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Abstrac t 

SUSTAIN (Supervised and Unsupervised STratified Adaptive 
Incrementa l  Network )  i s a  networ k mode l  o f  huma n categor y 
learning .  SUSTAI N i s a  thre e laye r  mode l  wher e learnin g be -
twee n th e first  tw o layer s i s unsupervised ,  whil e learnin g be -
twee n th e to p tw o layer s i s supervised .  SUSTAI N cluster s in -
put s i n a n unsupervise d fashio n unti l  i t  group s inpu t  pattern s 
inappropriatel y (a s signale d b y th e supervise d portio n o f  th e 
network) .  Whe n suc h a n erro r  occurs ,  SUSTAI N alter s it s  ar -
chitecture ,  recruitin g a  ne w uni t  tha t  i s  tune d t o correctl y clas -
sif y th e exception .  Unit s recruite d t o captur e exception s ca n 
evolv e int o prototypes/attractors/rule s i n thei r  ow n right .  SUS -
TAIN' s adaptiv e architectur e allow s i t  t o maste r  simpl e classi -
fication  problem s quickly ,  whil e stil l  retainin g th e capacit y t o 
lear n difficul t  mappings .  SUSTAI N als o adjust s it s  sensitivit y 
t o inpu t  dimension s durin g th e cours e o f  learning ,  payin g mor e 
attentio n t o dimension s relevan t  t o th e classificatio n task .  SUS -
TAI N successfull y fits  ite m an d categor y learnin g dat a fro m 
Medin ,  Dewey ,  an d Murph y (1983) .  SUSTAIN' s performanc e 
on othe r  dat a set s i s discussed .  SUSTAI N i s compare d wit h 
othe r  model s o f  categor y learning . 

I n t r oduc t i o n 

Some categorie s hav e a  ver y simpl e structure ,  whil e other s 
can b e complex .  Accordingly ,  learnin g h o w t o properl y clas -
sif y item s a s member s o f  categor y "A "  o r  " B "  ca n b e almos t 
trivia l  (e.g. ,  th e valu e o f  a  singl e inpu t  dimensio n determine s 
membership )  o r  ca n b e s o difficul t  tha t  n o regularit y i s  dis -
covere d (e.g. ,  rot e memorizatio n o f  ever y categor y m e m b er 
i s require d t o determin e membership) . 

Classification s ar e harde r  t o maste r  whe n th e decisio n 
boundar y (i n a  multi-dimensiona l  spac e o f  possibl e inputs ) 
i s highl y irregula r  an d whe n ther e ar e multipl e boundarie s 
(e.g. ,  al l  th e member s o f  categor y "A "  d o no t  fal l  insid e on e 
contiguou s regio n o f  th e inpu t  space) .  Ver y simpl e learnin g 
model s wil l  fai l  t o maste r  difficul t  categorization s wit h com -
ple x boundaries .  Fo r  instance ,  a  purel y linea r  model ,  lik e 
th e perceptio n (Rosenblatt ,  1958 )  wil l  no t  b e abl e t o maste r  a 
classificatio n wher e th e mappin g i s no t  linearl y separable . 

Interestingly ,  a  comple x nonlinea r  model ,  suc h a s a  back -
propagatio n mode l  (Rumelhart ,  Hinton ,  &  Williams ,  1986 ) 
wit h man y hidde n units ,  ca n lear n comple x decisio n bound -
arie s bu t  wil l  perfor m poorl y o n a  simpl e proble m (e.g. ,  a 
proble m wher e th e decisio n boundar y i s  linear) .  I n suc h 
cases ,  th e mor e comple x mode l  wil l  generaliz e poorl y b y 
over-fittin g th e trainin g data .  Thus ,  makin g a  mode l  to o pow -
erfu l  o r  to o wea k i s undesirable .  G e m a n ,  Bienenstock ,  an d 
Doursa t  (1992 )  terme d thi s tradeof f  betwee n dat a fitting  an d 
generalizatio n a s th e bias/varianc e dilemma .  I n brief ,  whe n a 

networ k i s to o simpl e i t  i s  overl y biase d an d canno t  lear n th e 
correc t  boundaries .  Conversely ,  whe n a  networ k i s to o power -
ful ,  i t  master s th e trainin g set ,  bu t  th e boundarie s i t  learn s ar e 
somewhat  arbitrar y an d ar e highl y influence d b y th e trainin g 
sample ,  leadin g t o poo r  generalization . 

Unfortunately ,  m a n y learnin g model s requir e tha t  th e n u m -
ber  o f  intermediat e leve l  unit s b e specifie d i n advance :  th e 
number  o f  hidde n unit s i n backpropagation ,  th e numbe r  o f 
codeboo k vector s i n L V Q (Learnin g Vecto r  Quantization ,  K o -
hone n (1990)) ,  an d th e numbe r  o f  radia l  basi s function s i n th e 
fixed  architectur e versio n o f  Poggi o an d Girosi' s (1990 )  regu -
larizatio n networ k an d A L C O V E (attentio n learnin g coverin g 
map,  Kruschk e (1990)) .  Th e proble m m a y no t  b e avoidabl e 
by treatin g th e numbe r  o f  intermediat e unit s a s a n additiona l 
parameter .  Th e environmen t  a  mode l  i s embedde d i n coul d 
chang e an d alte r  th e natur e o f  th e decisio n boundaries .  Also , 
certai n architecture s m a y b e preferabl e a t  certai n stage s o f 
th e learnin g process .  Fo r  example ,  E lma n (1994 )  provide s 
computationa l  evidenc e (whic h seem s i n accor d wit h find-
ing s fro m developmenta l  psychology )  tha t  beginnin g wit h a 
simpl e networ k an d addin g complexit y a s learnin g progresse s 
improve s overal l  performance . 

Model s wit h a n adaptiv e architectur e (lik e S U S T A I N ) ,  d o 
not  nee d t o specif y th e numbe r  o f  intermediat e unit s prio r  t o 
learning .  Stil l  adaptiv e architectur e model s ar e no t  withou t 
problems .  S o m e model s gro w i n a n unconstraine d fashion , 
addin g a n intermediat e uni t  ever y tim e a n ite m i s presente d 
(e.g. ,  th e adaptiv e architectur e versio n o f  Poggi o an d Girosi' s 
(1990 )  mode l  an d A L C O V E ) .  Clearly ,  thes e model s (a s speci -
fied)  hav e prohibitiv e spac e requirement s (wit h a n increas e i n 
tim e requirement s whe n ru n o n a  seria l  computer )  an d m a y b e 
psychologicall y implausible .  Whil e thes e mode l  hav e adap -
tiv e architectures ,  architectura l  change s d o no t  occu r  i n re -
spons e t o h o w th e learnin g proces s i s unfolding .  Also ,  on e 
coul d argu e tha t  th e solution s thes e model s deriv e lac k ele -
ganc e an d ar e difficul t  t o interpret . 

Othe r  method s d o m a k e architectura l  change s i n respons e 
t o h o w learnin g i s progressing .  Prunin g method s begi n wit h 
a larg e networ k an d remov e unit s a s learnin g progresse s 
(Karnin ,  1990) .  I n practice ,  thi s metho d prov e inefficien t  (i t 
begin s wit h a  larg e network )  an d th e algorith m ofte n termi -
nate s wit h a  m e d i u m size d networ k whe n a  simple r  networ k 
woul d b e bette r  suite d t o th e learnin g problem .  Anothe r  prob -
le m i s tha t  th e modele r  mus t  decid e h o w larg e th e networ k 
shoul d b e i n advance . 

Instead ,  othe r  model s (includin g S U S T A I N )  begi n wit h a 
smal l  networ k an d expan d th e networ k whe n necessary .  Mos t 
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method s expan d th e networ k whe n overal l  erro r  (th e 

differenc e betwee n desire d an d observe d output )  i s  high . 
For  example ,  th e cascade-correlatio n mode l  (Fahlma n & 
Lebiere ,  1990 )  expand s th e networ k verticall y wit h additiona l 
intermediat e layers ,  creatin g higher-orde r  featur e detectors . 
Othe r  model s expan d horizontall y whe n erro r  i s hig h (Ash , 
1989 ;  Azimi-Sadjadi ,  Sheedvash ,  &  Trujillo ,  1993) . 

Unlik e th e aforementione d models ,  S U S T A I N doe s no t  ac -
cru e unit s base d o n overal l  error .  Instead ,  S U S T A I N add s a 
ne w intermediat e leve l  uni t  whe n th e unsupervise d par t  o f  th e 
networ k cluster s inpu t  pattern s i n a  manne r  deeme d inappro -
priat e b y th e supervise d par t  o f  th e network .  Thi s happen s 
w h en tw o inpu t  pattern s (tha t  differ )  belon g t o th e sam e clus -
te r  an d th e difference s betwee n th e tw o inpu t  pattern s prove s 
critica l  fo r  successfull y masterin g th e classification .  W h e n 
suc h a n erro r  occurs ,  S U S T A I N split s th e cluste r  int o tw o 
cluster s b y addin g a n intermediat e unit .  Addin g unit s i n S U S -
T A I N i s psychologicall y motivate d b y th e intuitio n tha t  peo -
pl e ignor e difference s whe n the y ca n ( a bia s toward s simpl e 
solutions) ,  bu t  wil l  not e difference s whe n force d t o b y envi -
ronmenta l  feedback . 

Anothe r  aspec t  o f  network s tha t  i s usuall y fixed,  bu t  shoul d 
var y dependin g o n th e natur e o f  th e learnin g problem ,  i s th e 
activatio n functio n o f  a n intermediat e leve l  unit .  I n back -
propagatio n networks ,  th e steepnes s o f  a  hidde n unit' s  sig -
moida l  shape d activatio n functio n i s se t  a s a  parameter .  I n 
model s wher e th e intermediat e leve l  unit s ar e viewe d a s re -
ceptiv e fields  (e.g. ,  Poggi o &  Girosi ,  1990 ;  Kruschke ,  1992) , 
th e shap e o f  a  unit' s  receptiv e field  i s se t  a s a  parameter . 

Intermediat e leve l  unit s i n S U S T A I N hav e multipl e recep -
tiv e fields  (on e fo r  eac h inpu t  dimension )  an d trea t  th e shap e 
of  a  receptiv e field  a s somethin g tha t  shoul d b e learned ,  rathe r 
tha n a s a  parameter .  S U S T A I N assume s tha t  receptiv e fields 
ar e initiall y  broadl y tune d an d ar e adjuste d durin g th e cours e 
of  learnin g t o maximiz e th e receptiv e field's  respons e t o in -
puts .  Intermediat e unit s wit h peake d (narrow )  receptiv e fields 
ca n b e describe d a s highl y focused .  Receptiv e fields  tha t 
develo p tighte r  tuning s ar e capabl e o f  stronge r  response s t o 
stimul i  (se e Figur e 1) .  A s a n outcom e o f  learnin g h o w t o per -
for m a  classification ,  S U S T A I N learn s whic h dimension s o f 
th e stimul i  ar e relevan t  an d shoul d b e attende d to .  Conceiv -
in g o f  attentio n a s enhancin g th e tunin g o f  cell s i s consisten t 
wit h curren t  wor k o n th e neura l  basi s o f  attentio n (Treu e & 
Maunsell ,  1996) . 

An Overview of SUSTAIN 

S U S T A I N consist s o f  thre e layers :  input ,  subcategory ,  an d 
category .  Inpu t  laye r  unit s tak e o n rea l  value s t o encod e infor -
matio n abou t  th e environmen t  (e.g. ,  th e encodin g o f  a n ite m 
tha t  need s t o b e classifie d a s belongin g t o categor y "A "  o r 
" B " ) .  Unit s i n th e subcategor y laye r  (th e intermediat e layer ) 
encod e th e prototype s an d exception s o f  th e categor y units . 
Subcategor y unit s compet e wit h on e anothe r  t o respon d t o 
pattern s a t  th e inpu t  laye r  wit h th e winne r  (th e subcategor y 
uni t  tha t  i s  mos t  active )  bein g reinforced .  Weight s ar e ad -
juste d accordin g t o th e Kohone n unsupervise d learnin g rul e 
fo r  developin g self-organizin g map s (Kohonen ,  1984) .  W h e n 
a subcategor y uni t  "wins "  th e center s o f  it s receptiv e fields 
(ther e i s a  receptiv e field  fo r  eac h inpu t  dimension )  m o v e i n 
th e directio n o f  th e inpu t  pattern ,  minimizin g th e distanc e 

Dislanc a 

Figur e I .  Bot h unit s respon d maximall y w h e n a  stimulu s appear s 
i n th e cente r  o f  thei r  receptiv e field  ( a . 5 respons e fo r  th e broadl y 
tune d unit ;  a  2. 0 respons e fo r  th e tightl y tune d unit) .  C o m p a r e d t o 
th e broadl y tune d unit ,  th e tightl y tune d unit' s  respons e i s stronge r 
t o stimul i  clos e t o th e cente r  an d i s  weake r  fo r  stimul i  farthe r  fro m 
th e cente r  (th e crossove r  poin t  occur s a t  a  distanc e fro m cente r  o f  . 9 
(approximately) . 

b e t w e e n th e center s a n d th e inpu t  pattern .  Th i s m e t h o d i s 
simila r  t o a  n u m b e r  o f  clusterin g technique s use d fo r  classi -
fication  a n d patter n recognition ,  suc h a s m a x i m u m - d i s t a n c e , 
K-means ,  an d isodat a (To u &  Gonzalez ,  1974 ;  Dud a &  Hart , 
1972) . 

O ne nove l  aspec t  o f  ou r  implementatio n i s tha t  thi s unsu -
pervise d learnin g procedur e i s combine d wit h a  supervise d 
procedure .  W h e n a  subcategor y uni t  respond s strongl y t o a n 
inpu t  patter n (i t  i s th e winner )  an d ha s a n excitator y connec -
tio n t o th e inappropriat e categor y uni t  (i.e. ,  th e subcategor y 
uni t  predict s "A "  an d th e correc t  answe r  i s  " B " ) ,  th e networ k 
shut s of f  th e subcategor y uni t  an d recruit s a  ne w subcategor y 
uni t  tha t  respond s maximall y t o th e misclassifie d inpu t  pat -
ter n (i.e. ,  th e ne w unit' s  receptiv e fields  ar e centere d upo n 
th e inpu t  pattern). '  Thi s proces s continue s wit h th e ne w uni t 
competin g wit h th e othe r  subcategor y unit s t o respon d t o in -
put  pattern s wit h th e positio n o f  th e winner' s receptiv e fields 
bein g updated ,  a s wel l  a s it s connectio n t o th e categor y unit s 
by th e delt a learnin g rul e (Rumelhar t  e t  al. ,  1986) .  A t  a  min -
imum,  ther e mus t  b e a s man y subcategor y unit s a s categor y 
unit s whe n categor y response s ar e mutuall y exclusive . 

Previou s proposal s tha t  bea r  som e resemblanc e t o SUS -
T A I N includ e counterpropagatio n network s (Hecht-Nielsen , 
1988 )  whic h ar e multilaye r  network s wher e th e Kohone n 
learnin g rul e i s use d fo r  th e botto m tw o layers .  Simpso n 
has explore d a  supervise d versio n o f  th e Kohone n networ k 
wher e th e mode l  doe s no t  determin e whic h cluste r  i s th e win -
ner ,  bu t  i s tol d (Simpson ,  1989) .  Thi s chang e gread y speed s 
up learning .  Interestingly ,  ou r  approac h t o clusterin g i s no t 
properl y characterize d a s bein g eithe r  supervise d o r  unsuper -
vised .  Clusterin g i s unsupervise d unles s th e networ k make s a 
seriou s clusterin g error .  A  seriou s erro r  lead s t o th e creatio n 
of  a  ne w cluster ;  otherwis e learnin g a t  th e subcategor y laye r 
i s completel y unsupervised . 

Anothe r  interestin g aspec t  o f  SUSTAIN ' s subcategor y 
unit s  i s tha t  i n additio n t o adjustin g th e center s (i.e. ,  th e posi -

'  Initiall y  th e networ k onl y ha s on e subcategor y uni t  tha t  i s cen -
tere d upo n th e first  inpu t  pattern . 
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tion )  o f  thei r  receptiv e fields,  th e sensitivitie s (i.e. ,  th e shape ) 
of  thei r  receptiv e fields  als o ar e adjuste d i n respons e t o inpu t 
patterns .  Inpu t  unit s (i.e. ,  dimension s o f  th e inpu t  pattern )  tha t 
provid e consisten t  evidenc e (i.e. ,  th e positio n o f  th e subcate -
gor y units '  receptiv e fields  fo r  tha t  dimensio n doc s no t  hav e 
t o b e adjuste d often) ,  develo p tighte r  tuning s (se e Figur e 1) . 
Thes e mor e reliabl e inpu t  dimension s receiv e mor e attention . 
S U S T A I N uncover s (an d explicitl y  represents )  whic h dimen -
sion s ar e relevan t  fo r  classification . 

An Illustration of SUSTAIN's Operation 

Conside r  categorizin g peopl e int o tw o groups :  thos e w h o rid e 
motorcycle s an d thos e w h o don't .  Fo r  th e motorcyclist s cate -
gory ,  S U S T A I N migh t  for m a n initia l  cluste r  tha t  respond s t o 
inpu t  pattern s representin g young ,  adventurou s men .  W h e n 
an inpu t  patter n representin g a  4 0 yea r  ol d recentl y divorce d 
wealth y m a n tha t  rides  a  motorcycl e i s presente d t o th e net -
work ,  i t  activate s a  subcategor y uni t  associate d wit h non -
motorcyclist s mor e strongl y tha n i t  activate s th e subcategor y 
uni t  tha t  represent s youn g mal e motorcycl e riders.  T o remed y 
thi s situation ,  S U S T A I N create s a  ne w uni t  tha t  i s  centere d 
upo n th e 4 0 yea r  ol d divorce d man .  I t  turn s ou t  tha t  thi s ex -
ceptio n correctl y classifie s a  numbe r  o f  othe r  inpu t  pattern s 
(th e cluste r  ca n b e labele d "mid-lif e crisis") .  A t  thi s point , 
th e motorcyclist s categor y contain s tw o distinc t  prototype s 
("youn g male "  an d "mid-lif e crisis") .  I f  th e networ k wa s pre -
sente d wit h a  grandmothe r  tha t  like s t o bunge e jump ,  th e net -
wor k woul d probabl y predic t  sh e doesn' t  rid e a  motorcycle , 
but  i f  i t  turn s ou t  sh e does ,  a  ne w subcategor y uni t  woul d b e 
create d t o captur e thi s exception .  Othe r  adventurou s olde r 
women tha t  ar e simila r  t o th e grandmothe r  wil l  als o activat e 
thi s unit ,  perhap s turnin g thi s exceptio n int o prototype . 

Durin g th e learnin g process ,  tuning s fo r  eac h inpu t  dimen -
sio n ar e developed .  Dimensio n lik e "hai r  color "  woul d b e 
broadl y tune d wherea s dimension s lik e "ha s tw o legs "  an d 
"i s a  fre e spirit "  m a y develo p sharpe r  tuning s an d b e mor e 
influentia l  i n selectin g th e winnin g subcategor y unit . 

Mathematical Formulation 

Receptiv e fields  hav e a n exponentia l  shap e wit h a  receptiv e 
field's  respons e decreasin g exponentiall y  a s distanc e fro m it s 
cente r  increases : 

a{u)^le- ^  (1 ) 

where X is the tuning of the receptive field, and ^ is the 
distanc e o f  th e stimulu s fro m th e cente r  o f  th e field.  Argu -
ment s fo r  activatio n droppin g of f  exponentiall y  ca n b e foun d 
in(Shepard ,  1987) . 

Whil e receptiv e fields  wit h differen t  X  hav e differen t 
shapes ,  fo r  an y X,  th e are a "underneath "  a  receptiv e field  i s 
constant : 

^ a { ^ i ) d n = r - K e - ' ^ d n ^ \ .  (2 ) 
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For  a  give n // ,  th e A ,  tha t  maximize s a(;u )  ca n b e compute d b y 
differentiating : 

The activatio n o f  a  subcategor y uni t  i s  give n by : 

|  =  . - v „ - v ) . (3 ) 

Ah, = 
_ I ^ i ( X O v ^ 

It=,(?^,) ^ 
(4 ) 

wher e n  i s th e numbe r  o f  inpu t  units ,  X i  i s  th e tunin g o f  eac h 
subcategor y unit' s  receptiv e field  fo r  th e it h inpu t  dimension , 
fjii j  i s  th e distanc e betwee n th e cente r  o f  subcategor y uni t  y' s 
receptiv e field  fo r  th e /t h inpu t  uni t  an d th e outpu t  o f  th e /t h 
inpu t  uni t  (distanc e i s  simpl y th e absolut e valu e o f  th e dif -
ferenc e o f  thes e tw o terms) ,  an d r  i s a n attentiona l  param -
ete r  (alway s nonnegative) .  W h e n r  i s high ,  inpu t  unit s wit h 
tighte r  tuning s (unit s tha t  see m relevant )  dominat e th e activa -
tio n function .  Equatio n 4  sum s th e response s o f  th e receptiv e 
fields  fo r  eac h inpu t  dimensio n an d normalize s th e sum .  Th e 
activatio n o f  a  subcategor y uni t  i s  boun d betwee n 0  (exclu -
sive )  an d 1  (inclusive) . 

Subcategor y unit s compet e t o respon d t o inpu t  pattern s an d 
i n tur n inhibi t  on e another .  W h e n man y subcategor y unit s ar e 
strongl y activated ,  th e outpu t  o f  th e winnin g uni t  i s  less .  Unit s 
inhibi t  eac h othe r  accordin g to : 

Oh, = 
ir=i('4//,) P " ' 

(5 ) 

wher e P  i s th e latera l  inhibitio n paramete r  (alway s nonnega -
tive )  an d m i s th e numbe r  o f  subcategor y units .  W h e n p  i s 
small ,  competin g unit s strongl y inhibi t  th e winner .  W h e n P 
i s hig h th e winne r  i s weakl y inhibited .  Unit s othe r  tha n th e 
winne r  hav e thei r  outpu t  se t  t o zero. ^ 

Afte r  feedbac k i s provide d b y th e "experimenter" ,  i f  th e 
winne r  predict s th e wron g category ,  it s  outpu t  i s se t  t o zer o 
and a  ne w subcategor y uni t  i s  recruited : 

for all i and k, if {tkOnjWji^ < 0), then recruit a new unit 

(6 ) 
wher e r ^  i s th e targe t  valu e fo r  categor y uni t  k  an d Wji ^  i s th e 
weigh t  fro m subcategor y uni t  j  t o categor y uni t  k .  W h e n a 
ne w uni t  i s  recruite d it s receptiv e fields  ar e centere d o n th e 
misclassifie d inpu t  patter n an d th e subcategor y units '  activa -
tion s an d output s ar e recalculated . 

I f  a  ne w subcategor y uni t  i s  no t  created ,  th e center s o f  th e 
winner' s receptiv e fields  ar e adjusted : 

Awi j  =  r]{0,^-wij ) (7 ) 

wher e t |  i s  th e learnin g rate ,  O/ ,  i s  th e outpu t  o f  inpu t  uni t  / . 
The center s o f  th e winner' s receptiv e fields  m o v e toward s th e 
inpu t  patter n accordin g t o th e Kohone n learnin g rule .  Thi s 

Thes e propertie s o f  exponential s prov e usefu l  i n formulatin g 
SUSTAIN. 

^Distanc e mus t  b e calculate d i n a  differen t  manne r  whe n tw o o r 
more inpu t  dimension s ar e integra l  (e.g. ,  lightnes s an d saturatio n i n 
colo r  perception) .  I n suc h cases ,  th e Euclidea n distanc e betwee n 
th e expecte d patter n an d th e observe d patter n i s calculated .  Integra l 
inpu t  dimension s als o shar e a  common X .  Th e reade r  ca n consul t 
Shepar d (1964 )  an d Nosofsk y (1987 )  fo r  mor e informatio n o n th e 
metri c propertie s o f  integra l  dimensions . 

•'Th e mode l  (a s specified )  ca n hav e multipl e winners .  Fo r  in -
stance ,  ther e coul d alway s b e tw o winners .  Mor e comple x scheme s 
coul d als o b e considere d fo r  determinin g th e numbe r  o f  winners . 
We d o no t  explor e an y o f  thes e possibilitie s becaus e the y ar e les s 
conceptuall y clea r  an d th e dat a doe s no t  deman d it . 
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learnin g rul e center s th e prototyp e (i.e. ,  th e cluster' s center ) 
amids t  th e member s o f  th e prototype . 

Usin g ou r  resul t  fro m Equatio n 3 ,  receptiv e field  tuning s 

ar e update d accordin g to : 

AX,=r]e-'^'^"j{\-Xif,ij) . (8 ) 

Onl y th e winnin g subcategor y uni t  update s th e valu e o f  X, . 
Equatio n 8  adjust s th e shap e o f  th e receptiv e field  fo r  eac h 
inpu t  s o tha t  eac h inpu t  ca n maximiz e it s influenc e o n sub -
categor y units .  Initially ,  \ ,  i s  se t  t o b e broadl y tuned .  Fo r 
example ,  i f  inpu t  uni t  /  take s o n value s betwee n - 1 an d 1 ,  th e 
m a x i m u m distanc e betwee n th e /t h inpu t  unit' s  outpu t  an d th e 
positio n o f  a  subcategor y unit' s  receptiv e field  (fo r  th e it h di -
mension )  i s 2 ,  s o X ,  i s se t  t o . 5 becaus e tha t  i s th e optima l  set -
tin g o f  X ,  fo r  j u equa l  t o 2  (i.e. .  Equatio n 8  equal s zero) .  Unde r 
thi s scheme ,  X.  canno t  becom e negativ e durin g U âining . 

Activatio n i s sprea d fro m th e winnin g subcategor y uni t  t o 

th e categor y units : 

Ac ,  =  OHjWj k (9 ) 

wher e A q i s th e activatio n o f  th e ̂ t h categor y uni t  an d O h i s 

th e outpu t  o f  th e winnin g subcategor y unit . 

Th e outpu t  o f  a  categor y uni t  i s give n by : 

if (Q is nominal and |/Iq. | > 1). then Oq. = i^^ . j q^ 

else Oq. = Ac^ 

where Oq is the output of the k\h category unit. If the feed-
bac k give n t o subject s concernin g Q  i s nomina l  (e.g. ,  th e ite m 
i s i n categor y "A "  no t  " B " ) ,  the n Q  i s nominal .  Kruschk e 
(1992 )  refer s t o thi s kin d o f  teachin g signa l  a s a  "humbl e 
teacher "  an d explain s whe n it s us e i s appropriate . 

W h en a  subcategor y uni t  i s recruited ,  weight s fro m th e uni t 
t o th e categor y unit s ar e se t  t o zero .  Th e on e laye r  delt a learn -
in g rul e (Rumelhar t  e t  al. ,  1986 )  i s use d t o adjus t  weight s 
thes e weights : 

AWjk=T] i tk-Oc,)OH j (H ) 

wher e t ^  i s th e targe t  valu e (i.e. ,  th e correc t  value )  fo r  categor y 
uni t  k .  Th e targe t  valu e i s analogou s t o th e feedbac k provide d 
t o h u m a n subjects .  Not e tha t  onl y th e winne r  wil l  hav e it s 
weight s adjuste d sinc e i t  i s  th e onl y subcategor y uni t  wit h a 
nonzer o output . 

Th e followin g equatio n determine s th e respons e probabili -
tie s (fo r  nomina l  classifications) : 

^ ^ " I f = , ( 0 c ,  +  1) ^ 
(12 ) 

wher e d  i s a  respons e paramete r  (alway s nonnegative )  an d p 
i s th e numbe r  o f  categor y units .  Th e categor y uni t  wit h th e 
larges t  outpu t  i s almos t  alway s chose n whe n d  i s large .  I n 
Equatio n 12 ,  on e i s adde d t o eac h categor y unit' s  outpu t  t o 
avoi d performin g calculation s ove r  negativ e numbers .  Th e 
Luc e choic e rul e i s a  specia l  cas e ( d =  1 )  o f  thi s decisio n rul e 
(Luce ,  1963) . 

Emp i r i ca l l y Test in g S U S T A I N 

S U S T A I N ha s successfull y fit  Shepar d e t  al.' s  (1961 )  classi c 
experiment s o n th e tim e cours e o f  huma n categor y learnin g 

(Lov e &  Medin ,  1998).' *  I n Shepar d e t  al.' s  study ,  subject s 
assigne d a  stimulu s t o eithe r  categor y "A "  o r  " B "  an d feed -
bac k wa s provided .  Si x differen t  assignment s o f  object s t o 
categorie s wer e teste d wit h th e si x problem s varyin g i n diffi -
cult y (Typ e I  wa s th e easies t  t o master .  Typ e V I  th e hardest) . 
For  example ,  th e Typ e I  proble m ca n b e solve d b y attend -
in g t o onl y on e inpu t  dimensio n (e.g. ,  color) ,  whil e Typ e V I 
require s attendin g t o al l  thre e dimension s (color ,  shape ,  an d 
size )  an d ha s n o regularitie s acros s an y pai r  o f  dimensions . 

S U S T A I N successfull y fit  subjects '  learnin g curve s an d it s 
solutio n wa s readil y interpretable .  S U S T A I N recruite d mor e 
subcategor y unit s fo r  th e mor e difficul t  problems .  Fo r  exam -
ple ,  th e mos t  c o m m o n solutio n fo r  th e Typ e I  proble m wa s t o 
creat e on e uni t  fo r  eac h category .  Typ e V I  ha s n o regularitie s 
tha t  ca n b e exploited ,  forcin g S U S T A I N t o "memorize "  eac h 
stimulu s (i.e. ,  S U S T A I N devote d a  subcategor y uni t  t o eac h 
inpu t  pattern) . 

Th e Typ e V I  proble m i s i n som e way s equivalen t  t o identi -
fication  learnin g whil e th e Typ e I  proble m seem s lik e a  "pure " 
categorizatio n proble m (ther e i s a  simpl e criteri a fo r  member -
ship ,  th e categorie s ar e ver y cohesive) .  Th e relativ e difficult y 
of  th e Typ e V I  proble m suggest s (incorrectly )  tha t  identifi -
catio n learnin g i s alway s mor e difficul t  tha n categorizatio n 
learning ,  o r  mor e generally ,  tha t  classificatio n become s easie r 
at  increase d level s o f  abstraction .  Contrar y t o thi s conclusion , 
ther e ar e strikin g instance s wher e identificatio n precede s cat -
egorizaUon . 

For  example ,  Medi n e t  al .  (1983 )  foun d tha t  peopl e ar e 
faste r  t o associat e a  uniqu e name s t o photograph s o f  nin e fe -
mal e face s tha n the y ar e t o categoriz e th e photograph s int o 
tw o categories .  Th e logica l  structur e o f  th e tw o categorie s 
i s show n i n Tabl e 1 .  O n e possibl e explanatio n fo r  th e rel -
ativ e eas e o f  identificatio n learnin g i s tha t  th e stimul i  use d 
i n Medi n et .  a l  (1983 )  wer e ric h an d distinct ,  varyin g alon g 
many dimension s no t  liste d i n Tabl e 1 ,  suc h a s th e shap e o f 
th e face ,  th e typ e o f  nose ,  etc. .  Thi s idiosyncrati c informatio n 
makes eac h stimulu s ite m mor e distinct . 

S U S T A I N correctl y predict s tha t  th e relativ e rate s o f  iden -
tificatio n an d categorizatio n learnin g interac t  wit h th e natur e 
of  th e stimul i  (wit h th e sam e paramete r  value s use d t o mode l 
Shepar d etal .  (1961) :  T i  =  .1 ,  p = 1.0 ,  r  =  3.5 ,  andr f  =  8.0) . 
Specifically ,  whe n th e stimul i  ar e highl y distinct ,  identifica -
tio n learnin g i s faste r  tha n categorization .  Th e propertie s o f 
S U S T A I N tha t  giv e ris e t o thi s behavio r  wil l  b e discusse d af -
te r  simulatio n result s ar e presente d fo r  Medi n e t  al .  (1983) . 

Modeling Medin et al. (1983) 

Subject s wer e assigne d t o on e o f  a  numbe r  o f  learnin g con -
ditions .  Here ,  w e focu s o n th e Firs t  N a m e an d Las t  N a m e 
condition .  I n th e Firs t  N a m e conditio n subject s learne d a 
separat e labe l  fo r  eac h photograph ,  whil e i n th e Las t  N a m e 
conditio n onl y tw o label s wer e used .  I n bot h conditions ,  sub -
ject s traine d unti l  the y correctl y classifie d al l  nin e item s fo r 
tw o consecutiv e block s o r  unti l  the y complete d th e sixteent h 

'̂ Th e dat a actuall y fit  wa s fro m Nosofsk y e t  al.' s  (1994 ) 
replication . 
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Tabl e 1 

The logica l  structur e o f  th e tw o categorie s i s shown .  Th e fou r 

dimension s wer e hai r  color ,  smil e type ,  hai r  length ,  an d shir t 

color) . 

Categor y A  Categor y B 

T m U2 2 
121 2 211 2 

1211 222 1 

1121 222 2 

211 1 

Tabl e 2 

H u m an performanc e an d SUSTAIN' s (i n parentheses) . 

Proble m Typ e Criterio n Overal l 

Firs t  N a m e 

Las t  N a m e 

1.00(1.00 ) 

.9 1 (.38 ) 

.8 4 (.73 ) 

.8 7 (.76 ) 

learnin g bloc k ( a learnin g bloc k consiste d o f  presentin g eac h 
ite m i n Tabl e 1  onc e i n a  rando m order) .  Feedbac k wa s pro -
vided . 

The result s fro m Medi n e t  al .  (1983 )  ar e show n i n Tabl e 2 . 
Notic e tha t  ever y subjec t  i n th e Firs t  N a m e conditio n reache d 
criterion ,  whil e onl y 9 1 % o f  subject s reache d criterio n i n th e 
Las t  N a m e condition .  Also ,  accurac y overal l  wa s roughl y 
equal ,  eve n thoug h chanc e guessin g favore d th e Las t  N a m e 
conditio n (i.e. ,  pur e guessin g woul d resul t  i n 1/ 2 correc t  com -
pare d t o 1/ 9 correct) .  W h e n th e Firs t  N a m e conditio n i s 
rescore d t o accoun t  fo r  guessin g b y scorin g an y labe l  withi n 
th e sam e categor y ("A "  o r  "B" )  a s correct ,  overal l  accurac y 
rise s t o 9 1 % . 

To fi t  S U S T A I N t o th e data ,  certai n assumption s ha d t o 
be mad e abou t  th e natur e o f  th e inpu t  representation .  Be -
caus e subject s wer e sensitiv e t o th e idiosyncrati c informatio n 
i n eac h photograph ,  twent y additiona l  inpu t  dimension s wer e 
added .  Eac h o f  th e twent y idiosyncrati c dimension s consiste d 
of  nin e inpu t  unit s wit h eigh t  se t  t o negativ e on e an d on e se t  t o 
positiv e on e (e.g. ,  fo r  th e dimensio n representin g th e typ e o f 
nose ,  th e fourt h inpu t  uni t  o f  th e nos e dimensio n positiv e an d 
th e res t  negativ e indicate d tha t  th e fac e ha d th e fourt h typ e 
of  nose ,  whic h i s distinc t  fro m th e othe r  eigh t  nos e types) . 
Put  differently ,  eac h inpu t  dimensio n consiste d o f  a n attribut e 
tha t  coul d tak e o n on e o f  nin e possibl e values .  Eac h stimulu s 
ite m ha d a  uniqu e valu e o n eac h idiosyncrati c inpu t  dimen -
sion .  Th e inpu t  representatio n o f  th e fou r  dimension s liste d 
i n Tabl e 1  als o ha d nin e inpu t  unit s pe r  dimension ,  bu t  onl y 
th e firs t  tw o unit s o f  thes e dimension s wer e eve r  positive . 

To captur e tha t  th e nin e inpu t  unit s formin g a n inpu t  di -

Tabl e 3 

H u m an performanc e an d SUSTAIN' s performanc e (i n paren -

theses )  wit h d = \ 5 . 

Proble m Typ e Criterio n Overal l 

Tabl e 4 

SUSTAIN' s final  architectur e an d mea n X  (2n d block) . 

Proble m Typ e Mea n Subcategor y Unit s M e a n X 

Firs t  N a m e 

Las t  N a m e 

9. 0 

6. 8 

2. 3 

1. 5 

mensio n ar e on e functiona l  unit ,  th e X  value s associate d wit h 
eac h inpu t  uni t  formin g a n inpu t  dimensio n wer e average d 
afte r  eac h update .  Also ,  p  (th e distanc e fro m input )  fo r  eac h 
subcategor y unit' s  receptiv e field  wa s th e su m acros s al l  inpu t 
unit s belongin g t o th e sam e dimensio n divide d b y 2  (onl y on e 
of  th e nin e unit s take s o n a  positiv e value ,  thu s th e m a x i m u m 
p i s  2 ,  generalizin g th e binar y featur e case) .  T o summarize , 
inpu t  unit s formin g a  dimensio n hav e a  c o m m o n p  an d X . 

S U S T A I N wa s ru n o n eac h conditio n 10,00 0 times .  S U S -
T A I N capture d th e majo r  pattern s i n th e dat a (se e Tabl e 2) . 
SUSTAIN' s quantitativ e fit  o f  th e dat a ca n b e increase d b y 
settin g th e decisio n paramete r  d  t o 1 5 (se e Tabl e 3) .  Th e 
decisio n paramete r  determine s th e exten t  t o whic h S U S T A I N 
stresse s accurac y an d ca n b e viewe d a s outsid e th e model. ^ 
Lik e people ,  S U S T A I N foun d i t  mor e natura l  t o identif y eac h 
stimulu s tha n i t  di d t o associat e severa l  stimul i  t o a  c o m m o n 
label . 

Tabl e 4  show s th e numbe r  o f  subcategor y unit s recruite d 
by S U S T A I N b y condition .  Notic e tha t  S U S T A I N recruite d 
mor e unit s i n th e Firs t  N a m e conditio n tha n i n th e Las t  N a m e 
condition .  SUSTAIN' s tunings ^  ar e sharpes t  i n th e Firs t 
N a me condition ,  indicatin g tha t  mor e inpu t  dimension s ar e 
relevan t  fo r  classificatio n i n thi s conditio n (a s woul d b e ex -
pected) .  Interestingly ,  whe n SUSTAIN' s inpu t  representatio n 
doe s no t  includ e idiosyncrati c information ,  th e Las t  N a m e 
conditio n (criterion :  .50 ,  overall :  .77 )  i s easie r  t o maste r  tha n 
th e Firs t  N a m e conditio n (criterion :  .00 ,  overall :  .20) . 

Why SUSTAIN favors identification over 

categorizatio n i n M e d i n e t  al .  (1983 ) 

Various factors conspire to cause SUSTAIN's performance 
t o interac t  wit h th e natur e o f  th e stimuli .  Performanc e tend s 
t o improv e whe n fewe r  subcategor y unit s ar e recruite d be -
caus e unit s tha t  respon d t o multipl e stimulu s item s develo p 
stronge r  association s wit h th e categor y units .  A t  odd s wit h 
thi s preferenc e fo r  fewe r  unit s  i s a  preferenc e fo r  highl y spe -
cialize d subcategor y units .  A  subcategor y uni t  specialize d fo r 
a particula r  stimulu s wil l  respon d ver y strongl y t o tha t  stim -
ulus .  Anothe r  facto r  i n favo r  o f  fewe r  subcategor y unit s i s 
tha t  unit s inhibi t  eac h other .  Makin g stimul i  mor e distinc -
tiv e alter s th e balanc e o f  thes e force s (leadin g t o th e observe d 
interaction) .  Th e benefi t  o f  havin g fewe r  subcategor y unit s 
diminishe s wit h distinctiv e stimul i  becaus e distinctiv e input s 
ten d no t  t o cluste r  a s wel l  togethe r  an d subcategor y unit s ten d 
t o inhibi t  eac h othe r  less . 

Firs t  N a m e 

Las t  N a m e 

1.00(1.00 ) 

.9 1 (.89 ) 

.8 4 (.84 ) 

.8 7 (.86 ) 

'Al l  furthe r  discussio n wil l  focu s o n result s fro m simulation s 
wit h d  =  i . 

^SUSTAIN' s mea n tuning s ar e reporte d afte r  tw o learnin g block s 
becaus e som e run s reache d criterio n a t  tha t  point .  Difference s i n 
tuning s betwee n th e si x condition s ar e magnifie d whe n late r  block s 
ar e examined . 
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Discuss io n 

SUSTAIN's ability to model both Shepard et al.'s (1961) and 

Medi n e t  al.' s  (1983 )  dat a highligh t  SUSTAIN' s promis e a s 
a mode l  o f  huma n categor y learning. ^  Thes e result s sugges t 
tha t  S U S T A I N m a y prov e successfu l  i n explainin g wh y cer -

tai n categorie s ar e mor e natura l  o r  basi c tha n other s (Rosc h 
et  al. ,  1976) .  Fo r  example ,  i f  aske d ho w on e get s t o wor k 
i n th e morning ,  on e says ,  " I  driv e m y car "  a s oppose d t o 
" I  driv e m y Buick "  o r  " I  driv e m y vehicle. "  S U S T A I N of -
fer s a n explanatio n fo r  wh y a  leve l  o f  categorizatio n i s pre -
ferred .  I n th e abov e example ,  th e intermediar y categor y ca r 
balance s th e nee d t o creat e subcategor y unit s tha t  hav e a  hig h 
degre e o f  withi n cluste r  similarit y an d lo w degre e o f  betwee n 
cluste r  similarit y whil e minimizin g th e tota l  numbe r  o f  clus -
ter s (i.e. ,  subcategor y units) .  Also ,  SUSTAIN' s shif t  toward s 
lowe r  leve l  categorie s i n th e presenc e o f  mor e distinctiv e in -
put s ma y b e i n accor d wit h shift s i n preferre d categor y leve l 
wit h expertis e (Tanak a &  Taylor ,  1991) . 
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