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U s i n g C o g n i t i v e B iase s t o G u i d e F e a t u r e Se t  Select io n 

Clair e Cardie * 

Departmen t  o f  Compute r  Scienc e 
Universit y  o f  Massachusett s 

Amherst ,  M A 0100 3 
cardie@cs.umass.ed u 

Abstrac t 

Althoug h learnin g i s a  cognitiv e task ,  machin e 
learnin g algorithms ,  i n general ,  fai l  t o tak e advantag e 
of  existin g psychologica l  limitations .  I n thi s paper , 
we us e a  learnin g tas k fro m th e fiel d o f  natura l 
languag e processin g an d examin e thre e well-know n 
cognitiv e biase s fo r  huma n informatio n processing : 
1)  th e tendenc y t o rel y o n th e mos t  recen t 
information ,  2 )  th e heightene d accessibilit y o f  th e 
subjec t  o f  a  sentence ,  an d 3 )  shor t  ter m memor y 
limitations .  I n a  serie s o f  experiments ,  w e modif y a 
baselin e instanc e representatio n i n respons e t o thes e 
limitation s an d sho w tha t  th e overal l  performanc e o f 
th e learnin g algorith m improve s a s increasingl y mor e 
cognitiv e biase s an d limitation s ar e explicitl y 
incorporate d int o th e instanc e representation . 

Introduction 

Inductive concept acquisition has always been of 
primar y interes t  fo r  researcher s i n th e field  o f  machin e 
learning .  I n thi s task ,  a  syste m typicall y learn s on e o r 
more concept s b y analyzin g a  se t  o f  example s (an d 
possibl y counterexamples )  o f  th e concepts .  I n fact ,  a 
number  o f  system s fo r  th e acquisitio n o f  concept s 
no w exis t  (e.g. ,  ID 3 (Quinlan ,  1979) ,  A R C H 
(Winston ,  1975) ,  C O B W EB (Fisher ,  1987) , 
U N I M EM (Lebowitz ,  1987)).Independently , 
psychologists ,  psycholinguists ,  an d cognitiv e 
scientist s hav e examine d th e effect s o f  numerou s 
psychologica l  limitation s o n huma n informatio n 
processing .  However ,  despit e th e fac t  tha t  concep t 
learnin g i s a  basi c cognitiv e task ,  mos t  machin e 
learnin g system s fo r  concep t  formatio n fai l  t o exploi t 
thes e limitation s an d m a k e n o attemp t  t o mode l 
human concep t  learning . 

*Thi s researc h wa s supporte d b y th e Offic e o f  Nava l 
Research ,  unde r  a  Universit y Researc h Initiativ e 
Grant ,  Contrac t  No .  N00014-86-K-0764 ,  N S F 
Presidentia l  Youn g Investigator s Awar d NSFIST -
835186 3 awarde d t o Wend y Lehnert ,  an d th e Advance d 
Researc h Project s Agenc y o f  th e Departmen t  o f 
Defens e monitore d b y th e Ai r  F w c e Offic e o f 
Scientifi c  Researc h unde r  Contrac t  No .  F4%20-88-C -
0058 . 

I n thi s paper ,  w e sho w tha t  th e explici t  encodin g o f 
know n cognitiv e biase s int o th e trainin g instanc e 
representatio n ca n improv e th e performanc e o f  th e 
learnin g algorith m fo r  cognitively-base d learnin g 
tasks .  Mor e specifically ,  w e us e a  well-know n 
concep t  acquisitio n syste m an d focu s o n a  singl e 
learnin g tas k fro m th e fiel d o f  natura l  languag e 
processin g (NLP) .  Afte r  trainin g th e syste m usin g a 
baselin e instanc e representation ,  w e modif y th e 
representatio n i n respons e t o thre e cognitiv e biases : 
1)  th e tendenc y t o rel y o n th e mos t  recen t 
information ,  2 )  th e heightene d accessibilit y o f  th e 
subjec t  o f  a  sentence ,  an d 3 )  shor t  ter m m e m o r y 
limitations .  Eac h modificatio n explicitl y  incorporate s 
one o r  mor e cognitiv e biase s int o th e featur e set .  I n a 
serie s o f  experiments ,  w e compar e eac h o f  th e 
modifie d instanc e representation s t o th e baseline . 

Finding the Antecedents of Relative 

Pronoun s 

Although the use of cognitive biases to guide feature 
set  selectio n i s a  domain-independen t  technique ,  w e 
wil l  us e a  learnin g tas k fro m N L P t o illustrat e th e 
performanc e o f  th e techniqu e throughou t  th e paper . 
Our  tas k fo r  th e machin e learnin g syste m i s th e 
following :  Give n a  sentenc e wit h th e relativ e 
pronoun"who, "  lear n t o recogniz e th e phras e o r 
phrase s tha t  represen t  th e relativ e pronoun' s 
antecedent .  (Note :  Thi s pape r  focuse s onl y o n th e 
techniqu e wit h respec t  t o machin e learnin g issues . 
For  a  detaile d discussio n o f  th e viabilit y o f  thi s 
approac h fo r  th e disambiguatio n o f  relativ e pronoun s 
fro m th e N L P perspective ,  se e (Cardie ,  1992a )  an d 
(Cardie ,  1992b)) .  Findin g th e antecedent s o f  relativ e 
pronoun s i s a  crucia l  tas k fo r  natura l  languag e 
system s becaus e th e anteceden t  mus t  mad e availabl e 
t o th e subsequen t  claus e wher e i t  implicitl y  fill s th e 

acto r  O T objec t  roles. ^  Conside r  th e followin g 
example : 

Igor shook hands with the skater who 
beat  hi m i n th e race . 

Î n practice ,  th e anteceden t  o f  " w h o "  sometime s fills 
semanti c role s othe r  tha n th e acto r  o r  objec t 
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A correc t  semanti c interpretatio n o f  thi s sentenc e 
shoul d includ e th e fac t  tha t  "th e skater "  i s  th e acto r  o f 
"beat "  eve n thoug h th e phras e doc s no t  appea r  i n th e 
embedded clause .  Onl y afte r  th e natura l  languag e 
syste m associate s "th e skater "  wit h " w h o "  ca n i t 
make thi s inference .  Locatin g th e anteceden t  o f  "who " 
m ay initiall y  appea r  t o b e a n eas y proble m becaus e 
th e anteceden t  ofte n immediatel y precede s th e wor d 
"who. "  Unfortunately ,  thi s i s no t  alway s th e cas e a s 
show n i n S I  an d S 2 o f  Figur e 1 .  Eve n whe n th e 
anteceden t  doe s immediatel y preced e th e relativ e 
[KXMioun ,  i t  doe s no t  appea r  i n a  consisten t  syntacti c 
constituent .  I n S3 ,  fo r  example ,  th e anteceden t  i s 
th e subjec t  o f  th e precedin g clause ;  i n S4 ,  i t  i s th e 
direc t  object ;  i n S5 ,  i t  i s  th e objec t  o f  a  preposition . 
Furthermore ,  th e anteceden t  o f  " w h o "  ma y contai n 
mor e tha n on e phrase .  I n S6 ,  fo r  example ,  th e 
anteceden t  i s a  conjunctio n o f  thre e phrase s an d i n S7 , 
eithe r  "ou r  sponsOTs "  o r  it s  appositiv e "Gatorad e an d 
G E"  i s a  semanticall y vali d anteceden t  Occasionally , 
ther e i s n o apparen t  anteceden t  a t  al l  (e.g. ,  S8) . 

SI .  Th e woma n from  Philadelphi a wh o playe d socce r 
was m y sister . 

SZ I  spok e t o th e ma n i n th e blac k shir t  an d gree n 
hat  ove r  i n th e fa r  come r  o f  th e room  wh o 
demanded t o mee t  th e skiers . 

S3.  Th e skate r  wh o wo n th e meda l  wa s fro m Japan . 
S4.  I  sa w th e skate r  wh o wo n th e medal . 
SS.  Igo r  at e dinne r  wit h th e skate r  wh o wo n th e 

medal . 
S6.  T d lik e Vorhaii k Nike ,  Reebok ,  an d Adidas ,  wh o 

provide d th e unifonns . 
S7.  Tdlik e t o thank ,  ou r  sponsors .  Gatorad e an d GE , 

who provid e fmancia l  suppor t 
SS.  W e wondere d wh o woul d wi n th e race . 

Figur e 1 ;  Antecedent s o f  " w h o " 

De^ite these ambiguities, we will describe how a 
machin e learnin g syste m ca n lear n t o locat e th e 
anteceden t  o f  " w h o "  give n a  descriptio n o f  th e claus e 
tha t  precede s i t  I n effect ,  w e ar e teachin g th e syste m 
t o recogniz e th e "relativ e pronou n antecedent " 
concep t  M o r e importantly ,  w e wil l  sho w tha t 
performanc e o f  th e learnin g syste m improve s a s th e 
instanc e descriptio n explicitl y  encode s increasingl y 
mor e cognitiv e limitation s an d cognitiv e biases . 

COBWEB and the Representation of 

Trainin g Instance s 

For our experiments we chose COBWEB (Fisher, 
1987 )  -  a  well-know n concep t  formatio n syste m tha t 
i s on e o f  a  relativel y smal l  numbe r  o f  concep t 
acquisitio n system s designe d t o mode l  som e aspect s 

of  huma n concep t  learning. ^  Give n a  se t  o f  trainin g 
instances ,  C O B W EB discover s a  classificatio n schem e 
tha t  cover s th e instances .  Instea d o f  formin g concqit s 
at  a  singl e leve l  o f  abstraction ,  however ,  C O B W EB 
organize s instance s int o a  classiflcatio n hierarch y 
wher e leave s represent  instance s an d interna l  node s 
represent  concept s tha t  increas e i n generalit y a s the y 
approac h th e roo t  o f  th e tree .  I n addition , 
C O B W E B 'S constructio n o f  th e hierarch y i s 
cognitivel y economica l  i n tha t  ne w object s ar e 
incrementall y adde d t o th e hierarch y a s the y arrive . 
T o evaluat e th e concept s i t  creates ,  C O B W EB 
employ s th e categor y utilit y  metri c (Gluck ,  & 
Cortcr ,  1985 )  -  a  measur e develope d i n psychologica l 
studie s o f  basi c leve l  categories . 

COBWEB takes as input a set of training instances 
describe d a s a  lis t  o f  attribute-valu e pairs .  Becaus e 
th e anteceden t  o f  a  relative  pronou n usuall y appear s a s 
on e o r  mor e phrase s i n th e claus e precedin g "who, " 
th e attribute-valu e pair s i n eac h trainin g cas e represent 
th e constituent s tha t  preced e "who. "  A t  firs t  glance , 
i t  m a y see m tha t  onl y syntacti c informatio n need s t o 
be encoded .  However ,  findin g th e anteceden t  o f  a 
relative  pronou n actuall y require s th e assimilatio n o f 
syntacti c an d semanti c knowledge .  Fo r  thi s reason , 
eac h constituen t  attribute-valu e pai r  take s th e 
followin g form : 

• The attribute describes the syntactic class and 
positio n o f  th e phrase . 

• The value provides its semantic 
classification . 

Consider, for example, the sentences in Figure 2. In 
th e trainin g instanc e fo r  SI ,  w e represent  "th e man " 
wit h th e attribute-valu e pai r  ( s human )  becaus e i t  i s 
th e subjec t  o f  th e sentenc e an d th e nou n "man "  i s 
human.  W e represent  "fro m Oklahoma "  wit h th e pai r 
(s-pp l  location )  becaus e i t  i s  th e firs t  prepositiona l 
phras e tha t  follow s th e subjec t  an d "Oklahoma "  i s a 
location .  Al l  nou n phrase s ar e describe d b y on e o f 
seve n genera l  semanti c features :  human ,  proper-name , 
location ,  entity ,  physical-target ,  organization ,  an d 

weapon. ^  W h e n clause s contai n conjunction s an d 
appositives ,  eac h phras e i n th e construc t  i s  labelle d 
separately .  I n S2 ,  fo r  example ,  th e rea l  direc t  objec t 
of  "thank "  i s  th e conjunctio n "Nik e an d Reebok, " 
However ,  i n ou r  instanc e representation,  "Nike "  i s 
tagge d a s th e direc t  objec t  (do )  an d "Reebok "  a s th e 

^Th e C O B W E B /3 syste m wa s provide d b y Kevi n 
Thompson ,  N A S A A m e s Researc h Center . 

^Thes e feature s ar e specifi c  t o th e domai n fro m whic h 
th e trainin g instance s wer e extracted .  A  differen t  se t 
woul d mos t  likel y b e i^uire d fo r  noun s i n a  differen t 
domain . 
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SI :  [Th e man )  [fro m Oklahoma ]  [, ]  wh o .. . 

\  I 
constituents :  (shuman)(s-pp i  location)(vnil ) 
antecedent :  (anteceden t  <(s)) ) 

S2:  [I ]  [thank ]  [Nike ]  [and ]  [Reebok ]  [. ]  wh o .. . 

constituents :  fshuma n )Tvl )  \*doproper-name ) 
(do-np l  proper-name ) 

antecedent :  (anteceden t  ({d o do-npl)) ) 

S3:  m [thank ]  [ou r  sponsor ]  [, ]  [GE ]  [, ]  wh o .. . 

constituents :  (shuman)(vt) (d o Jĵ ity ) 
(  do-np l  proper-nam e ) 

antecedent :  (  anteceden t  ((do-npl )  (d o do-npl )  (do) )  ) 

Figur e 2 :  Trainin g Case s 

first noun phrase that follows the direct object (do-

npl). ^  Fo r  ver b phrases ,  w e currentl y not e onl y th e 
presenc e o r  absenc e o f  a  ver b usin g th e value s t  an d 
nil ,  respectively . 

In addition to the constituent attribute-value pairs in 
ever y trainin g instance ,  w e includ e informatio n abou t 
th e correc t  anteceden t  i n th e for m o f  a n anteceden t 

attribute-valu e pair. ^  (Thi s featur e i s  labelle d 
"antecedent "  i n th e example s o f  Figur e 2. )  Th e valu e 
of  th e anteceden t  attribut e i s a  lis t  o f  th e constituen t 
attribute s tha t  represen t  th e locatio n o f  th e anteceden t 
or  (none )  i f  ther e i s n o apparen t  antecedent .  I n SI , 
fo r  example ,  th e anteceden t  o f  " w h o "  i s "th e man. " 
Becaus e thi s phras e appeare d a s th e subjec t  o f  th e 
previou s clause ,  th e valu e o f  th e anteceden t  attribut e 
i s  (s) .  Sometimes ,  however ,  th e anteceden t  i s 
actuall y a  conjunctio n o f  constituents .  I n thes e cases , 
we represen t  th e anteceden t  a s a  lis t  o f  th e constituen t 
attribute s associate d wit h eac h elemen t  o f  th e 

Î n a  separat e p£̂ )c t  (Cardie ,  1992a) ,  w e explai n thi s 
representationa l  decisio n i n mor e detail .  I n general , 
N LP system s d o no t  reliabl y handl e comple x 
conjunction s an d appositives .  The y can ,  however , 
accuratel y locat e lowe r  leve l  phrase s lik e individua l 
nou n phrases ,  verbs ,  an d {n-epositiona l  phrases .  A s a 
result ,  w e le t  th e th e machin e learnin g syste m 
recogniz e conjunction s an d appositive s an d allo w th e 
N LP syste m tha t  generate s th e trainin g instance s t o 
ignor e thes e tasks . 

^ C O B W EB i s designe d t o perfor m unsupCTvise d 
learning .  However ,  man y implication s o f  C O B W E B, 
includin g ou r  own ,  encod e pseudo-supervisor y 
information ,  i.e. ,  clas s information ,  a s par t  o f  th e 
instanc e representatio n (se e (Fisho- ,  1987)) . 

conjunction .  Look ,  fo r  example ,  a t  sentenc e S2 . 
Becaus e " w h o "  refer s t o th e conjunctio n "Nik e an d 
Reebok, "  th e anteceden t  i s describe d a s (d o do-npl) . 
S3 show s ye t  anothe r  variatio n o f  th e anteceden t 
attribute-valu e pair .  I n thi s example ,  a n appositiv e 
create s thre e semanticall y equivalen t  antecedents ,  al l 
of  whic h becom e par t  o f  th e anteceden t  feature :  1 ) 
" G E "  — (do-npl )  .  2 )  "ou r  sponsor" — (do) ,  an d 3 ) 
"ou r  sponsor ,  G E " — (d o do-npl) . 

Novel  instance : 
[It ]  [was ]  [th e hardliners ]  [i n Congress ]  who.. . 

\ \ 1 I 
( s entity )  ( v t )  (d o human )  (do-pp l  entity ) 

Anteceden t  o f  Retrieve d Instance :  ((do) ) 
Anteceden t  o f  Nove l  Instance :  (do )  =  "th e hardliners ' 

Figur e 3 :  Instanc e Retrieva l 

Training instances are generated automatically from 
unrestricte d text s b y th e U M a s s / M U C - 3 N L P syste m 
(Lehner t  e t  al. ,  1991 )  a s a  sid e effec t  o f  parsing .  Onl y 
th e anteceden t  mus t  b e specifie d b y a  h u m a n 
superviso r  vi a a  menu-drive n interfac e tha t  display s 
th e anteceden t  options .  Afte r  training ,  w e us e th e 
resultin g C O B W EB classificatio n hierarch y o f  relativ e 
pronou n disambiguatio n decision s t o predic t  th e 
anteceden t  o f  " w h o "  i n n e w contexts .  Give n a  n e w 
instanc e t o classify ,  C O B W EB retrieve s fro m th e 
hierarch y th e mos t  specifi c  concep t  tha t  adequatel y 
describe s th e instance .  Then ,  th e anteceden t  o f  th e 
retrieve d concep t  guide s selectio n o f  th e anteceden t  io t 
th e nove l  case .  Give n th e tes t  instanc e i n Figur e 3 , 
fo r  example ,  C O B W EB retrieve s a n instanc e tha t 
specifie s th e direc t  objec t  {do )  a s th e locatio n o f  th e 
antecedent .  Therefore ,  w e choos e th e content s o f  th e 
do constituen t  — "th e hardlin^s "  — a s th e anteceden t 
i n th e nove l  case .  Sometimes ,  however ,  C O B W EB 
retrieve s a  concep t  tha t  list s mor e tha n on e optio n a s 
th e antecedent .  I n thes e cases ,  w e choos e th e optio n 
tha t  appeare d mos t  ofte n i n th e underlyin g instance(s ) 
an d whos e constituent s overla p wid i  thos e i n th e 
curren t  context .  (Fo r  a  descriptio n o f  a  better ,  bu t 
mor e complicate d adaptatio n heuristic ,  se e (Cardie , 
1992b). ) 

The Baseline Experiments 

We tested this baseline instance representation by 
extractin g al l  example s o f  "who "  fro m 3  set s o f  5 0 

text s fro m th e M U C - 3 corpus^ .  I n eac h o f  3 

^ e M U C - 3 corpu s consist s o f  150 0 text s (e.g. , 
newsp!q)e r  articles ,  T V new s reports ,  radi o broadcasts ) 
containin g informatio n abou t  Lati n America n 
terroris m an d wa s develope d fo r  us e i n th e Thir d 
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experiments ,  2  set s wer e use d fo r  trainin g an d th e 
thir d reserve d fo r  testing .  Th e result s ar e show n i n 
Figur e 4  an d indicat e tha t  C O B W EB finds  th e correc t 
anteceden t  o f  "who "  a n averag e o f  5 9 % o f  th e tim e 
when usin g th e baselin e instanc e representation .  I n 
th e nex t  tw o sections ,  w e modif y thi s baselin e 
representatio n i n respons e t o thre e cognitiv e biase s 
an d sho w th e result s o f  thes e modification s o n 
C O B W E B 'S performance . 

Exp 
# 

1 

2 

3 

Trainin g Set s 
( # instances ) 

setl+set 2 (170 ) 

set 2 +  se G (159 ) 

setl+set 3 (153 ) 

Test  Se t 
( # instances ) 

set 3 (71 ) 

set l  (82 ) 

set 2 (88 ) 

Baselin e 
Rep 

63% 

47% 

66% 

Figur e 4 :  Baselin e Result s ( % correct ) 

Incorporating the Recency Bias 

In processing language, people consistently show a 
bia s toward s th e us e o f  th e mos t  recen t  informatio n 
(e.g. ,  (Kimball ,  1973) ,  (Frazier ,  &  Fodor ,  1978) , 
(Gibson ,  1990)) .  I n particular ,  th e mechanism s 
peopl e us e fo r  finding  th e antecedent s o f  pronoun s an d 
missin g subject s hav e bee n investigate d i n a  serie s o f 
recen t  experiment s (se e (Nicol ,  1988)) .  Th e result s 
sho w tha t  i n locatin g antecedent s durin g languag e 
processing ,  peopl e conside r  al l  nou n phrase s 
precedin g th e pronou n startin g wit h th e mos t  recen t 
nou n phras e an d workin g backward s t o th e mos t 
distan t  nou n phrase . 

We translate this recency bias into representational 
change s fo r  th e trainin g instance s i n tw o ways .  First , 
we labe l  th e constituen t  attribute-valu e pair s wit h 
respec t  t o th e relativ e pronoun .  Thi s establishe s a 
right-to-left  labellin g rathe r  tha n th e left-to-righ t 
labellin g o f  th e baseline .  I n Figur e S ,  fo r  example , 
"i n Congress "  receive s th e attribut e pp l  becaus e i t  i s 
a prepositiona l  phras e on e positio n t o th e lef t  o f 
"who. "  Similarly ,  "th e hardliners "  receive s th e 
attribut e np 2 becaus e i t  i s  a  nou n phrase  tw o 
position s t o th e lef t  o f  "who. "  Notice ,  however ,  tha t 
th e subjec t  o f  th e sentenc e retain s it s origina l  s 
attribute .  W e base d thi s decisio n o n studie s tha t 
indicat e tha t  th e subjec t  o f  a  sentenc e remain s highl y 
accessibl e eve n a t  th e en d o f  a  sentenc e (e.g. , 
(Gemsbacher ,  Hargreaves ,  &  Beeman ,  1989)) . 
Conside r  th e followin g sentences :  1 )  "i t  wa s a 
message fro m th e hardliner s i n Congress ,  who... "  an d 

Messag e Understandin g Syste m Evaluatio n an d 
Messag e Understandin g Conferenc e (Sundheim,1991) . 

Sentence : 
[It ]  [was ]  [th e hardliners ]  [i n Congress ]  who.. . 

Baseline Representation: 
( s entity )  ( v t )  (d o human )  (do-pp l  entity ) 
(anteceden t  ((do)) ) 

Right-to-Lef t  Labelling : 
( s entity )  ( v I )  (np 2 human )  (pp l  entity ) 
(anteceden t  ((np2)) ) 

Duplicat e Information : 
( s entity )  ( v t )  (d o human )  (do-pp l  entity ) 

(most-recen t  entity )  (part-of-speec h prep-phrase ) 
(anteceden t  ((do) ) 

Figur e 5 :  Incorporatin g th e Recenc y Bia s 

2) "it was from the hardliners in Congress who ...". 
Th e right-to-lef t  labellin g tag s th e antecedent s i n 
eac h sentenc e wit h th e sam e attribut e (i.e. ,  pp2) , 
indicatin g th e similarit y o f  th e example s wit h respec t 
t o th e locatio n o f  th e relativ e pronou n antecedent .  I n 
th e baselin e representation ,  however ,  th e antecedent s 
retai n distinc t  attribute s -  do-pp l  an d v-ppl , 
respectively . 

Alternatively, given the baseline instance 
representation ,  w e ca n incorporat e th e recenc y bia s b y 
includin g mor e tha n on e atuibute-valu e pai r  fo r  th e 
most  recen t  information .  Figur e 5  als o show s thi s 
secon d representationa l  change .  Th e mos t  recen t 
constituen t  ("i n Congress" )  i s  represente d thre e 

times^ :  1 )  a s a  constituen t  attribute-valu e pai r  -  (do -
pp l  entity) ,  2 )  a s th e mos t  recen t  constituen t  -
(most-recen t  entity) ,  an d 3 )  vi a it s par t  o f  speec h -
(part-of-speec h prep-phrase) .  I n thi s representation , 
we als o allo w th e anteceden t  attribute-valu e pai r  t o 
refe r  t o th e mor e genera l  most-recen t  constituen t 
rathe r  tha n th e equivalent ,  bu t  mor e specific , 
constituen t  attribute-valu e pair .  If ,  fo r  example ,  th e 
anteceden t  i n Figur e 5  ha d bee n do-ppl ,  i t  woul d 
become most-recen t  i n th e ne w refH ŝentation . 

The results of experiments that use each of these 
representation s separatel y an d i n a  combine d for m ar e 
show n i n Figur e 6 .  I n thi s table ,  th e M R l 
representatio n use d th e right-to-left  labelling ,  th e 
N0^2 representatio n include d extr a informatio n abou t 
th e mos t  recen t  constituent ,  an d th e M R 1 + M R2 
representatio n combine d bot h th e right-to-lef t 
labellin g an d th e duplicat e informatio n formats .  I n 
general ,  i t  i s  clea r  tha t  incorporatin g th e recenc y bia s 
int o th e instanc e representatio n improve s 
performance .  O n average ,  th e right-to-left  labellin g 

^ We use d al l  infonnatio n abou t  th e mos t  recen t 
consdtuen t  readil y availabl e fro m th e parser . 
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Ex p 
« 

1 

2 

3 

Trainin g Set s 
( # o f  instances ) 

set l  +  set 2 

8et 2 -i -  set s 

set l  +  set a 

Tes t  Se t  U  Baselin e 

( « o f  instances )  H  R« p 

8et 3 H  6 3 % 

set l  I I  4 7 % 

Bet 2 I I  6 6 % 

MRl:R-to- L 
Labellin g 

76 % 

62 % 

66 % 

MR2: 
Duplicat e Inf o 

83 % 

65 % 

71 % 

MRl  -• -  MR2 

84 % 

73 % 

74 % 

Figur e 6 :  Experiment s Usin g th e Recenc y Bia s ( % correct ) 

increase d th e percentag e o f  correctl y identifie d 
antecedent s fro m 5 9 % t o 6 8 % whil e includin g extr a 
informatio n fo r  th e mos t  recen t  constituen t  increase d 
th e percentag e correc t  t o 73% .  Th e bes t  results , 
however ,  occurre d usin g th e combine d representation , 
where th e percentag e correc t  increase d t o a n averag e o f 
77%. 

Incorporating the Short Term Memory 

B ia s 

Psychological studies have determined that people can 
keep a t  mos t  seve n plu s o r  minu s tw o fact s i n shor t 
ter m memor y (Miller ,  1956) .  Mor e recently , 
Daneman an d Carpente r  ((Daneman ,  &  Carpenter , 
1980) ,  (Daneman ,  &  Carpenter .  1983) )  sho w tha t 
workin g memor y capacit y affect s a  subject' s abilit y  t o 
And th e referent s o f  pronoun s ove r  varyin g distances . 
Also ,  Kin g an d Jus t  (King ,  &  Just .  1991 )  sho w tha t 
difference s i n workin g m e m o r y capacit y ca n caus e 
difference s i n th e readin g tim e an d th e comprehensio n 
of  certai n classe s o f  relativ e clauses .  Moreover ,  i t 
has bee n hypothesize d tha t  languag e learnin g i n 
humans i s  successfu l  precisel y becaus e limit s o n 
informatio n processin g capacitie s allo w childre n t o 
ignor e muc h o f  th e linguisti c dat a the y receiv e (se e 
(Newport ,  1990)) . 

COBWEB, however, clearly does not make use of 
shor t  ter m memor y ( S T M )  limitation s eithe r  i n it s 
learnin g algorith m o r  i n it s attribute-valu e instanc e 
representation .  Eac h trainin g an d tes t  instanc e ha s t o 
be normalize d wit h respec t  t o al l  attribute s acros s th e 

trainin g instances. ^  I n th e baselin e representation . 
thi s normalizatio n resulte d i n instance s o f  3 5 
attribute-valu e pair s a s compare d t o a n averag e o f  5 
attribute-valu e pair s i n th e original ,  unnormalize d 
instances .  Th e shor t  ter m memor y bia s implie s tha t 
not  al l  o f  th e 3 5 feature s shoul d b e retaine d fo r  th e 
tas k o f  findin g relativ e pronou n antecedents .  I n a n 
attemp t  t o incorporat e thi s limitation ,  w e ra n a  serie s 

*Our  fixed  featur e se t  include s ever y attribut e tha t 
appear s i n th e trainin g set .  T o creat e a  trainin g 
instance ,  w e generat e a  uniqu e valu e fo r  an y missin g 
attribute ,  i.e. ,  fo r  an y attribut e tha t  i s irrelevan t  fo r 
th e instance . 

of  experiment s usin g instance s wit h successivel y 
fewe r  features .  W e le t  n  =  1.2,3,4,5,7,9,15,20 ,  an d 
50 .  an d include d i n th e trainin g an d tes t  instance s 
onl y thos e feature s tha t  occurre d a t  leas t  n  time s i n 
th e original ,  unnormalize d instance s o f  th e trainin g 
se t  A s n  increases ,  th e numbe r  o f  attribute s pe r 
instanc e decreases . 

When this STM cutoff was applied to the baseline 
representation ,  th e performanc e o f  th e learnin g 
algorith m graduall y decline d a s n  increased .  Th e 
percentag e conec t  decline d fro m 6 3 % t o 3 7 % .  fro m 
4 7 % t o 1 9 % .  an d fro m 6 6 % t o 4 1 % fo r  experiment s 
1.  2 .  an d 3 .  respectively .  Althoug h th e S T M cutof f 
di d no t  improv e performanc e w h e n applie d t o th e 
M Rl  trainin g set s tha t  us e th e right-to-left  labelling . 
th e declin e i n percentag e correc t  wa s no t  nearl y s o 
drastic .  Fo r  experimen t  1  (originall y 7 5 % hi t  rate) . 
th e percentag e correc t  neve r  droppe d belo w 6 9 % .  Fo r 
experimen t  2 .  result s range d fro m 6 2 % (wit h n o 
cutof O t o 4 9 % ;  an d i n experimen t  3  (originall y 6 6 % 
correct) ,  result s range d fro m 5 1 % t o 6 7 % correc t 

Figure 7 shows the results of the STM cutoff for the 
instanc e representation s o f  M R 2 (extr a informatio n 
fo r  mos t  recen t  phrase )  an d M R 1+ 2 (right-to-lef t 
labellin g an d extr a informatio n fo r  mos t  recen t 
phrase) .  I n thes e experiments ,  th e S T M bia s 
actuall y improve d C O B W E B 'S performance .  I n th e 
M R2 experiments ,  th e origina l  hi t  rat e fo r  experimen t 
1 increase d fro m 8 3 % (3 7 attribute s /  instance )  t o 
8 7 % a t  n  =  7  (1 6 attribute s /  instance) .  I n experimen t 
2.  th e percentag e correc t  m o v e d fro m 6 5 % (3 4 
attribute s /  instance )  i n th e origina l  representatio n t o 
7 4 % a t  n  =  9  (1 3 attribute s /  instance) .  I n experimen t 
3.  th e percentag e correc t  increase d fro m 7 1 % (3 6 
attribute s /  instance )  i n th e origina l  representatio n t o 
7 6 % a t  n  =  2  (2 5 attribute s /  instance) .  Simila r 
result s occurre d fo r  th e M R 1+ 2 instanc e 
representation .  Ther e wer e increase s fro m 8 4 % (2 5 
attribute s /  instance )  t o 8 7 % (1 7 attribute s /  instance . 
n =  4 )  an d from  7 4 % (2 9 attribute s /  instance )  t o 7 6 % 
(1 0 attribute s /  instance )  fo r  experiment s 1  an d 3 . 
respectively .  Performanc e fo r  experimen t  2 .  however , 
decline d 

747 



90 ̂  
80 -
70 . 
60 . 

consd W • 
30 . 
20 -
10 • 
0 

1 

[  ^ ^  ^ 

;  ^ - ^ - ^ 

^̂ 00" ^ 

• 

• 
• 

4 7  10 13 16 19 22 2 5 2 8 
/Instonc o 

bul 

_ bip a 

bpJ 

31 3 4 3 7 

90 ^ 
80 
70 
60 

cat«cf« • 
30 . 
20 . 
10 . 

bol 

^ ^ *  •  •  •  • •  • Eo9 

H — I — I — t — f- H — I —\  \  \ — I — I — + 
I  3  S  7  9  I I  1 3 1 5 1 7 1 9 2 1 2 3 2 5 2 7 2 9 

# o (  atti1txjt» t  /  Imtonc * 

(a )  Applyin g S T M Bia s t o M R 2 (b )  Applyin g S T M Bia s t o M R l + 2 

Figure 7: Experiments Using the STM Bias 

C o n c l u s i o n s 

Based on the preliminary experiments {H^sented in the 
las t  thre e sections ,  w e conclud e tha t  explici t 
incorporatio n o f  cognitiv e biase s int o th e instanc e 
representatio n ca n greatl y improv e learnin g algorith m 
performance .  I n addition ,  althoug h th e techniqu e 
was teste d o n onl y on e tas k from  N L P ,  th e us e o f 
cognitiv e biase s t o guid e featur e se t  selectio n i s a 
domain-independen t  techniqu e tha t  ca n b e applie d t o 
any cognitively-base d learnin g task .  I t  i s  clear , 
however ,  tha t  furthe r  experimentatio n i s require d t o 
explor e th e effect s o f  additiona l  cognitiv e limitations , 
t o determin e th e biase s tha t  wor k wel l  together ,  an d 
t o find  th e correc t  parameter s fo r  thos e biases . 
Finally ,  furthe r  researc h i s require d befor e w e ca n us e 
cognitiv e biase s t o automate ,  rathe r  tha n guide , 
featur e se t  selection . 
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