
basi c leve l  (se e underline d figures  i n Tabl e 3) .  (Recal l  tha t 
bot h th e categor y feature-possessio n an d th e categor y utilit y 
score s shoul d b e inversel y proportiona l  t o th e RTs ,  an d tha t 
th e attentiona l  sli p score s shoul d b e directl y proportiona l  t o 
th e RTs. ) 

I n thei r  Experimen t  3 ,  Murph y an d Smit h (1982 )  use d 
eigh t  o f  th e tirtificit d tool s o f  thei r  Experimen t  1 ,  an d adde d 
eigh t  ne w tool s t o produc e a  tota l  o f  sixteen .  Thei r  artifici. d 
tool s wer e eithe r  large ,  o r  smal l  (highe r  level) ;  the y wer e 
eithe r  pounders ,  cutters ,  scraper ,  o r  stirre r  (middl e level) ;  an d 
the y ha d non-overlappin g handles ,  shafts ,  an d head s (lowe r 
level) .  A s show n i n Tabl e 3 ,  th e lowe r  leve l  categorie s wer e 
th e fastes t  wit h th e middl e leve l  categorie s bein g th e 
slowest . 

The categor y feature-possessio n an d th e attentiona l  sli p 
measure s correcU y predicte d th e spee d orde r  o f  tw o ou t  o f 
thre e level s o f  categorization .  Th e categor y utilit y  measur e 
onl y predicte d th e ran k o f  th e leve l  o f  categorizatio n wit h th e 
secon d highes t  basic-levelnes s measur e o f  performance . 

Table 3: Mean values of category utility, feature-possession, 
and attentiona l  sli p scor e measure s (wit h mea n "true "  tria l 

identificatio n reactio n times )  fo r  variou s categorica l 
structures . 

Sourc e 
Murphy &  Smith ,  txp .  I 

Model 
Observatio n 

Lower 
71? ms 

Murphy &  Smith ,  Exp .  3 , 
Siz e 

Murphy ,  Exp .  3 

Murphy ,  Exp .  4 ,  Simpl e 

Murphy .  Exp .  4 , 
Enhance d 

Murphy ,  Exp .  5 

Tanaka &  Taylor ,  Novic e 

Feature-possessio n 
Categor y utilit y 
Attentiona l  sli p 

Observatio n 
Feature-possession 

Categor y utilit y 
Attentiona l  sli p 

Observatio n 
Feature-possessio n 

Categor y utilit y 
Attentiona l  sli p 

Observatio n 
Feat u re-possessio n 

Categor y utilit y 
Attentiona l  sli p 

Observatio n 
Feature-possession 

Categor y utilit y 
Attentiona l  sli p 

Observatio n 
Feature-possessio n 

Categor y utiht y 
Attentiona l  sli p 

Observatio n 

I 
0.45 3 
1.91 3 

?74ni ? 
1 

0.48 3 
L MA 
776 ms 

1 
0.45 3 
1.91 3 

862 ms 
1 

0.45 3 
1.91 3 

1,13 2 ms 
1 

0.64 0 
1.93 5 

1,07 2 ms 
1 

0.64 1 
1.93 1 

778 ms 

1 
9,7? l 

882 ms 

1 

1.935 
(Mjos . 

1 
JLli i 
L2 & 

811 ms 
1 

(U U 
L2£. 

8S4ms 
1 
1.714 
881 ms 

3 
1.15 6 
1.80 6 

(i7 8 ms 

Highe r 
57lm s 

0.68 8 
1.91 3 

666 ms 
1 
0.56 1 
1.93 5 

779 ms 
1 

0.68 8 
1.91 3 

980 ms 
1 

0.68 8 
1.91 3 

955 ms 
1 
0.93 8 
1.93 5 
mms 

i. 
1.43 8 
L l l 

746 ms 

Feature-possessio n 
Categor y utilit y 
Attentiona l  sli p 

Tanak a &  Taylor .  Exper t  Observatio n 
Feature-possessio n 

Categor y utilit y 
Attentiona l  sli p 

7 
2.38 7 
1.89 0 

m i j m 
112 

2.52 6 
1.8« 3 

u 
3.89 8 

612, ms 

3.803 
iM l 

12i i 
1.87 5 

729 ms 
8 

3.87 0 
1.88 9 

M u r p h y (1991 ) 
I n Experimen t  3 ,  Murph y (1991 )  use d 1 6 artificia l  abstrac t 

object s o f  variou s colors ,  textures ,  type s o f  edge ,  an d sizes . 
I n fact ,  Murphy' s categorica l  structur e wa s identica l  t o 
Murph y an d Smith' s (1982 ,  Experimen t  1) .  A s show n i n 
Tabl e 3 ,  th e middl e leve l  categorie s wer e th e fastes t  wit h th e 
tw o othe r  bein g abou t  equall y slow . 

The categor y feature-possessio n an d th e attentiona l  sli p 
measure s correctl y predicte d th e whol e basic-levelnes s 
sequence .  Th e categor y utilit y  measur e di d a  bi t  worse , 
predictin g tw o ou t  o f  thre e leve l  o f  categorizatio n basic -
levelnes s order . 

I n Experimen t  4 ,  Simpl e Condition ,  Murph y (1991 ) 
replicate d Murph y an d Smit h (1982 ,  Experimen t  1) .  Again , 
th e middl e leve l  categorie s wer e th e fastes t  wit h th e highe r 
leve l  categorie s bein g th e slowes t  (se e Tabl e 3) .  Needles s t o 
say ,  th e respectiv e merit s o f  th e thre e measure s wer e th e 
same a s before . 

Murphy' s (1991 )  Experimen t  4 ,  Enhance d condition ,  an d 
Experimen t  5  bot h use d enhance d version s o f  th e 1 6 
artificia l  tool s o f  Murph y an d Smit h (1982 ,  Experimen t  i ) . 
I n Experimen t  4 ,  Enhance d condition ,  eigh t  non-overiappm g 
feature s (i.e. ,  eithe r  re d dots ,  yello w circles ,  gree n stripes ,  o r 
blu e soli d color )  wer e evenl y adde d t o th e categorie s a t  th e 
middl e leve l  o f  categorization .  Th e middl e leve l  categorie s 
wer e th e fastes t  wit h th e lowe r  leve l  o f  categorizatio n bein g 
th e slowes t  (se e Tabl e 3) .  I n Experimen t  5 ,  1 6 non -
overlappin g feature s (color s an d textur e cues )  wer e evenl y 
adde d t o categorie s a t  th e lowe r  leve l  o f  categorization .  Th e 
highe r  leve l  categorie s wer e th e fastes t  wit h th e lowe r  leve l 
categorie s bein g th e slowes t  (se e Tabl e 3) . 

I n Experimen t  4 ,  Enhance d Condition ,  th e categor y utilit y 
measure s score d a  perfec t  thre e (i t  i s th e onl y cas e wher e th e 
categor y utilit y  measur e doe s bette r  tha n th e tw o othe r 
measures) .  Wherea s th e categor y feature-possessio n an d th e 
attentiona l  sli p measure s correctl y predicte d th e orde r  o f  tw o 
of  th e thre e level s o f  categorizatio n basic-levelness .  Th e 
thre e measure s correctl y predicte d th e whol e sequenc e o f 
basic-levelnes s i n Experimen t  5 . 

Tanaka & Taylor (1991) 
So fa r  w e hav e use d th e constructio n feature s o f  object s t o 

buil d th e categor y structures.Janak a an d Taylo r  (1991 )  use d 
natura l  object s i n thei r  experiments ;  n o on e know s th e 
"true "  constructio n feature s o f  natura l  objects ,  bu t  subject s 
migh t  ver y wel l  hav e use d th e feature s the y liste d fo r  th e 
categories .  Ther e i s som e empirica l  evidenc e fo r  this .  I n 
Experimen t  lA ,  Murph y (1991 )  aske d som e subject s t o lis t 
feature s fo r  th e artificia l  object s use d i n Murphy , 
Experimen t  3 .  H e foun d a  mea n o f  1  featur e a t  th e highe r 
leve l  o f  categorization ,  a  mea n o f  5.7 5 feature s adde d a t  th e 
middl e leve l  o f  categorization ,  an d a  mea n o f  0.8 7 featur e 
adde d a t  th e lower  leve l  o f  categorizatio n (mos t  o f  the m di d 
not  overla p wit h liste d feature s o f  contrastin g categories )  (cf . 
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th e "true "  number s o f  adde d feature s wer e 1 ,  3 ,  an d 1 ,  a t  th e 
higher ,  middle ,  an d lowe r  level s o f  categorization . 
respectively) .  It ,  thus ,  seem s tha t  w e coul d us e suc h 
estimate s fo r  ou r  simulations . 

Tanak a an d Taylor' s (1991 )  subject s wer e tought  th e 
naiTie s o f  1 6 natura l  animal s a t  thre e level s o f  categorizatio n 
(e.g. .  animal ,  dog .  Beagle) .  Th e subject s wer e eithe r  bir d 
expert s an d do g novices ,  o r  do g expert s an d bir d novices .  I n 
Experimen t  1 ,  Tan;ik a an d Taylo r  foun d tha t  novice s liste d 
approximatel y 8 ,  12 ,  an d 7  ne w feature s fo r  th e higher . 
middle ,  an d lowe r  level s o f  categorization ,  respectively ;  an d 
tha t  expert s liste d approximatel y 8 ,  10 ,  an d 1 0 ne w feature s 
fo r  th e higher ,  middle ,  an d lowe r  level s o f  categorization , 
respectivel y (w e hav e rounde d thes e figures) .  Mos t  o f  th e 
liste d feature s di d no t  overla p wit h liste d feature s o f 
contrastin g categories .  A s a  simplifyin g assumption ,  w e 
tak e i t  tha t  n o featur e wa s liste d i n tw o contrastin g 
categories .  I n Experimen t  3 ,  Tanak a an d Taylo r  found ,  fo r 
th e Novic e condition ,  tha t  mid-leve l  categorie s wer e th e 
fastest ,  an d tha t  th e lowe r  leve l  categorie s wer e th e slowest , 
and ,  fo r  th e Exper t  condition ,  tha t  middl e an d lowe r  leve l 
categorie s wer e abou t  equall y fas t  an d tha t  th e highe r  leve l 
categorie s wer e th e slowes t  (i n Tabl e 1  w e pu t  th e mea n 
RTs o f  bir d novice s an d o f  do g novices ,  an d th e mea n RT s 
of  bir d expert s an d o f  do g experts) . 

Th e categor y feature-possessio n an d th e categor y 
attentiona l  sli p measure s score d a  perfec t  thre e fo r  bot h 
conditions .  Wherea s th e categor y utilit y  measur e correctl y 
identifie d th e basic-levelnes s orde r  o f  onl y on e categorizatio n 
leve l  ou t  o f  six ! 

Discussion 
Thi s pape r  presente d categor y attentiona l  slip ,  a  measur e 

of  basic-leve l  performanc e i n whic h tw o constraint s interact : 
(1 )  th e cardinalit y o f  th e set s o f  test s tha t  determin e categor y 
decisio n a t  eac h categorizatio n level ,  an d (2 )  th e numbe r  o f 
differen t  set s o f  test s necessar y t o reac h a  categor y decision . 
We the n compare d th e performanc e o f  categor y attentiona l 
sli p wit h thos e o f  tw o establishe d model s o f  basic-leve l 
performance :  categor y feature-possessio n (Jones ,  1983 )  an d 
categor y utilit y  (Corte r  &  Gluck ,  1992) .  Th e empirica l  dat a 
was draw n from  eigh t  classica l  experiment s fro m Murph y 
and Smit h (1982) ,  Murph y (1991) ,  an d Tanak a an d Taylo r 
(1991) . 

Categor y utilit y  appeare d a s th e wors t  predicto r  o f  basic -
levelnes s wit h a  12/2 4 hi t  rate .  I n particular ,  categor y utilit y 
di d no t  predic t  huma n performanc e ver y wel l  fo r  th e categor y 
sUTicture s o f  Murph y an d Smit h (1982 ,  Experimen t  3 )  an d 
of  Tanak a an d Taylo r  (1991 ,  Experimen t  3) .  I n thes e 
experiments ,  th e mos t  basi c categorie s ar e thos e a t  th e 
lowes t  categorizatio n level .  W e thin k thi s reveal s a 
fundamenta l  proble m wit h categor y utility :  I t  i s  strongl y 
biase d agains t  lowe r  level s categories .  Fo r  example ,  t o 
properl y mode l  Tanak a an d Taylor' s result s (1991 , 
Experimen t  3 ,  Experts) ,  categor y utilit y  woul d requir e th e 
additio n o f  n o les s tha n 2 9 non-overlappin g feature s t o eac h 
lowe r  leve l  category ! 

The categor y feature-possessio n an d th e attentiona l  sli p 
measure s ar e ti e wit h a  20/2 4 hi t  rate .  I n th e considere d 
experiments ,  th e categor y organization s wer e al l  compose d 

of  non-overlappin g feature s whic h mean s tha t  a  singl e se t  o f 
redund'int  test s wa s i n eac h cas e sufficien t  t o reac h a  categor y 
decision .  Thus ,  performanc e wa s i n eac h experimen t 
criticall y dependen t  o n th e first  determinan t  o f  attentiona l 
slip :  th e redundanc y o f  th e set s o f  test s t o detennin e categor y 
membershi p a t  ;d l  categorizatio n levels .  I n fact ,  w e ca n 
easil y demonstrat e that ,  i n thi s case ,  th e cardinalit y (o r  th e 
leve l  o f  redundancy )  o f  a  cU'is s o f  redundan t  tes t  i s  strictl y 
equ<d t o feature-pos.session . 

However ,  i f  w e allo w categor y organization s t o b e 
compose d o f  pjû tiall y  overlappin g features ,  optima l 
strategie s o f  lengt h greate r  tha n 1  wil l  b e require d (se e 
sectio n Categor y attentiona l  slip) .  And ,  th e secon d 
determinan t  o f  attentiona l  sli p coul d influenc e categor y 
feature-possessio n an d attentiona l  sli p i n differen t  ways .  Th e 
hierarch y o f  Figur e 1  illustrate s suc h situatio n o f  featur e 
overlap .  Preliminar y result s usin g compute r  synthesize d 3 D 
object s indicate d tha t  th e highe r  categorizatio n level s o f 
Figur e 1  (whic h requir e optima l  stfategie s o f  lengt h 1 )  wer e 
th e fastest ,  an d lowe r  leve l  categorization s (whic h require s 
optima l  stfategie s o f  lengt h 3 )  wer e th e slowest .  Categor y 
attentiona l  sli p wa s the n th e onl y measur e t o scor e a  perfec t 
thre e wit h thi s categor y structure ;  bot h th e categor y feature -
possessio n an d th e categor y utilit y  score d a  tw o (se e th e 
simulation s fo r  ever y measur e i n sectio n Measure s o f  Basic -
Levelness) . 

I n sum ,  w e believ e tha t  attentiona l  sli p i s a  ne w powerfu l 
experimenta l  an d fonna l  platfor m t o stud y recognitio n an d 
categorizatio n a t  th e basic-level . 
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