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Select in g K n o w l e d g e fo r  C a t e g o r y L e a r n i n g 

Eva n Hei t  (E.Heit@warwick.ac.uk ) 
Lewi s Bot t  (L.A.Bott@warwick.ac.uk ) 

Departmen t  o f  Psychology ;  Universit y o fWarwic k 
Coventr y C V 4 7 A L Unite d K ingdo m 

Abstrac t 

We presen t  a  categor y learnin g experimen t  i n whic h subject s 
face d th e knowledg e selectio n problem ,  i.e. ,  the y neede d t o us e 
thei r  observation s t o determin e whic h prio r  knowledg e woul d b e 
usefu l  fo r  learning .  Th e issu e o f  puttin g prio r  knowledg e int o 
neura l  networ k model s i s reviewed ,  an d w e presen t  a  ne w mode l 
whic h addresse s th e knowledg e selectio n problem .  Thi s mode l 
give s a  goo d accoun t  o f  th e experimenta l  results . 

Introduction 

At  firs t  glance ,  categorizatio n woul d see m t o simplif y ou r 
lives ,  becaus e a  larg e numbe r  o f  individua l  observation s ca n 
be classe d togethe r  t o allo w reasonin g an d communicatin g 
abou t  the m a s a  group .  Bu t  i t  ha s bee n pointe d ou t  tha t  cate -
gorizatio n itsel f  entail s furthe r  complexities .  Medi n an d 
Ross (1997 )  note d tha t  jus t  1 0 object s ca n b e partitione d int o 
categorie s ove r  100,00 0 differen t  ways .  S o i n addressin g 
on e computationa l  problem ,  th e hig h numbe r  o f  uniqu e 
events ,  w e ar e le d t o anothe r  computationa l  problem ,  th e 
hig h numbe r  o f  possibl e partition s o f  events .  A s a  solutio n 
t o thi s problem ,  i t  ha s bee n propose d that ,  b y necessity , 
categor y learnin g i s no t  entirel y dat a drive n (e.g. ,  Peirce , 
1931-1935) .  Tha t  is ,  peopl e d o no t  conside r  al l  possibl e 
partition s o f  observation s whe n formin g a  categor y repre -
sentation .  Instead ,  w e i n effec t  conside r  a  subse t  o f  th e pos -
sibilities ,  usin g backgroun d knowledg e fo r  guidance .  In -
deed ,  i t  ha s b y n o w bee n wel l  establishe d empiricall y tha t 
backgroun d knowledg e ha s robus t  effect s o n facilitatin g 
categor y learnin g (se e Heit ,  1997 ,  fo r  a  review) . 

Unfortunately ,  thi s solutio n itsel f  raise s ye t  anothe r  prob -
lem ,  namel y th e proble m o f  selectin g prio r  knowledge . 
Ther e ar e m a n y possibl e source s o f  backgroun d knowledg e 
tha t  coul d b e helpfu l  i n learnin g abou t  a  n e w category .  Fo r 
example ,  imagin e visitin g som e universit y campu s fo r  th e 
first  tim e an d tryin g t o lear n abou t  th e genera l  layou t  an d 
architectura l  styles .  M a n y source s o f  pas t  knowledg e coul d 
possibl y b e helpful ,  suc h a s memorie s o f  othe r  campuse s o r 
towns .  I n fact ,  i t  woul d b e eas y fo r  th e numbe r  o f  pas t  ob -
servation s t o greatl y outnumbe r  th e numbe r  o f  n e w observa -
tions !  I n ligh t  o f  thi s knowledg e selectio n problem ,  h o w 
coul d backgroun d knowledg e actuall y m a k e concep t  learn -
in g easier ? 

Th e knowledg e selectio n proble m doe s see m ver y trouble -
some fo r  experimenta l  an d computationa l  approache s t o 
categor y learning ,  bu t  i t  i s  importan t  t o not e tha t  peopl e d o 
manage t o solv e thi s proble m ever y day .  I n addition ,  i t  i s 
encouragin g t o pic k u p an y textboo k o n Bayesia n statistic s 
and find  m a n y technique s fo r  combinin g multipl e prio r  be -
lief s wit h observations ,  an d selectin g amon g thes e belief s 

base d o n th e dat a observed .  I n Bayesia n statistic s ther e i s n o 
assumptio n tha t  a  learne r  start s wit h optima l  o r  perfectl y 
correc t  prio r  beliefs .  Instead ,  th e learne r  begin s wit h a  rea -
sonabl e gues s tha t  merel y serve s a s a n initia l  basi s fo r 
learning ,  wit h correctiv e informatio n the n provide d b y th e 
data .  Indeed ,  i t  i s  possibl e t o star t  wit h a  whol e se t  o f  differ -
ent  prio r  beliefs ,  wit h a  distributio n o f  initia l  degree s o f  con -
fidence  i n eac h o f  these .  W h e n observation s ar e made ,  con -
fidence  i n variou s prio r  belief s ca n b e increase d o r  decrease d 
as appropriate .  (Se e als o Heit ,  1998. )  Tha t  is ,  observation s 
ca n b e use d t o selec t  fro m a  se t  o f  prio r  hypotheses . 

M a ny previou s experiment s o n knowledg e effect s o n 
categor y learnin g hav e avoide d th e knowledg e selectio n 
proble m b y mor e o r  les s tellin g th e subject s whic h prio r 
knowledg e t o use .  O n e o f  th e exception s i s a  stud y b y Mur -
phy an d AUopenn a (1994) ,  i n whic h subject s learne d abou t 
categorie s o f  buildings ,  animals ,  an d vehicles ,  wit h label s 
suc h a s "Categor y 1 "  an d "Categor y 2. "  Thes e categor y 
label s di d no t  constrai n th e knowledg e selectio n proble m 
ver y much .  W h e n a  subjec t  learne d abou t  a  ne w categor y o f 
vehicles ,  fo r  example ,  ther e wer e man y know n type s o f  ve -
hicle s tha t  coul d b e informative .  I t  wa s impossibl e t o kno w 
i n advanc e whethe r  t o us e prio r  knowledg e abou t  snowmo -
biles ,  ic e crea m vans ,  heav y trucks ,  o r  jeeps .  However ,  th e 
conten t  o f  th e categor y itself ,  tha t  is ,  th e description s o f 
categor y members ,  wer e helpfu l  i n finding  usefu l  prio r 
knowledge .  Fo r  example ,  whe n subject s observe d a  cate -
gor y m e m b er  wit h th e descriptio n "mad e i n Africa ,  lighti y 
insulated ,  an d drive s i n jungles, "  the y wer e abl e t o acces s 
knowledg e abou t  vehicle s use d i n ho t  weathe r  suc h a s jeeps , 
rathe r  tha n knowledg e abou t  othe r  vehicle s suc h a s snow -
mobile s an d heav y trucks . 

Our  o w n experimen t  wa s a n attemp t  t o furthe r  addres s th e 
phenomeno n o f  knowledg e selection .  Lik e Murph y an d 
AUopenna ,  w e use d buildin g categories .  (Als o se e Hei t  an d 
Bott ,  1999 ,  fo r  a n experimen t  wit h vehicl e categories. ) 
Give n tha t  peopl e alread y kno w abou t  man y kind s o f  build -
ings ,  w e se e thes e stimul i  a s encouragin g knowledg e selec -
tio n processes .  Unlik e Murph y an d AUopenna ,  w e collecte d 
dat a ove r  th e cours e o f  learning .  O n e o f  ou r  goal s wa s t o 
sho w tha t  i n som e situations ,  categorizatio n judgment s ar e 
not  affecte d earl y o n b y prio r  knowledge ,  unti l  man y obser -
vation s hav e bee n m a d e an d relevan t  prio r  knowledg e ca n b e 
assembled .  Therefor e i t  wa s necessar y t o collec t  categori -
zatio n judgment s afte r  variou s number s o f  categor y mem-
ber s ha d bee n observed .  Ou r  genera l  wa s tha t  i n term s o f 
variou s measure s ther e woul d b e increasin g knowledg e ef -
fect s ove r  th e cours e o f  learning .  Anothe r  advantag e o f 
collectin g dat a alon g th e cours e o f  learnin g wa s tha t  ou r  dat a 
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wer e suitabl e fo r  developin g an d testin g a  computationa l 
model  o f  categor y learning . 

We nex t  presen t  a n experimen t  o n knowledg e selectio n i n 
categor y learning ,  followe d b y a  brie f  revie w o f  computa -
tiona l  model s tha t  emplo y prio r  knowledg e an d the n b y th e 
introductio n o f  a  computationa l  mode l  tha t  addresse s knowl -
edg e selectio n 

Method 

The 7 7 subject s learne d abou t  tw o categorie s o f  buildings , 
referre d t o a s D o e building s an d Le e buildings .  Th e subject s 
wer e tol d t o imagin e tha t  the y wer e readin g a  boo k wit h a 
serie s o f  description s o f  buildings .  Th e stimul i  wer e organ -
ize d a s five  blocks ,  wit h description s o f  fou r  D o e building s 
and fou r  Le e building s presente d i n eac h block .  Eac h de -
scriptio n include d th e categor y labe l  (Do e o r  Lee )  an d a  lis t 
of  featura l  information .  Ther e wer e tw o critica l  feature s 
presente d i n eac h descriptio n an d tw o filler  features .  Th e 
critica l  feature s fo r  eac h categor y wer e relate d t o a  k n o w n 
typ e o f  buildin g (e.g. ,  churche s fo r  D o e an d offic e block s fo r 
Le e o r  vic e versa) .  I n contrast ,  th e filler  feature s wer e gen -
era l  characteristic s tha t  coul d b e tru e o f  jus t  abou t  an y 
building .  Finally ,  eac h descriptio n containe d thre e piece s o f 
individuatin g informatio n (nam e o f  builder ,  surveyor ,  an d 
photographer) .  T h e mai n predictio n wa s tha t  ther e woul d b e 
increasin g facilitatio n o n critica l  feature s ove r  th e cours e o f 
learning ,  a s subject s wer e increasingl y abl e t o selec t  usefu l 
prio r  knowledge . 

The critica l  an d filler  feature s wer e derive d fro m a  pre -
test ,  whic h involve d a  serie s o f  sortin g task s i n whic h sub -
ject s wer e aske d t o plac e eac h featur e int o on e o f  tw o 
groups .  Afte r  a  serie s o f  iterations ,  replacin g feature s a s 
necessary ,  a  se t  o f  8  pair s o f  critica l  feature s an d 8  pair s o f 
filler  feature s wa s obtained .  A  final  pre-tes t  grou p o f  2 0 
subject s sorte d eac h o f  th e critica l  feature s wit h a t  leas t  9 0 % 
preferrin g on e grou p ove r  th e other ,  an d fo r  th e filler  fea -
ture s preferenc e fo r  on e grou p wa s alway s les s tha n 7 5 % .  I n 
addition ,  subject s wer e readil y abl e t o describ e on e sorte d 
pil e o f  feature s a s bein g relate d t o churche s o r  ol d buildings , 
and th e othe r  a s bein g relate d t o offic e building s o r  othe r 
commercia l  buildings .  Th e complet e lis t  o f  critica l  features , 
as wel l  a s sampl e filler  features ,  ar e show n i n Tabl e 1 . 

Fro m th e 8  pair s o f  critica l  features ,  4  pair s wer e ran -
doml y assigne d t o presentatio n frequenc y one .  Eac h featur e 
i n eac h pai r  wa s presente d i n on e descriptio n pe r  block ,  ei -
the r  D o e o r  Lee .  T w o pair s wer e assigne d t o presentatio n 
frequenc y two ,  an d eac h featur e presente d i n tw o descrip -
tion s pe r  block .  Finally ,  2  pair s o f  feature s wer e no t  pre -
sente d a t  al l  i n th e stud y block s (bu t  the y wer e teste d i n tes t 
blocks) .  Likewise ,  th e 8  filler  feature s wer e assigne d t o 
presentatio n frequencie s one ,  two ,  an d zero . 

Ther e wa s a  sequenc e o f  5  study-tes t  blocks .  I n eac h 
stud y block ,  th e buildin g descriptions ,  eac h wit h a  categor y 
label ,  wer e presente d individually ,  fo r  6  s  each .  A  sampl e 
descriptio n woul d be :  (Le e buildin g type .  Builder :  T  Jones , 
near  a  river,  ha s ga s centra l  heating ,  Surveyor :  R  Rawson , 
Photographer :  A  Ferraro ,  ha s steepl y angle d roof ,  ha s 
woode n furniture} .  Subject s wer e give n memorizatio n in -
sU-uctions .  Followin g eac h stud y bloc k wa s a  tes t  block ,  i n 

whic h subject s wer e aske d t o categoriz e 4 0 singl e features , 
i n th e D o e o r  Le e categories .  Thes e tes t  item s include d 2 4 
individuatin g features ,  8  critica l  feature s ( 4 presente d once , 
2 presente d twice,  an d 2  no t  presented) ,  an d 8  filler  feature s 
(sam e distributio n a s critica l  features) . 

Tabl e 1 .  Critica l  an d filler  feature s fo r  buildin g stimuli . 

Critical Features 
has steepl y angle d roof ,  ha s a  flat  roo f 
has woode n furniture ,  ha s meta l  furnitur e 
has a n interestin g structure ,  ha s a  repetitiv e structur e 
ol d building ,  n e w buildin g 
quie t  building ,  bus y buildin g 
li t  b y candles ,  li t  b y fluorescent  ligh t 
ornatel y decorated ,  blandl y decorate d 
buil t  wit h stone ,  buil t  wit h meta l  an d concret e 

Sample Filler Features 
near  a  bu s station ,  no t  nea r  a  bu s statio n 
designe d b y a  loca l  architect , 
designe d b y a n internationa l  architec t 
has ga s centra l  heating ,  ha s electri c centra l  heatin g 

R e s u l t s a n d D i s c u s s i o n 

Initia l  analyse s di d no t  revea l  an y significan t  difference s 

betwee n presentatio n frequenc y 1  an d presentatio n fre -
quenc y 2 ;  therefor e th e result s wer e poole d ove r  thes e tw o 

presentatio n frequencies .  Th e averag e proportion s correc t 

ar e show n i n Figur e 1 .  T h e to p pane l  show s response s t o 
feature s tha t  ha d bee n presente d durin g th e stud y blocks . 

Overall ,  ther e i s a  tren d fo r  performanc e t o improv e ove r 

blocks .  Althoug h ther e i s n o differenc e betwee n critica l  an d 
filler  feature s i n th e first  block ,  th e differenc e betwee n th e 
tw o kind s o f  features ,  tha t  is ,  th e ga p betwee n lines ,  widen s 

afte r  th e first  block ,  suggestin g increase d facilitatio n o n 
critica l  feature s ove r  th e cours e o f  learning .  T h e botto m 
pane l  show s response s t o th e feature s tha t  ha d no t  bee n pre -

sente d a t  all .  Response s t o filler  feature s essentiall y  repre -
sen t  chanc e responding .  Th e response s t o critical ,  non -
presente d feature s ar e mor e interesting .  Eve n thoug h thes e 

feature s wer e neve r  presente d i n stud y blocks ,  categorizatio n 

performanc e clearl y improve d fro m th e first  bloc k t o th e 
fifth  block ,  suggestin g a n increasin g influenc e o f  knowledge . 

Th e result s wer e analyze d wit h a  three-wa y A N O V A wit h 
block ,  featur e typ e (critica l  o r  filler),  an d presentatio n (ob -
serve d o r  no t  observed )  entere d a s variables .  Eac h o f  th e 
variable s ha d statisticall y significan t  mai n effects ,  an d like -
wis e eac h o f  th e two-wa y interaction s wer e significant .  Per -
hap s th e mos t  importan t  interactio n wa s th e featur e typ e b y 
bloc k interaction ,  supportin g th e observatio n tha t  th e differ -
enc e betwee n critica l  an d filler  feature s increase d acros s 
blocks . 

Finally ,  performanc e o n th e individuatin g feature s in -
crease d steadil y fro m 5 1 % correc t  i n bloc k 1  t o 5 9 % i n 
bloc k 5 ,  suggestin g tha t  subject s wer e devotin g increase d 
resource s t o learnin g th e name s o n late r  blocks ,  a s th e othe r 
feature s wer e bette r  learned . 
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Th e ke y resul t  i n thi s experimen t  wa s tha t  subject s wer e 
increasingl y influence d b y backgroun d knowledg e ove r  th e 
cours e o f  learning .  O n e sourc e o f  evidenc e fo r  increasin g 
influence s o f  knowledg e i s th e result s fo r  presente d features . 
Ther e wa s n o differenc e i n classificatio n accurac y fo r  criti -
cal  an d filler  feature s afte r  th e first  trainin g block ,  bu t  b y th e 
en d o f  th e secon d bloc k subject s ha d apparentl y retrieve d 
prio r  knowledg e tha t  facilitate d performanc e o n critica l  fea -
ture s compare d t o filler  features .  Realizin g tha t  th e D o e 
building s ar e church-lik e an d th e Le e building s ar e lik e of -
fice  buildings ,  fo r  example ,  woul d hel p answe r  question s 
abou t  critica l  feature s bu t  no t  filler  features .  Althoug h per -
formanc e o n critica l  an d filler  feature s continue d t o improv e 
ove r  th e cours e o f  learning ,  th e advantag e fo r  critica l  fea -
ture s wa s persistent .  Th e othe r  sourc e o f  evidenc e fo r 
change s i n knowledg e effect s i s th e judgment s o n non -
presente d critica l  features .  Subject s wer e neve r  tol d th e 
correc t  categor y fo r  thes e feature s durin g trainin g blocks . 
Th e onl y w a y t o classif y thes e feature s correctl y wa s o n th e 
basi s o f  genera l  knowledg e abou t  buildings .  Performanc e o n 
non-presente d critica l  feature s improve d ove r  th e cours e o f 
learning ,  suggestin g tha t  subject s wer e increasingl y relyin g 
on appropriat e knowledg e fo r  makin g judgment s abou t 
thes e features . 

BUILDINGS 
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2 3 
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Figur e 1 .  Result s o f  experiment . 

O ne surprisin g resul t  wa s th e lac k o f  differenc e betwee n 
feature s presente d onc e pe r  bloc k an d feature s presente d 
twic e pe r  block .  Fo r  bot h critica l  an d filler  features ,  w e di d 
not  find  an y statisticall y significan t  differenc e i n judgment s 
fo r  th e tw o level s o f  presentation .  I t  i s  temptin g t o relat e 
thi s finding  t o Murph y an d Allopenn a (1994) ,  w h o als o 
foun d lo w sensitivit y t o frequency .  Informa l  debriefin g o f 
subject s suggeste d t o u s tha t  becaus e eac h description ,  con -
tainin g eigh t  piece s o f  information ,  onl y appeare d fo r  6  s , 
ther e m a y hav e bee n som e strategi c scannin g o f  information . 
For  example ,  i n eac h bloc k som e subject s migh t  hav e looke d 
fo r  feature s tha t  ha d no t  alread y bee n presente d i n tha t 
block ,  henc e overlookin g a  secon d presentation . 

Putting Knowledge into Neural Networks 

Next  w e se t  ou t  t o develo p an d appl y a  computationa l  mode l 
tha t  coul d addres s knowledg e selection .  W e chos e t o wor k 
withi n th e framewor k o f  neura l  networ k o r  connectionis t 
model s becaus e the y provid e suc h a  rich  descriptiv e frame -
work .  Tha t  is ,  th e complexit y o f  connectionis t  model s pro -
vide s man y opportunitie s fo r  describin g distinctiv e effect s o f 
knowledg e o n learning ,  a s wel l  a s a n appropriat e framewor k 
fo r  describin g th e dynamic s o f  learning .  Also ,  ther e ha s 
alread y bee n a  grea t  dea l  o f  researc h o n differen t  way s o f 
puttin g knowledg e int o neura l  networks .  Befor e w e presen t 
our  o w n model ,  w e revie w som e o f  thi s pas t  work . 

A usefu l  framewor k fo r  discussin g prio r  knowledg e i n 
neura l  network s ha s bee n develope d b y G e m a n ,  Bienenstoc k 
and Doursta t  (1992) ,  w h o demonstrate d tha t  th e generaliza -
tio n erro r  whe n learnin g a  concep t  ca n b e broke n dow n int o 
a bia s componen t  an d a  varianc e component .  Model s tha t 
rel y heavil y o n prio r  assumption s abou t  th e data ,  e.g. ,  havin g 
architectura l  constraint s tha t  favo r  a  particula r  conceptua l 
structure ,  ca n lea d t o a  hig h bia s component ,  tha t  i s  th e 
model  ca n persistentl y fai l  t o captur e aspect s o f  th e targe t 
concep t  whic h d o no t  mee t  it s prio r  assumptions .  O n th e 
othe r  hand ,  model s tha t  d o no t  m a k e stron g assumption s 
abou t  th e concep t  t o b e learne d ca n sho w a  hig h varianc e 
component ,  tha t  i s  the y wil l  b e easil y swaye d b y nois e i n 
trainin g samples .  Therefor e a  mode l  withou t  man y assump -
tion s coul d requir e a n excessivel y larg e trainin g sampl e t o 
achiev e goo d generalization .  Further ,  reducin g on e typ e o f 
erro r  frequentl y i s accompanie d b y a n increas e i n th e othe r 
typ e o f  error ,  leadin g t o wha t  G e m a n a t  al .  referre d t o a s th e 
bias-varianc e dilemma .  T o reduc e generalizatio n error ,  bot h 
bia s an d varianc e mus t  b e reduced .  W e nex t  revie w a  num -
ber  o f  learnin g algorithm s tha t  ar e aime d a t  reducin g gener -
alizatio n error ,  keepin g i n min d th e nee d t o minimiz e th e 
number  o f  trainin g example s a s well . 

O ne metho d fo r  reducin g th e numbe r  o f  example s re -
quire d fo r  goo d generalizatio n i s t o introduc e "hints "  int o 
neura l  network s (e.g. ,  Abu-Mostafa ,  1995) .  Hint s ar e gen -
era l  propertie s o f  a  clas s o f  targe t  concepts ,  independen t  o f 
th e specifi c  detail s o f  th e trainin g data .  Hint s ar e introduce d 
int o th e networ k b y presentin g "virtua l  examples "  o f  th e 
hint ,  an d alterin g th e erro r  functio n t o incorporat e a  ter m fo r 
th e hint .  Anothe r  approac h t o prio r  knowledg e i s t o inser t 
biase s directl y int o neura l  network s b y artificiall y  settin g th e 
weight s befor e learnin g begins .  Thi s approac h ha s bee n 
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take n by ,  fo r  example ,  Gile s an d Omli n (1993) ,  whos e 
metho d wa s t o inser t  transitio n rule s int o recurren t  neura l 
network s tha t  learne d artificia l  grammars .  K n o w n transi -
tion s wer e buil t  int o th e networ k an d the n unknow n transi -
tion s wer e learne d fro m th e data . 

Doe Lee 

Churc h Offic e 

FO F1 F2 CO C I C2 

Figur e 2 .  Th e Baywatc h model . 

Anothe r  wa y t o buil d i n prio r  knowledg e i s b y varyin g th e 
networ k architecture ,  t o allo w th e networ k t o hav e sufficien t 
representationa l  powe r  t o captur e th e underlyin g concept , 
but  als o avoi d fittin g th e nois e i n th e data .  Thi s goa l  i s  an -
othe r  wa y o f  lookin g a t  th e bias-varianc e di lemma- a net -
wor k tha t  i s  to o smal l  lead s t o a  hig h bias ,  bu t  a  networ k tha t 
i s to o larg e lead s t o hig h varianc e (an d fittin g th e noise) . 
Constructiv e network s (e.g. ,  Prechelt ,  1997 )  expan d thei r 
architectur e durin g learning ,  allowin g th e complexit y o f  th e 
networ k t o increas e a s th e dat a suggest s it .  Destructiv e net -
works ,  o n th e othe r  hand ,  star t  of f  wit h a n exces s o f  hidde n 
unit s an d the n prun e of f  th e hidde n unit s whic h ar e no t  use -
fu l  (e.g. ,  Moze r  &  Smolensk y 1989) . 

Rathe r  tha n varyin g th e networ k architectur e ove r  th e 
cours e o f  learning ,  a  differen t  approac h i s t o emplo y mor e 
tha n on e architectur e withi n a  mixe d network ,  an d allo w th e 
networ k itsel f  t o lear n whic h o f  th e architecture s i s bes t  fo r  a 
particula r  problem .  A n exampl e o f  thi s approac h i s th e 
mixture-of-expert s networ k (e.g. ,  Jacobs ,  Jordan ,  &  Barto , 
1991) .  Jacob s e t  al .  use d a  mixe d network ,  wit h thre e mod -
ule s havin g differen t  structure s (n o hidde n units ,  med iu m 
number  o f  hidde n units ,  an d a  hig h number) .  I n effect ,  eac h 
modul e too k a  differen t  approac h t o th e bias-varianc e di -
lemma,  wit h th e simples t  networ k bein g mos t  constraine d i n 
term s o f  wha t  i t  coul d lear n an d th e networ k wit h man y hid -
den unit s bein g mos t  sensitiv e t o variatio n i n a  trainin g sam -
ple .  Th e networ k wa s traine d t o perfor m tw o tasks ,  an d i t 
learne d t o allocat e th e modul e withou t  hidde n unit s t o th e 
simple r  tas k whil e i t  allocate d on e o f  th e module s wit h hid -
den unit s t o th e mor e comple x task .  W e se e th e mixture-of -
expert s approac h a s comin g clos e t o th e Bayesia n ide a o f 
startin g wit h multipl e hypothese s the n selectin g amon g the m 
base d o n th e data . 

T h e Baywatc h M o d e l 

Our  ow n approac h t o th e knowledg e selectio n proble m ha s 
some parallel s t o th e mixture-of-expert s architecture ,  bu t 
instea d o f  usin g module s wit h differen t  structures ,  w e use d 
module s wit h differen t  pool s o f  pre-traine d knowledge . 
Therefor e ou r  metho d als o ha s som e relation s t o technique s 
tha t  inser t  prio r  knowledg e directl y int o networks .  Ou r 
model ,  illustrate d i n Figur e 2 ,  ca n b e describe d a s havin g 
one modul e o r  se t  o f  weight s fo r  strictl y empirica l  learning . 
Thes e weight s d o no t  ge t  an y pre-training .  The n th e mode l 
als o ha s a  se t  o f  expert s whic h ar e pre-traine d t o recogniz e 
differen t  know n categories .  Fo r  example ,  a  networ k fo r 
learnin g abou t  building s migh t  hav e expert s whic h ca n rec -
ogniz e differen t  kind s o f  building s suc h a s churches ,  offic e 
blocks ,  restaurants ,  an d schools .  (Onl y tw o o f  thes e exper t 
module s ar e illustrated. )  W e refe r  t o thi s mode l  a s th e Bay -
watc h mode l  becaus e i t  combine s a  genera l  Bayesia n ap -
proac h t o selectin g amon g multipl e source s o f  prio r  knowl -
edg e wit h a n empirica l  learnin g component . 

The Baywatc h mode l  i s a  feedforwar d networ k wher e th e 
inpu t  unit s represen t  th e individua l  feature s an d th e outpu t 
unit s represen t  th e D o e an d Le e categor y nodes .  Th e tw o 
hidde n unit s correspon d t o tw o exper t  modules ,  o r  prio r 
knowledg e categor y node s (P K nodes) .  Th e inpu t  unit s o n 
th e lef t  sid e o f  Figur e 2  represen t  fille r  features ,  an d th e in -
put  o n th e right  sid e represen t  th e critica l  features .  Th e dif -
ferenc e betwee n th e tw o type s o f  feature s i s tha t  th e fille r 
feature s ar e onl y connecte d t o th e outpu t  nodes ,  wherea s th e 
critica l  feature s ar e connecte d bot h directl y t o th e outpu t 
node s an d indirectl y t o th e outpu t  node s vi a th e P K nodes . 
Th e connection s betwee n th e critica l  feature s an d th e P K 
node s hav e fixed ,  pre-leame d weights ,  s o tha t  value s o f 
critica l  feature s o f  th e stimul i  tha t  correspon d t o churc h 
feature s woul d activat e th e churc h P K node ,  an d likewis e 
critica l  feature s o f  th e stimul i  tha t  correspon d t o office s 
woul d activat e th e offic e P K node .  Th e P K node s hav e 
threshol d functions ,  s o tha t  i f  an y churc h feature ,  say , 
steepl y angle d roof ,  i s  presented ,  the n th e churc h P K nod e 
wil l  b e activated .  Th e activatio n fro m th e P K nod e woul d 
the n b e propagate d t o th e outpu t  units . 

I n contras t  t o th e connectio n weight s betwee n th e critica l 
feature s an d th e P K nodes ,  th e othe r  weight s i n th e networ k 
ar e leamabl e throug h gradien t  descent .  Adjustin g th e 
weight s fro m fille r  unit s an d th e critica l  unit s t o th e outpu t 
unit s allow s th e feature s t o b e associate d wit h th e categor y 
node s i n th e empirica l  learnin g module .  Finally ,  ther e ar e 
adjustabl e weight s betwee n th e P K node s an d th e categor y 
nodes .  Thes e represen t  th e subject' s capacit y t o associat e 
know n categories ,  sa y churche s an d offic e blocks ,  wit h th e 
ne w categories .  D o e an d Le e buildings .  W e se e thi s par t  o f 
th e networ k a s addressin g (a t  leas t  i n part )  th e knowledg e 
selectio n problem ,  becaus e her e th e networ k i s learnin g t o 
selec t  fro m alread y know n categorie s an d appl y thi s knowl -
edg e t o judgment s abou t  ne w categories .  (Se e Hei t  an d Bott , 
1999 ,  fo r  furthe r  detail s o f  th e mode l  an d simulations. ) 
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Figur e 3 .  Result s o f  simulations . 

Simulations 

Th e networ k wa s traine d fo r  a  tota l  o f  1 0 blocks ,  wit h th e 
learnin g rat e i n th e delt a rul e se t  a t  0. 1 an d th e activatio n o n 
eac h categor y nod e converte d t o a  probabilit y  usin g a  logis -
ti c  transformation .  Th e trainin g stimul i  consiste d o f  fou r 
example s o f  buildings ,  tw o D o e exemplar s an d tw o Le e ex -
emplars .  Followin g eac h trainin g block ,  th e networ k wa s 
teste d o n th e individua l  feature s b y presentin g a  vecto r  o f  al l 
zeroe s excep t  fo r  th e particula r  featur e o f  interest ,  whic h ha d 
a valu e o f  eithe r  + 1 o r  -1 .  Th e result s o f  th e simulation s ar e 
displaye d i n Figur e 3 .  Th e to p pane l  show s prediction s fo r 
presente d features ,  wit h th e prediction s fo r  feature s pre -
sente d onc e pe r  bloc k an d feature s presente d twic e pe r  bloc k 
poole d together .  Th e botto m pane l  show s prediction s fo r 
feature s tha t  ha d no t  bee n presente d durin g training .  Th e 
prediction s fit  wel l  wit h th e mai n result s o f  th e experiment . 
Critica l  feature s wer e learne d mor e quickl y tha n fille r  fea -
tures ,  an d critica l  feature s tha t  hadn' t  bee n presente d wer e 
responde d t o mor e accuratel y tha n chance ,  wherea s filler 
feature s whic h hadn' t  bee n presente d wer e a t  chanc e level . 

T o provid e a  bette r  ide a o f  h o w th e Baywatc h mode l  use s 
prio r  knowledge ,  w e re-ra n th e simulation s withou t  an y P K 
nodes .  I n Figur e 4 ,  w e sho w prediction s o n presente d items , 

comparin g version s o f  th e mode l  wit h an d withou t  prio r 
knowledge .  Fo r  critica l  features ,  i n th e to p panel ,  i t  ca n b e 
see n directl y tha t  prio r  knowledg e doe s no t  hav e an y influ -
enc e initiall y o n judgments ;  th e mode l  act s th e sam e wa y 
wit h o r  withou t  P K nodes .  However ,  th e beneficia l  effec t  o f 
prio r  knowledg e fo r  critica l  feature s increase s ove r  th e 
cours e o f  learning ,  a s th e networ k wit h P K node s leam s 
whic h categorie s t o connec t  wit h it s prio r  knowledge .  I n th e 
botto m pane l  o f  Figur e 4 ,  ther e i s evidenc e fo r  a  sligh t  det -
rimenta l  effec t  o f  prio r  knowledg e o n th e learnin g o f  filler 
features .  Thi s resul t  ca n b e explaine d a s a  kin d o f  overshad -
owin g effect ,  i n whic h knowledg e o f  som e highl y predictiv e 
cue s ca n reduc e learnin g o n othe r  predictiv e cues . 

O ne differenc e betwee n th e model' s prediction s an d sub -
jects '  performanc e i s tha t  th e mode l  doe s predic t  mor e accu -
rat e judgment s fo r  feature s presente d twic e pe r  bloc k com -
pare d t o feature s presente d onc e pe r  block .  I n contrast ,  ther e 
was n o significan t  differenc e betwee n thes e tw o level s o f 
presentatio n i n th e experiments .  Thi s insensitivit y t o fre -
quenc y coul d b e a n importan t  aspec t  o f  concep t  learnin g i n 
knowledge-ric h domain s bu t  o n th e othe r  han d i t  coul d jus t 
reflec t  subjects '  readin g strategie s i n thi s experiment .  There -
for e furthe r  experimenta l  stud y i s required . 

Conclusion 

H o w wel l  woul d th e Baywatc h mode l  scal e up ? Th e simu -
lation s wer e ru n wit h jus t  tw o source s o f  prio r  knowledg e 
(i.e. ,  churche s an d offic e blocks )  an d th e networ k wa s abl e 
t o lin k u p thes e tw o source s wit h th e correc t  outpu t  catego -
ries .  D o e an d Lee .  Bu t  peopl e woul d obviousl y hav e a  muc h 
large r  numbe r  o f  know n categorie s whe n facin g th e knowl -
edg e selectio n problem ,  du e t o larg e number s o f  know n 
kind s o f  buildings .  I n general ,  w e thin k th e mode l  migh t 
scal e u p well ,  i n term s o f  addin g mor e prio r  knowledg e 
nodes .  I t  i s  usefu l  t o distinguis h thre e differen t  classe s o f 
P K node s tha t  migh t  b e adde d t o th e networ k i n Figur e 2 ,  i n 
additio n t o th e churc h an d offic e nodes . 

First ,  irrelevan t  prio r  knowledg e node s migh t  b e added , 
whic h hav e littl e o r  n o connectio n t o th e inpu t  stimuli .  Fo r 
example ,  ther e coul d b e prio r  knowledg e node s fo r  spac e 
stations ,  igloos ,  tents ,  an d cav e dwellings ,  adde d t o th e net -
work ,  bu t  thes e node s woul d b e hardl y activate d b y th e in -
puts .  Therefore ,  addin g P K node s tha t  ar e irrelevan t  t o th e 
stimul i  woul d no t  affec t  th e result s o f  th e simulation s ver y 
much. 

Second ,  additiona l  P K node s tha t  ar e simila r  t o th e exist -
in g P K node s migh t  b e included .  Fo r  example ,  a  P K nod e 
correspondin g t o cathedral s woul d entai l  muc h o f  th e sam e 
connection s t o input s a s th e churc h node .  Puttin g i n addi -
tiona l  bu t  simila r  P K node s woul d enhanc e th e prio r  knowl -
edg e effect s bu t  i t  woul d no t  reall y chang e thei r  nature .  Jus t 
as addin g th e P K nod e fo r  churche s helpe d performanc e o n 
critica l  feature s o f  churches ,  relativ e t o a  straightforwar d 
empirica l  learnin g networ k (se e Figur e 4) ,  addin g anothe r 
P K nod e fo r  cathedral s woul d hel p eve n further .  Paradoxi -
cally ,  ther e i s n o knowledg e selectio n proble m here ,  fro m 
addin g anothe r  simila r  P K node .  T o th e exten t  tha t  source s 
of  prio r  knowledg e ar e mutuall y supporting ,  havin g multipl e 
source s o f  prio r  knowledg e nee d no t  har m performance . 
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Prediction s o f  mode l  wit h an d withou t  prio r 

Third ,  "malicious "  prio r  knowledg e node s coul d b e adde d 
t o th e network ,  fo r  example ,  prio r  knowledg e abou t  som e 
kin d o f  buildin g tha t  i s  half-churc h an d half-offic e block . 
Such P K node s tha t  ar e intermediat e betwee n th e Do e an d 
Lee categorie s migh t  reduc e th e benefit s o f  prio r  knowledg e 
or  eve n lea d t o cost s du e t o knowledge ,  becaus e the y coul d 
make i t  mor e difficul t  t o distinguis h betwee n th e tw o catego -
ries. 

More generally ,  w e se e th e knowledg e selectio n proble m 
as havin g man y facets .  Certainl y on e o f  the m i s tha t  whe n 
learnin g abou t  nove l  categories ,  a  learne r  woul d nee d t o lin k 
up knowledg e o f  familia r  categorie s wit h judgment s abou t 
tli e nove l  categories .  Th e Baywatc h mode l  seem s t o addres s 
thi s aspec t  o f  knowledg e selection ,  i n term s o f  th e gradua l 
selectio n o f  prio r  knowledg e node s t o us e fo r  a  particula r 
nove l  outpu t  category .  I n contrast ,  th e prio r  knowledg e i n 
term s o f  connection s fro m inpu t  unit s t o P K node s i s fixed  a t 
th e star t  o f  th e simulations .  I t  i s assume d tha t  thes e connec -
tion s woul d hav e bee n alread y learne d throug h ordinar y as -
sociativ e processes ,  s o tha t  th e networ k ca n mor e o r  les s 
instantl y recogniz e churc h o r  offic e buildings .  However , 

ther e coul d b e som e gradua l  aspect s o f  knowledg e activatio n 
or  retrieva l  tha t  ar e no t  capture d b y th e model .  I t  coul d b e 
th e cas e tha t  someho w th e connection s betwee n inpu t  unit s 
and P K node s woul d b e learne d ove r  th e cours e o f  makin g 
observations ,  s o tha t  th e recognitio n o f  relevan t  categorie s i n 
prio r  knowledg e woul d no t  b e instantaneou s whe n a  singl e 
observatio n i s  made .  Thi s aspec t  o f  knowledg e selectio n 
migh t  b e studie d mor e directly ,  fo r  exampl e b y showin g 
subject s a  serie s o f  trainin g example s an d askin g the m t o 
judg e directl y whic h familia r  categorie s ar e relate d t o thes e 
stimuli . 
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