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1 Ietroduction

Compastsibonal ssodedi have played a= impesfant
robe im cognitive sciemce, giving resiarehers & jire-
cize, unambipeones langnsge in which to crpren
theories of cognition. Early work in cognitivesim-
ulatinn forusad on the codlestion of vesial prote-
cols for & small pember of subjests, the detnilnd
amalviis of thise protocals, and the comation of
PrOETaE that simulabed their behavior in ron-
widezable delad. Thas approach, sxemplified by
the wiork of Newsll pnd Simon (1572), has led to
impariant insights akowt buman cognition, pae-
Liruzlarly in e area of problem wiving

Anolher sasly agprasch, sxemplifisd by Feigen
haiing s | 1983] work on Erad, Torused on robmst
cingarical peseralizaliond, showing how such phe-
DETNesSA AfcaE ad emisgesl prrepertien of & cormpu-
Untromal model. Allhough eriginally lesp commmon
that thi foemes mjipronch, in recent years fhis re
s t8 pastiuligen has besn gaining ascendancy. Tn
Lhis paper, we consider thearies of category learn-
ing thatl have taken thie [orme  First, we sum
marize several mesnory, ressonang, and kl.r.hll:l.E
phuzcenena Lhat madels of casegory learning muost
rxplaim. Nezt, we giwe bried overviews of thro
taliggury learning madels and indicaie how thee
nusdels nceount foe some of the smpirical Gsdings.

Floally, wa disciss wnnn op=n izsnes and conglder
peomidang dicections foe Tubure research

2 Empirical Generalizations about
Calegorizatlion

Theorier atiempt to explain spgurical phesom.
roa, s e begm by reviewing some generalisas.
tinns that have eemerged from the =xperimentsl
study of human categonzation. We have sot at-
temnpted 4o Be ewhanssive, bob we heliewve the
stxtements 1hat follow peovide imporiant son.
skrmints on theores of category beassang.

1. Prople are able to represénd, secow, mnd
kequire conceply thal inwlve logical “rales’
{E-nurnt. 1888 ], but ibey can alas kandle
"!H.ll’l' talegeasnn far which ma “logical’ rales
enisg I:Eﬂlh.l! Kledin, 1981; Baranlom, 19585]
Fﬂuﬂﬂ.ﬂh.u—#i-ﬂ-ﬁ-hirdlul_r-
:h:l.;. henkiod andmals, bol ssenes Bards cannnt
iy and sorme bave bills mnstead of Basha.

2. Categories are |nfleenced by the infiorme-
Lionel sireciiure of the savirosmenl | Haosch,
Mervis, Johnson, CGray, & Boyes-Frsem,
]I’.‘E]. in 1hatl differend expericmces load fo
Aifferent concepby, Homwever, they are alsn in-
Buenced by tka goals of the perceiver {Bars
lou, 1983s, 1883k and by imtuitive belisfs and
Lheotim ol the world [ Chapmen & Chapman,
1960; Tor divcuasion, Murphy & Medin, 1983).

3. Paple can detect and exploit correlations

saremng, Teatures |Medin, Altom, Edelson, &
Frebo), as well ar information about the
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frequency of categorses |Modin & Fdelea,
1988; Gluek & Bower, 1988a) For issance,
feathers are positively correlnted with beaks,
whesess [ar resds o eo-ootur wilh bewik.
Further, correlations are besrned more easily
when part of & echerent set of relations [Bill-
man, 1580; Billman & Jeong, 1989

t. Feople divede calegocies i=le subialegorse,
with some levels beisg more ‘naturad’ than
olleerd. Lhise ‘basie’ calegories tead 1o eszur
ki latermedinte levels of abatencticn. For iz-
ilange, Lhe calagary "Bisd’ 4 sncee haass Lhan
the salegorics “asimal” or “refan’. Hesearch
wilk satusal and arlilicial catigoriss indicales
thal such cencrpis are benrned eaclier devel-
apmsnbally and e rapidly i esperimesits
[ Cester, Gluck, & Hower, 1083; Eosch ot al.,
LOTEL. (isimcie age cfien identified at the b
sic lewvel moat ragadly, though this mierscts
wilh Lhe typicality of the ckject [(Murphy &
Ferownedl, 1885]

§. Zomne instances mre mare ‘bypical” of & cat-
apcey than cfthers (Hosch & Mervis, 1975)
These mre named mome Ereqoently snd ac
ceased more rapidly than less typical cos
For instance. robims are moee trpical bands
than are penguing., and pictures of the fomer
are reoognized as Birds more quackly than the
latter, However, ixpicality varses scross indi
vidoals and contewie {Rarsaloa, 1985, 19487,
1%884). Mogeover, there is dissodation be
tween membkership and typleality in o cak-
egories |Armadrong, Gleitman, & Gleitman,
16987 but nok in othess [ Fehr & Rossell, 1584;
Elasmplom, 10&7).

. Just as eslepory lessnbng i Efloenced by
prior beliefs, recognition of lcems a8 caiegory
memhers imcludes & togpe-dowms aspect: sntities
are casegorized faster in expected contexts
than in unexpsecied tontexts |Palmer, 1975).
For example, o drawing of a loafl of heead ia

reomsarel mode Tapedly when lecated & a
kitcken tham ln & steest doene

1. People can represenl, wcers, and pogesm exl-
egories that involve structusal and conceplunl
relatsors beiween components (Barsalou, in
press; Fodor & Priyshyn, 1988). Por instanee,
ihe relasive bocations of the ey and oose are
essential asperts of the comeept ‘face’

Fi K 3

B. People use entegoris to guide iaference a
well as classiflention and recognsison. I[nfer-
ences abowt new mstaneis wre guided by ral-
egory mesmbesakip, Fof efnmpls, given thel
s ooyl enticy can be ideatified a8 & bisd, gne
can inler ket it pecdably halcbed fram an
+EE-

0. Calegocies ace usnl o inferences aboud new
properties. Genisalization of new properties
Lo indivedusl inslances snd Lo sela off inalsnce
is geaded hy calegesy snembership |:l."-|l||:|1.l|l
£ Markman, 1537, Masbsit, Roos, Jepeon.
& Kusds). Tmdeed, undes some conditacess,
pple generalize progeertios of & single sxem-
plas bo mn entire eabegnry (Oehersom, Smidk,
Wilkie, Lopm, & Shafic, in press; Macario,
Stapley, & Billman i= pree

In wamn, shearies should evengually scocunt for
categary learning, b classification, and for use of
calegarics in inference. Bodlk characterisfios of the
input (&g, correlations among attributes, feakure
frequency| and background knowledge mfluenes
all sheesr processes. In the (ollowmng sections, we
prowide ocrerriews of thres compuiakionsl mindels
of category formation. [n e#ach case, we describe
the moded's representation of comeepinal knowl-
edge, tlee manney in which thas knowlbedge is used,
and the learning mechanisms through which it
stquired. We aleo examine each modd's shilicy
to explain wome mbaet of the empirical genesal-
ization Listed akowa,

3 Conflgoral-Cus Adaptive Networks

Gluck nnd Bower (1088, 1785k} describe an
adaplive nelwork mode &f human lsssming Lhal
extends Beseorln and Wagner's [1372) theory
of elasaical condilbssg 1o husmes classifcslion
leasning. The model represents kaowledge aa &
sl ol cos-layer clasiliers, one for eack categocy,
Each netwark has & eel ol input that correapomad
Lo Bealures Lhal sy ocrur in mn expemence,
pef of wrighled links, a=d & single cadpmt node,
LaiTen & naw sxparience, ane caipwuls a classifica-
ticn probehility by sdding the weights on matched
ingul fealures. Learnismg inwolves chengmg the
waights on links =ang Widrew and Heoff e [ 13400]
lanel miman squares methcd, Briefly, this aliers
wrights 55 a3 in decreass the difference hetwesn
the actedd knd desiced seoce for each classfier.
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Thas adaptive nel wosk mode] has accurslsly se-
cownbed for beman behavior |2 experimenis oo
prohatalistic classification learnisg with multiphe
cues, bl it can ondy bearn ‘linearly separabde’ cak.
spomees, that i3, ones that ran b= separsted by a
hyperplaze shroogh the space of instances. How-
eyer, one can eptend the model o Do lesarly
separohle categories by letding conjunciions of el
Sipenbary stisvales bealures seive i “lgher-ceder
fearwres of & stimubes pattern. Thes, given the
presenlation ol an eeperimanial pellarn oonsisd-
ing l!ll'tll"ﬂ'lll:l'll!i.l'[l' fertures HODY, con adsesnss Lhal
this 1 rellecied ool caly Lhrough sclivalion of in-
pus nodes for the single elementa B, , and [, bot
also IJ.l.I'-ﬂuE:h Eclivaticn ol {ke pals-wiss conjascle
B, By, and C0O.C In Lhis spprosch, a damean
|.I.I.||1.|]'|'|.I15 ) -l|t|.u-:|.|l|.|.|:;|l Famlureal would Ba rajire-
semied using K7 « N impul fralures for ench cat-
egury, but the categorisation asd larning maek-

anides would semain snchanged

Giloek, Bowar, and Hes [ 158%] have shown how
this eefended modsl accounts for seversl aspecta
of ecenples calegary besrming by humans, Moo
ver, Coster, Tluck, and Bowser [1988] hare ap-
plinl 1 comfgurnl-cur appraach to model basic-
feval efects 1= Basrarchically organizsd cabegories.
For initangs, whes the metwork model is traimed
o thres leess of xn astihcial damain involving hi-
erarchical enlepery stroctare, Righ levele of action-
lica asw reachsd sconss for the oubput nodes cor-
megpuniling i the istermediade (hesic] vl cage-
pecies. The predicled lessaing curves clcasly re-
dgrmnble the abaerved curves foor hameans, snd the
madel also correctly predicts 2 shifl in relative
dilliralty between the mbordinate and superords-
nula levals in different experimensal comditions.

A key property of the comfignral-cne maode Qs
that it embedien, implicitly, sn apprommate exps:
nential decay relationship hetween stimmlus sim.
ilarity and psychological distance, a relationship
with ronsidesahle indspendent suppoet in sied:
i#n ol slimules peneralisstion | Shepard, 1968) and
eabeporieation (Mosofsky, 1984). Thas effect can
he seen by ooting how the number of overlap
ping sctive nodes [similaasy] changes a8 & [umes
Lisin off ide number ol overlappizng compoment cues
[distmnce). If twa triplet patterns share one fea-
ture | ABL, XY, shey will have only cae aciive
node m common and five nodes nomoverlappang;
il ey sharm twa features (ARG, XBC), they will
hawe thres nobive mosdes in commeom [ w0 COmpo-

o, L ]

sant cuss a=d one conSiparal-coe mede | and thres
tomovitlapping fodis. In nct, 1he netwnrk model
2an be viewed ks an extemion of Shepard 's { 1987)
theary of stimvelos geseralizatios Lo clasifcation
learning.

In sddition e basic-level effects, the comfignral-
cug model i conmulent wilth many of the pheacen-
enn from Section 2. It enn crrtainly acqmire niom-
kagpewl calegarien, and ity use of paar-wies features
lets ¥l capture correlsidoms, The comcepts learned
by the model sre cerfainly o Fanction of the nvl
roooment it erperiences, though this is represented
anly in different weights. In summary, combiming
the adaptive nelwork model with & repres=ntation
afl stimmmli that imclades pair-wise confiparesioes
of leatuzen ket one acconnt for & wider range of
lwrnizg meenlts from both the animel and human
Irarni=g literatures,

The configural-cue moded has several obvioes
limatatwcns., incleding she rapid growh of input
nodes with intreasing pattern siee. In additien,
the appeoach can oaly make predicidoss aboaut
prefakbeled clussea, amed ik cannot handle sese
tural represendasions of knowledge. Nevertbels,
the mode] is theoretically parsimonious, aecousls
for a wide range of phenomena, and usis asdusp-
tions for whirh independent svidenee already e2-
isks. Purshermore, ibs suceisses are Instructive in
identifying smparical phegessena that can be 21-
plained a8 emergent from the same demestsy,
associative processss fonnd in bower specsss.

4 Representation Chasge in Concepl
Formation

.*.IHJI:IIJE].I #oine concepl-leerning Lasks invalve -
pervislon, people alse scquire concepilead knowl-
edge willonl explcit supsrvisicn. The research
disseribed in thin sectiom takes the primary taak
ol exlagory learning, particularly unsupervised
learzang, La be recovery of the correlationad stroe-
furw of impul. This produces cohmenl cakegories
wacful in prediclion azd indeeenee Models devel-
cped in k3 lramework directly represent correla:
lisnal sirecione as probakbaliskic pudterme o rules
Further, Lhese modsls assume category forma-
1o is mlameadaly linked o repressmiation change,
and specfically 1o change i the stiributes and
Feslores wamd bo represend mput,  Repressnts-
1 change ix importasd, bat little stndied feom
1he perspeciive of concept learning.  We dsius.
guish Batwien Lwno typen of representation change.
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"Weak " represeniaticn change inwolwves s change in
sllention to oo mgnificancs of & propsriy, In con-
Lrasl, "sbreng” represenbabion changs mvedres the
introduction of new pooperiies (2 'HEmiting case’
al merease in sliention |

Cakl (Billman & Het, 13881 and desceodand
medele | Chalnick & Tillman, 148&) mvestigaied
procedures for attention change m unsupervised
learming. Im particular, lnovessing stiention &
directed to attributes that prove predistive in
pom# relation: this fecilitates the discovery of
other related predictive patterns when mpuc e
hahits any of & brosd clads of coberesl sbeueduse
ip=rchologcnl motivadion from Billman, 15889).
More recenitly, Billmss and Meariin have exploged
a context-sensitime form of atteational bearning.
The sdea is derivesd from the plilosopher Good-
man's { L5588, 1984 comeept of overhypotheses | e
alip Mussell, 1986, oa well-defined catagorias).
Categories of a pasticular type (jewels, animals,
ethnle groups | are homogensous - o pradictabb
- with respecl Lo soeme properties orysial abruc-
ture, diet, languags) bet not otbars (weight, nge,
first nemne]. hemters of car calegory share wal-
uis of the homogeniesus attritroies and combraa
with othet cnlegories oo Lhese mlbribubes. This
nfoemngiboa cam b wwd Lo make iafefracai aboul
ninyel calegoissd and albribule valloes. Sering ane
instance of & new kind of jewel, coe would gm-
eralise its erystal srecture bul ool ils weight s
other eatiggeey membera, Parthes, peaple de spem
Lo iake mee of Lhis i=formebiem | Kesbett, Keanka,
Lepacn, & Hunda, 10RY; Shipley 1088).

lo malalsd weak, Bilkman and Marim have -
vraiggaled Lewo Lypee of ‘stromg’ repressntaisos
chunga, Cne concerns the formation of new sl
trikales Irom previossly wncoordinated features:;
Lhum, scmsone may come Lo ees lege, fins, and
wingin ma valses af a nesw abtbribute “limka”. The
ecangd Envedwver Lhe formalicm of e features
Ereen sonjoining ofd Teatures or attribute mlues
Mastin and Hillman [in jress; Marting iﬂﬂ] da-
seribhe CORA, a compaiational mods] of thas lagder
pacoeii, which we pow describe in some detail.

CokL cepresenis concepimal knowlsdge o
terme ol profabdlistic izferemce roles.  For in-
wtance, it might have the muls Ir X mas wincs
A K HAR FEATHERS, THEH INFER THAT X
FLEES WITE FROAAAMLCTY (85, Im this case, &
snnjusslion of Lo fealures predicts the presence
af m third, bot simpler and more complex rules

FhiEE &

we pramble. CoRa does not represent comeegis
as weparsie knowledge siractures; rather, 1t orga
miees kmowledge an intercommected network that
direcily represenis comditiooal probakbdlities k.
twerm features and conpunetces of festares. The
system also contmdns knowledge abowt featuses
which sre mutually exclusive, Lhat li. which aze
sliernntive valses of the same arreibets.

(lives o new erpariencr wilk ke valuss of socma
miirtbutes cmdited, Cona wees il inferenoe rulm
Lo pltﬁtl bhe mussisg valoss. For sk sliribula,
4 I:p[l-l.ii il rales thad infer a walue for Lhet
allribute asd whowm conditices malch mgeml
the mew experience. The aystem thes slimates
the overall probabdlity for each possibde valos
the geometrle average of the isdividaad predicted
probabilities. Pmally, Cona predicts the value of
the arcribite thal has Uhe highest averall paoha-
hility.

Eille=an mnd Masiis's oreiem hegize with sim-
plo izference tules in which the condifion sides
renfain caly one fesktuse, and in whick a1l rules
have the same associaded probakiity, Howewer,
CoRA ssgrmente bhas knowledge usisg twe lsarn-
ing mechanisma, Firsl, when the sreiem is given
a new szpesiEnce, % iteraiss through #ach ob-
merved walup, ppdating the ronditional prabability
of sach rule kst infers that valus, Aler thae, 11
checke o determone whether the updsted rules
= in cumbination — sctually predick the chesrved
wnlue gver Lhe albmmatives, 7 dBey do ook, thds
euggpests thai there are infersctions amcag [
Eumes which are mot heimg, taken into scround, asd
Cops creabes 3 pew inference mule whose condi
taon wide is the conjunction of twen existing rules.
The component roles are those which hawe beea
mncad regeently sssncisted with errorm in the past.
In this =&y, the system begms with simple in
ference mles mnd imcrementally constrocts moge
comnplex ones m which higher order features are
pressns.

The haeic approachk shares several charseder
istics with Fluck's configural cue model. DBoik
syrsiems represent coajunetions of feagures, moaws
ciabe wesghis with these higher-order o, asd
eombine the relewant “rales” to make predictions.
Howewver, the configural-cor moded assuswe thal
adl pairwise omjunctions ase presend from the cut-
set, whereas Cona begins with single hauteras and
trnstruets |'|.|E|:|E'I'-l:l'dln' Lessns s mecmsansy, Thme,
Celuih s :l-tl.l']'l.i.l:lE malhcd seasches omly Lhe epace
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ol weighte on prespecified Bnks, wherens Martin
and Hillsnss's aysbem carmss ool & gemarsl-bo-
sp=cific semrch thrempgh the space of Feslare com-
bunmiems, Aneriber differsnce i that Do = oes-
sugeerrimed, m fhat it requires no bakeled irainimp
anebances sl predicts the value of any moesing
uifnitmle

Tha (Coka modsl s consistend with 5 numbksar
af Lhe pheocenena giren in Seckion 3, The system
can handle Lotk logical 'rules’ and mocee 'fuazy’
reprementabioms of knowledge, and it comsiructs
dillarent isfeence rules depending oo tha infor-
matirmal strorture of the marmonment, Ok
predicts fhat some expeericnces are mooe fwpical
than others, bat it makes »o assumptions aboal
reaciion times. The model can certalnly explolt
correlatoons among [Esteres, and it emphasises
the use of conceptoal knowledge for predsetion.
Elormeewer, it provedes mo account of bagic-Jeved el
fxcts, and it fails e addeess the sirsstoral natar:
of eoime kmowledge, Meveribeless, 1he approach
provides & promismg sceount of the represents-
ticn, wee, and sopasition of ooceptusl keowl
edgpe, and Foture work may address these jssnes.

4 Hierarchical Concept Formation

Many maodels of concept [ormation eonstruet
claseiflcasion hieenrekies over envireasmnial ob-
servations.  Perhaps the earlicd such sysiem
wik Febgenbaum's (1963) Erau, which lseremen-
tally formed discemdnation networks asd used
theim fo classily new ohservations. Lebowite's
(15872 Uninou and Kobedser's [1783) Cynos
bulls miore sophlstiented, redundant classlfenibea
strocruees, bt 1hey sifted chisvalions dows al
ternntlwe puths in 6 Bierarchy much like FEraw.

Blete we will forus cm Fubar's [198T) Cos-
wWEn, which was intended o apmibesior idess from
Lhise sarlar syslessm and thes will sarve hrisfly
to hagklight chareclesistics al the general hierar-
chii= il J.p]:.r-l.llii." [a pairlizular, Lha syslem uses
n peihakalistic repsesentation of concepda [ Smath
£ Madia, 1051). Esch concapl apecifes o sl of
altribiules mnd theis possible values, along wath
the cosditional probabilsiy of that valug gives tha
eoncepl. CONWER also sicees the overnll proba-
bllity of cecureencs for asch conespl. Moreover,
eoSEpld ki orgasiied inlo s concepl hiecmrchy

"W dirert cesders Capasd. Laagler, med Fiber
CERER] doi & prajes of hicmsschiosl spprsscher 1o conceph

S b

FAIE &

that s pariaadly erdered according Eo specificity.
wilh mncow ahebrect cabegories a8 bagher levels.
mare speecific ones ad lower lewels, and specxhic ok
servadioms aa bermminal nodes,

Like ity predecesscas, COBRWER sorts new ofe
eerradlions downeard dhroagh vis Bierarchy, select
ing the heat branch at eack level. Tn making this
decasion, it finds the 'Eest match' according to
radrgery nhiEly, an ewmluation Fanction proqosed
hy Gluck and Cogter [(1985) o scooemt for bs
vic lewels claerved in srpermmestsl studees of b
man calagorizstkm, They aarived ol this fumckion
through & raticnal ansbveas { Anderson, in press ool
the cadeporiestion task, I which hasic-lews] com
cepts are preferred becasss they faclltaie more
necursie predieticas about ibsie meenher.

Like Mariin ased Billiman's moedel, Corwen ac-
quires comsepts inerementally, during the process
ol calegorization. As it sceds experience down
the hierarchy, the syatem alters the probakilities
storesd with sach concept and s associated wal
ues, Im osome cases, CoEwes also changes the
siruciure of its hierarchy. If am expeericnce diffeas
mffiriently from the childeen of & concepa, the sys-
togm sbores it as & new ehdd st that level. In other
caded, Conwnns finds that mergang of splilling ex-
sthng coneepis ot a givea kvl will Emprove Lhe
gnnich sesee. The structure af the resulbizg b
arasehy & 4 fusction nal oaly of the sxpericmors
Eiven fo ks sFpdlem, bul of ke ceder tn whick
they are presembed.

Meode 1hat Conwen dillers froan (20R& in Uhel
it does mot explicitly sompute correlations amimg
featueis. Cabegory mlalily smms & funcison of an-
dividual fenture prohabilities, so that ek node
in Eemory cfeclavely reprasends o calegury s an
independint ree model [Smith & Medin, 1081
Fishar snd Langley [in press] have shown that
[mvoeimg the crealiom of categnries that mazimize
Lhin Tusetion of individual festures will derd bo e
ward caktegrries that capitore correlatione. o
wver, leaves of Lhe comoepd hierarchy correspond
to specific obesrvations [cases, exemplars |, giving
repeesanlalional porwer epuivadent to that of ez
smglar [ Smilth b Medin, [981] ar relational coe
[ Madiz, 1983) reprmsentatioms. 1m additiom, hier-
srchical systema offer & natural repressntation of
delamll a=ed excmpliomal properides: coe mssumes
the mcal hkely atiribute value for & givem cats
sgury, unless and the observed feakores warrant
desper clasnifcsisom,
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Cokwkn and most other heerarchical sysvems
sssurme Lhat observasions are represenied a8 nom.
inal attribuie-valoe pairs. Homever recent work
hay extepded the basic famework to handle real-
walued attribates (Gennari, Langley, & Fisher,
L%80) and structured descriptbons | Thompeon £
Langley, 1988}, im which scquired comeepts are de-
fined in terms of other acquired roneepts and re-
Imteins mmong them. Meogeaver, soime reorarchars
have adapsed such relacional repeesentation for
nge in concept formation oves Lrsces of problam-
solving experiences (g, Yang, Yoo, & Fisher
in press | 1o 1B spprosch, previem azpesisnce &
organized in memory asd acerssed for use in guid-
ing behavior on novel problems. Sweh modads may
explaln the origin fesctional categories, o well s
preduciing |.|l!|'-d.|u|.ug.||'..|l phanamesa i prabilem-
solving doisins that are analogom o thoar foend
i sumple ealegorisalicn lauks.

Ddgate 3la mmilinl malivadics in bterea ol com-
putational efescy, Coawrn alss accounts for
i ¥ariely of povchological phenomesa | Fisker §
Lasglay, iz presa]. Ila account of baaic-lewel «f-
lecln fullows fram it use of cxlegory utdhiy, but
wilh assursglicas abosl selriers] rabes, mocounts
ol Eypicalsly eifects mnd Fam effects [ Amdersom,
LOTE| nlen emesge.  Like the ciber models ws
bBave epammaneil, CORWER can repressnl and ac
quize mmlagicn] categories, bot 7t can handle Ing-
el rulem k& special cass. The syslem takes ad-
ranlages of correlaticns smang features, thongh it
cwprasenis Lhem ealy mdirectly, and Fisher { LOET]
has extengively Eesfed ite predictive ahbildy, Ex-
fansinns Ex the framework show promise for skouc
tural knowledps, rnd the moedel eres makes rer-
faig predictions about izdersctions between Lxp
trnliter and hasic levels [Fisher, 1988, Thus, b
eraschical methods o concept formakion provide
anather promasing ramswnork for eoplalsing 1l
sature of buman caegoneation.

1 Conclusions

We hawe presenied three models ihat sceownt bos
some enpirical Andings in estegory femation. Ko
cne modd claims fo accoenl for &ll of the coss-
plexity of category formation. ls some cnses,
technbgess ueed in one model cas address shiorl-
comings of other models. Forexample, Cona sug-
Zeste a way of goiseg beyond pairwise sonjuncticn
in the eonflgural fue madel while avciding the
enumEraison ol all possibilides. Ln somoe enees, Lha
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models provide conkrasting sccounts for the same
phemomenon. For erassple, both CoBRwWES and
the toifigusal-cue model proposs differead mech-
mrdems to seecdiad Tor Basie-livels s,

Somx phescenena are nol sddressed by aay of
the modali. In pasiicnlar, seae provide sn er-
plical account for the prisming =ffect (e g, Palmer,
1576 of expected contexts, thomgh the use of con-
diticoal protabslities im Coka and Coswen sug
peab possible extensicns. Al of the rurrent models
emephssize Lhe rale of Lhe infoemadicnal slrocture
of the ewwirommest, ignormE the mle played by
Lthe learner's goals and theories of the world is
category famaiaom,

We have forused on demonstrating that em-
pirical gensralizaticns of baman karming vech &
hasic-leve] and frpacality efecls caz arise a8 emer:
geni properiies of compuiaisonal models. [ is
equally impociant thet 15ese compotsidonsl mmiod.
el pnake predicisoms and be osed to formelate
hypoibeses mhout homan heharior thet can be
tested emparically. Pusthermore, Lhe peeelsion de-
manded by compotsidosal models often ralse -
suss hint moghi have ollerwise bein overbookid
Thms, we fee] that erperimentation asd comgm-
tational modeling play cseniial complemsnt ey
roles in wnderstandisg cognition.
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