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Abstrac t 
Seria l  attentio n i s th e proces s o f  focussin g mentall y o n 

one ite m a t  a  time .  Thi s proces s ha s tw o phases : 

attentio n switchin g an d attentio n maintenance . 

Attentio n switchin g involve s rapidl y buildin g u p th e 

activatio n o f  a  ne w ite m t o dominat e ol d items . 

Attentio n maintenanc e involve s lettin g th e curren t  ite m 

deca y whil e i n us e t o preven t  i t  fro m intrudin g o n th e 

nex t  ite m late r  on .  S A S M ,  a  mode l  base d o n thi s 

analysis ,  suggest s tha t  thi s balanc e o f  hig h initia l 

activatio n followe d b y gradua l  deca y reflect s a  strategi c 

adaptatio n t o tas k demand s o n on e han d an d principle s 

of  memor y o n th e other .  Th e mode l  make s nove l  an d 

accurat e prediction s abou t  respons e time s an d eiro r 

rates ,  integrate s pas t  us e an d curren t  contex t  a s m e m o r y 

activatio n sources ,  an d integrate s attentio n switchin g 

and attentio n maintenanc e int o on e unifie d account . 

Introduction 

To thin k abou t  menta l  attention ,  w e ca n adop t  a  metapho r 

fro m visua l  attentio n (e.g. ,  Posner ,  1980 )  an d imagin e a 

spotligh t  directe d internall y a t  m e m o r y an d focusse d o n th e 

curren t  thought .  A  sequenc e o f  thoughts,  o r  seria l  attention , 

woul d the n involv e movin g th e spotligh t  aroun d — 

maintainin g i t  a t  on e positio n fo r  a  time ,  the n switchin g i t 

t o th e next ,  an d s o forth .  Seria l  attentio n i s basi c t o man y 

cognitiv e activities ,  fro m searchin g a  m e m o r y se t  fo r  a 

probe ,  t o achievin g on e goa l  an d switchin g t o anothe r  durin g 

proble m solving . 

Understandin g th e cost s o f  payin g attentio n an d wher e 

the y occu r  i s crucia l  t o understandin g seria l  attentio n a s a 

whole .  Fo r  example ,  th e cos t  o f  switchin g attentio n ha s 

ofte n bee n interprete d a s th e tim e neede d t o pul l  a  menta l 

leve r  tha t  switche s attentio n fro m on e tas k t o anothe r  (e.g. . 

Caravan ,  1998 ;  Gopher ,  Greenshpan ,  &  Armony ,  1996 ; 

Roger s &  Monsell ,  1995) .  Unde r  additive-factor s logic ,  thi s 

switc h cos t  woul d b e reflecte d i n th e firs t  measuremen t  take n 
afte r  th e leve r  i s pulled .  B y extension ,  thi s switchin g action , 

onc e complete ,  shoul d hav e n o effec t  o n th e trai n o f 
thought ,  whic h simpl y continue s dow n th e n e w track .  Thu s 

th e mental-leve r  vie w suggest s tha t  attentio n switchin g i s a n 

activ e proces s bu t  attentio n maintenanc e i s  essentiall y a 

passiv e syste m stat e an d shoul d produc e stabl e performance . 

Unfortunatel y fo r  th e mental-leve r  view ,  attentio n 

maintenanc e ha s it s o w n cost ,  measure d a s a  gradua l  increas e 

i n respons e tim e betwee n attentio n switche s (Altman n & 

Gray ,  1999) .  Ou r  initia l  explanatio n fo r  thi s maintenanc e 

cos t  wa s i n term s o f  interferenc e i n m e m o r y (Altman n & 

Gray ,  1998) .  I n brief ,  ou r  proposa l  wa s tha t  interferenc e 

among trial s m a d e attentio n maintenanc e mor e difficul t  ove r 

time ,  an d tha t  thi s interferenc e wa s "released "  b y th e ac t  o f 

switchin g attention .  However ,  th e functiona l  rol e o f  thi s 

interferenc e wa s no t  clear .  Di d i t  satisf y s o m e constrain t 

othe r  tha n fittin g th e data ? Also ,  thoug h ou r  explanatio n 

was grounde d i n a  cognitiv e theor y (ACT-R ;  se e Anderso n 

& Lebiere ,  1998) ,  i t  ignore d basi c operationa l  principle s o f 

tha t  theory ,  includin g strengthening ,  decay ,  an d nois e i n 

memory.  Th e mechanism s representin g thes e principle s wer e 

simpl y "turne d o f f  i n ou r  computationa l  A C T - R model . 

Her e w e presen t  a n expande d mode l  o f  seria l  attentio n tha t 

explain s maintenanc e cos t  an d offer s a  preliminar y accoun t 

of  switc h cost .  F ro m th e previou s mode l  w e carr y ove r  th e 

premis e tha t  seria l  attentio n i s  essentiall y a  m e m o r y 

phenomenon .  W e n o w als o adop t  th e premis e tha t  m e m o r y 

i n seria l  attentio n act s lik e m e m o r y i n genera l  i n tha t  i t 

strengthen s wit h us e an d decay s without ,  an d i s subjec t  t o 

nois e lik e an y othe r  dat a channel .  Th e implicatio n i s  tha t 

cognitio n mus t  emplo y activ e processe s o r  strategie s tha t 

manipulat e m e m o r y strengt h t o cop e wit h thes e constraints . 

Thes e memory-manipulatio n strategie s ar e responsibl e fo r 

th e cost s o f  maintainin g an d switchin g attention .  W e thu s 

characteriz e seria l  attentio n a s strategi c memory ,  o r  S A S M. 

We firs t  briefl y revie w ou r  seria l  attentio n paradig m an d 

th e evidenc e fo r  maintenanc e cost .  Next ,  w e argu e tha t 

maintenanc e cost s ar e inevitabl e give n ou r  premises .  W e 

the n develo p th e parameter s o f  th e S A S M mode l  i n 

geometri c terms ,  an d develo p an d tes t  nove l  prediction s 

agains t  empirica l  data .  W e en d b y discussin g implication s o f 

th e mode l  fo r  suc h question s a s cognitiv e workload .  Th e 

appendi x present s a n algebrai c derivatio n o f  th e model .  W e 

hav e als o implemente d S A S M a s a  computationa l  A C T - R 

model  an d fi t  Mon t e Carl o simulation s t o ou r  empirica l 

data ,  bu t  thi s wor k i s no t  reporte d here . 
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Th e Paradig m an d Sampl e Dat a 

Our  seria l  attentio n paradig m involve s givin g participant s 

tw o simpl e task s an d periodicall y issuin g a n instructio n t o 

switc h fro m on e tas k t o th e other .  Fo r  example ,  th e task s 

migh t  b e t o judg e a  singl e digi t  (fro m th e se t  1 ,  2 ,  3 ,  4 ,  6 , 

7,  8 ,  9 )  a s Od d o r  Eve n o r  a s Hig h (  >  5 )  o r  L o w (  <  5) .  I n a 

typica l  experiment ,  trial s ar e presente d i n blocks .  Eac h bloc k 

begin s wit h a n instructio n tria l  sayin g whic h tas k t o do ,  fo r 

exampl e "Od d Even. "  Thi s tria l  i s  followe d b y a  sequenc e o f 

classificatio n trials .  Thes e ar e singl e digit s an d provid e n o 

clu e t o th e curren t  task .  Th e ru n o f  classificatio n trial s i s 

interrupte d b y a  secon d instructio n trial ,  whic h ma y o r  ma y 

not  indicat e th e sam e tas k a s th e first  instructio n trial .  Th e 

secon d instructio n tria l  i s  followe d b y a  secon d ru n o f 

classificatio n trials ,  followe d b y feedbac k o n accurac y an d 

respons e tim e fo r  tha t  block .  A  bloc k contain s 2 0 

classificatio n trials ,  an d th e secon d instructio n tria l  occur s 

randoml y betwee n th e V" "  an d 14 *  classificatio n trials .  I n a 

typica l  experiment ,  participant s receiv e 19 2 blocks ,  fo r  a 

tota l  o f  38 4 instructio n trial s (19 2 fo r  eac h task) .  Response s 

t o al l  trial s ar e self-pace d an d ther e i s n o calibrate d inter-tria l 

interval .  Al l  stimul i  appea r  a t  th e sam e locatio n i n th e 

cente r  o f  th e screen . 

Dat a fro m thi s paradig m appea r  i n Figur e 1  (fro m 

Altman n &  Gray ,  1998) .  Th e absciss a show s th e first  seve n 

classificatio n trial s afte r  th e secon d instructio n tria l  i n a 

block ,  wit h tria l  positio n meanin g positio n relativ e t o th e 

instruction .  Switc h cos t  occur s o n PI ,  i n tha t  respons e tim e 

(RT )  i s substantidl y slowe r  tha n o n P2 .  Maintenanc e cos t 

i s  th e gradua l  slowin g fro m P 2 t o P7 . 
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Figur e 1 :  Respons e tim e (RT )  o n post-instructio n trials . 
Maintenanc e cos t  i s  th e slowin g tren d fro m P 2 t o P7 . 

Memory for Instructions 

An importan t  distinctio n i s  tha t  betwee n a  tas k an d a n 

instruction .  A  tas k i s semanti c an d i n ou r  paradig m ther e ar e 

onl y tw o (e.g. ,  OddEve n an d HighLow) .  A n instructio n i s 

semanti c an d episodi c -  ther e ar e a s man y instruction s a s 

ther e ar e instructio n trial s (38 4 i n a  typica l  experiment) .  A n 

instructio n specifie s wha t  tas k t o d o now ,  supersedin g al l 

previou s instructions . 

An assumptio n centra l  t o S A S M i s tha t  eac h instructio n 

i s encode d a s a  distinc t  trac e i n memory .  N o instructio n i s 

instantaneousl y forgotte n o r  deleted .  Rather ,  ol d instruction s 

linge r  an d ma y interfer e wit h th e curren t  one .  Cognitio n 

must  cop e wit h thi s potentia l  interferenc e b y encodin g eac h 

ne w instructio n t o resis t  intrusion s fro m ol d ones . 

The mechanis m fo r  copin g wit h thi s interferenc e i s 

grounde d i n basi c law s o f  memory .  Unde r  th e la w o f  exercis e 

a memor y elemen t  become s stronge r  wit h use ,  an d unde r  th e 

la w o f  forgettin g a  memor y elemen t  become s weake r  whe n 

unused .  Bot h law s ar e implemente d i n A C T - R i n th e 

function s governin g th e activatio n o f  declarativ e memor y 

element s {chunks) .  A  chun k us e constitute s eithe r  a  ne w 

encodin g o f  tha t  chun k i n memor y o r  a  retrieva l  o f  tha t 

chun k fro m memory . 

W h en cognitio n attempt s a  retrieval ,  ACT-R' s memor y 

syste m return s th e mos t  activ e chunk .  Thi s reflect s th e 

rationa l  memor y assumption ,  i n whic h activatio n represent s 

th e memor y system' s bes t  gues s a t  th e chun k mos t  likel y t o 

be neede d no w (Anderson ,  1990) .  Activatio n i n A C T - R ha s 

tw o components ,  on e representin g a  chunk' s histor y o f  us e 

and th e othe r  representin g th e chunk' s relevanc e t o th e 

curren t  context .  Base-leve l  activatio n represent s histor y o f 

use .  Fo r  example ,  a  perio d o f  concentrate d rehearsa l  o r 

encodin g make s a  chun k ver y active .  Associativ e activation , 

whic h w e refe r  t o a s priming,  represent s relevanc e t o th e 

curren t  context .  Primin g accounte d fo r  maintenanc e cos t  i n 

our  previou s mode l  (Altman n &  Gray ,  1998) ;  i n th e curren t 

model  i t  complement s base-leve l  activatio n t o improv e 

memory accuracy ,  a s w e discus s later . 

The base-leve l  activatio n o f  instruction s i s a  critica l  facto r 

i n seria l  attention ,  a s illustrate d i n Figur e 2 .  Th e absciss a 

shows tw o contiguou s run s o f  trials ,  wit h th e previou s m n 

on th e lef t  an d th e curren t  ru n o n th e right.  Eac h ru n i s 

governe d b y a n instructio n {I p an d 7̂ ,  respectively) .  Th e 

ordinat e show s instructio n activation .  Th e to p tw o curve s 

(i n soli d ink )  sho w eac h instructio n a t  pea k activatio n 

initiall y  (a t  Pi p an d Pic )  the n decayin g throughou t  it s run . 

W h en I p give s wa y t o I c (a t  Pic) ,  i t  decay s somewha t  faste r 

becaus e i t  i s n o longe r  bein g used . 
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Figur e 2 :  Whe n instruction s deca y (soli d curves) ,  th e 
curren t  instructio n (Ic )  i s  alway s stronge r  tha n th e previou s 

instructio n (Ip) ,  b y amoun t  6  a t  Pic -  Wer e instruction s t o 

strengthe n (dashe d curves) ,  seria l  attentio n woul d fai l 

becaus e I c woul d b e weake r  tha n Ip ,  b y amoun t  8 *  a t  Pic -
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The importan t  relationshi p i n Figur e 2  i s betwee n th e 

activatio n o f  I ^  an d Ip .  Onc e I c i s encoded ,  bot h instruction s 

coexis t  i n m e m o r y becaus e I p i s no t  completel y forgotten . 

However ,  th e to p tw o curve s sho w l ^  alway s bein g mor e 

activ e tha n Ip .  Unde r  th e rationa l  m e m o r y assumption ,  thi s 

ensure s tha t  th e m e m o r y syste m return s I( -  o n eac h tria l 

durin g th e curren t  run ,  producin g correc t  performance .  I c 

dominate s I p becaus e bot h activatio n curve s slop e downward s 

— i f  al l  instruction s deca y fro m a  hig h initia l  level ,  th e 

newest  on e wil l  alway s b e th e mos t  active . 

The botto m tw o curve s i n Figur e 2  (i n dashe d ink )  sho w 

an intuitiv e bu t  problemati c interpretatio n o f  th e la w o f 

exercis e i n thi s paradigm .  Th e intuitio n i s tha t  i f  a n 

instructio n i s retrieve d o n eac h trial ,  i t  shoul d gai n 

activatio n ove r  trials .  However ,  thi s woul d mea n tha t  i t  end s 

up mor e activ e tha n i t  begins .  A t  Pic ,  therefore ,  I c woul d b e 

les s activ e tha n I p b y amoun t  8* .  Unde r  th e rationa l  m e m o r y 

assumption ,  thi s woul d preclud e correc t  performance .  Hence , 

instructio n activatio n mus t  star t  hig h an d en d low . 

Thu s deca y i n episodi c m e m o r y i s a  necessar y conditio n 

fo r  seria l  attentio n an d thi s deca y implie s maintenanc e cost . 

Tim e t o retriev e a  m e m o r y element ,  i n A C T - R a s i n othe r 

memory models ,  i s  a  functio n o f  it s  activation ,  wit h highe r 

activatio n implyin g faste r  retrieval .  I f  instruction s deca y 

fro m whe n the y ar e firs t  used ,  retrieva l  tim e wil l  increas e o n 

eac h subsequen t  tria l  withi n a  run . 

Parameters of Instruction Memory 

We hav e argue d tha t  instruction s mus t  deca y cd )  initi o fo r 

seria l  attentio n t o b e possible .  W e nex t  examin e fou r 

parameter s tha t  determin e wha t  initia l  leve l  o f  activatio n i s 

necessar y t o produc e suc h decay .  Her e w e us e a  geometri c 
notation ,  leavin g th e algebr a t o th e Appendix . 

One paramete r  i s  noise ,  whic h w e assum e affect s m e m o r y 

much a s i t  affect s an y dat a channel .  Followin g A C T - R ,  w e 

tak e nois e t o b e manifeste d a s transien t  increase s o r  decrease s 

i n chun k activation .  Eac h chun k ha s a n expecte d leve l  o f 

activation ,  bu t  it s actua l  leve l  o n a  give n retrieva l  cycl e 

varie s accordin g t o a  logisti c (roughl y normal )  distributio n 

(Anderso n &  Lebiere ,  1998 ,  ch .  3) .  Thi s activatio n varianc e 

can caus e memor y error s an d i n tur n performanc e errors . 
A memor y erro r  occur s whe n nois e make s th e targe t  les s 

activ e tha n som e othe r  chun k o n a  give n retrieva l  cycle .  Th e 
likelihoo d o f  suc h a n erro r  depend s bot h o n th e amoun t  o f 

nois e i n th e syste m an d o n h o w activ e th e targe t  is ,  o n 

average ,  compare d t o othe r  chunks .  Thi s i s illustrate d i n 

Figur e 3 ,  whic h show s activatio n distribution s fo r  I c (th e 
target )  an d Ip .  Activatio n i s n o w o n th e absciss a an d th e 

probabilit y  o f  a n instructio n havin g a  give n activatio n i s o n 

th e ordinate .  Nois e i s reflecte d i n th e dispersio n o f  eac h 

distribution .  Thi s dispersio n i s on e facto r  determinin g th e 

overia p o f  th e activatio n distributions .  Th e greate r  th e 

overlap ,  th e mor e likel y I p wil l  b e retrieve d i n plac e o f  Ic , 

and henc e th e greate r  th e numbe r  o f  m e m o r y errors . 

The othe r  facto r  affectin g m e m o r y erro r  i s S ,  th e differenc e 

i n expecte d activatio n betwee n I c an d I p (Figur e 3) .  Thi s 

difference ,  resemblin g th e e t  o f  signa l  detectio n theory ,  i s 

itsel f  a  functio n o f  thre e parameters ,  tw o affectin g base-leve l 

activatio n an d on e affectin g associativ e activation . 

Th e first  paramete r  affectin g 5  i s th e amoun t  o f  tim e spen t 

encodin g th e instructio n whil e i t  i s  visibl e o n th e display . 

We assum e tha t  mor e tim e spen t  encodin g th e instructio n 

means mor e base-leve l  activatio n fo r  th e instructio n chunk , 

consisten t  wit h m e m o r y paradigm s i n whic h stimulu s 

exposur e an d trac e strengt h ar e take n t o b e synonymous . 

Wit h respec t  t o Figur e 3 ,  a  longe r  encodin g tim e woul d shif t 

I c t o th e right,  thereb y increasin g 5 .  Becaus e instructio n 

U-ial s ar e self-paced ,  participant s ca n wai t  t o dismis s th e 

instructio n unti l  i t  i s  sufficientl y encoded .  Thus ,  encodin g 

tim e i s unde r  strategi c control . 

Instructio n Activatio n 

Figur e 3 :  Activatio n distribution s o f  th e previou s (Ip )  an d 
curren t  (Ic )  instructions .  Th e les s overia p betwee n the m th e 
mor e likel y I c wil l  b e retrieved . 

The second parameter affecting 6 is run length. As this 

grows ,  al l  els e bein g equal ,  s o doe s th e amoun t  o f  base-leve l 

activatio n comin g fro m trial-by-tria l  retrieva l  a s oppose d t o 

initia l  encoding .  I n Figur e 2 ,  eac h curv e decay s a t  first  an d 

the n flatten s out ;  wit h mor e trial s pe r  ru n bu t  n o extr a 

encoding ,  th e curv e woul d inflec t  befor e th e en d o f  th e ru n 

and begi n t o slop e upwards .  I n Figur e 3 ,  greate r  ru n lengt h 

(al l  els e bein g equal )  woul d shif t  I p t o th e right ,  decreasin g 8 

an d thu s increasin g th e chanc e o f  m e m o r y error . 

Th e thir d paramete r  affectin g 8  i s associativ e activation ,  o r 

primin g fro m cue s i n th e cognitiv e context .  Fo r  primin g t o 

contribut e t o 8 ,  som e cu e mus t  prim e I c mor e tha n i t  prime s 

Ip .  Thi s migh t  occur ,  fo r  example ,  wer e th e tria l  stimulu s t o 

cu e th e task .  I n a  varian t  o n ou r  paradigm ,  th e tw o task s 

migh t  b e OddEve n an d ConsonantVowe l  (instea d o f 
OddEven an d H ighLow) ,  eac h wit h a  differen t  stimulu s se t 

(i.e. ,  number s vs .  letters) .  I n thi s case ,  th e stimulu s itsel f 

woul d b e a n effectiv e cu e fo r  Ic .  I n contrast ,  i n ou r  paradig m 

th e stimulu s (e.g. ,  alway s a  number )  afford s eithe r  task , 

makin g i t  unhelpfu l  a s a  cue . 

However ,  no t  al l  cue s nee d b e external .  O n e likel y interna l 

cu e i s a  residua l  m e m o r y fo r  th e previou s trial .  Althoug h 

thi s m a y b e weak ,  i t  m a y pla y a  rol e i n primin g th e curren t 
trial ,  producin g a  kin d o f  repetitio n effect .  Withi n a  run ,  o n 

tria l  position s afte r  PI ,  th e tas k performe d o n th e previou s 

tria l  prime s I c bu t  doe s no t  Ip ,  whic h specifie s th e othe r 

task .  Thus ,  th e previou s tria l  increase s 8  fo r  th e curren t  tria l 

by contributin g t o th e expecte d activatio n o f  Ic . 
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I n sum ,  w e hav e identifie d fou r  parameter s o f  m e m o r y fo r 

th e curren t  instruction ,  o r  mor e generall y o f  m e m o r y fo r  th e 

curren t  ite m i n seria l  attention .  M e m o r y nois e determine s 

activatio n dispersion ;  encodin g time ,  ru n length ,  an d 

primin g affec t  a n instruction' s expecte d tota l  activation .  W e 

nex t  examin e prediction s o f  a  closed-for m mode l  buil t  o n 

thes e parameters . 

Predictions of the Model 

Th e parameter s describe d abov e ar e relate d t o eac h othe r  an d 

t o empirica l  measure s i n a  syste m o f  mutua l  constraint .  Fo r 

example ,  increase d accurac y migh t  requir e increase d encodin g 

time .  Th e mode l  tha t  capture s thi s syste m i s  formahze d i n 

th e Appendix ;  her e w e deriv e tw o prediction s fro m it ,  on e 

empirica l  an d on e theoretical . 

Errors Increase Within a Run 

O ne possibl e interpretatio n o f  maintenanc e cos t  i s  tha t  i t 

reflect s increasingl y carefu l  processin g acros s tria l  positions . 

Peopl e migh t  b e shiftin g thei r  speed-accurac y criterio n 

graduall y towar d accuracy .  Suc h a  shif t  woul d impl y a 

constan t  o r  decreasin g erro r  rat e acros s trials . 

I n contrast ,  S A S M predict s tha t  erro r  rate s wil l  increas e 

withi n a  ru n fo r  tw o reasons .  First ,  ove r  th e first  fe w trial s 

of  a  ru n th e activatio n curve s fo r  I ^  an d I p approac h eac h 

othe r  (Figur e 2) .  Thi s decrease s 6  whic h increase s m e m o r y 

error s and ,  hence ,  performanc e errors .  Second ,  error s earl y i n 

a ru n bege t  mor e error s late r  i n tha t  run .  A n erro r  occur s 

when I p i s use d i n plac e o f  Ic -  Thi s us e cause s I p t o gai n i n 

base-leve l  activatio n a t  th e expens e o f  Ic -  Thus ,  a n erro r 

decrease s 5  fo r  al l  subsequen t  trial s i n tha t  run . 

Erro r  dat a fro m th e experimen t  describe d earlie r  ar e show n 

i n Figur e 4 .  Th e ordinat e show s tota l  error s ou t  o f  17 6 trial s 

an d th e absciss a show s tria l  position .  Rathe r  tha n a  constan t 

or  decreasin g erro r  rate ,  error s increas e throughou t  th e run ,  a s 

S A SM predicts .  Th e effec t  o f  tria l  positio n i s  significant ,  F 

(6 ,  114 )  =  4.9 ,  p  <  .001 ,  a s i s th e linea r  trend ,  F  (1 ,  114 )  = 

2A2,p < .001 . 

'S 

Tria l  Positio n 

Figur e 4 :  Error s erro r  o n post-instructio n trials ,  ou t  o f  17 6 
trials .  Erro r  maintenanc e cos t  span s P I  t o P7 . 

This correct prediction strongly supports our model. We 

assume d tha t  eac h instructio n i s  encode d distinctl y i n 

episodi c m e m o r y an d decay s graduall y rathe r  tha n 

instantaneousl y whe n superseded .  Thes e assumptions , 

togethe r  wit h A C T - R ' s m e m o r y theory ,  impl y th e deca y 

trajector y i n Figur e 2 ,  whic h i n tur n predict s th e observe d 

erro r  pattern . 

Base-Level Activation and Priming are Irreducible 

Under  th e rationa l  m e m o r y assumption ,  activatio n i s 

compose d o f  tw o terms :  base-leve l  activatio n (fro m pas t  use ) 

and primin g (fro m th e curren t  cognitiv e context) .  Thi s 

decompositio n i s base d o n a  Bayesian  characterizatio n o f  th e 

statistica l  structur e o f  th e environment .  However ,  t o ou r 

knowledge ,  ther e ha s bee n n o analysi s o f  whethe r  bot h 

component s o f  activatio n ar e functionall y necessary .  I s i t 

possibl e tha t  on e ca n b e reduce d t o th e other ? 

By bindin g th e model' s parameter s w e ca n determin e wha t 

combination s o f  base-leve l  an d associativ e activatio n yiel d a 

give n erro r  rate .  Th e first  parameter ,  noise ,  ha s bee n 

estimate d man y time s an d typicall y fall s i n a  limite d rang e 

(0.3 0 t o 0.8 5 i n term s o f  th e logisti c paramete r  s \  Anderso n 

& Lebiere ,  1998 ,  p .  217) .  Hence ,  althoug h nois e i s no t 

fixed,  i t  i s  constraine d enoug h fo r  a  sensitivit y analysis .  A s 

a measur e o f  encodin g tim e w e tak e mea n instructio n 

respons e time ,  whic h i n ou r  dat a i s 0.9 7 sec .  R u n lengt h i n 

our  paradig m i s 1 0 trial s o n average .  Finally ,  th e dependen t 

variable ,  erro r  rate ,  i s 0.02 3 o n tria l  positio n PI . 

Th e remainin g paramete r  i s  priming .  Becaus e base-leve l 

activatio n an d primin g ar e th e onl y tw o source s o f 

activation ,  w e ca n expres s on e a s a  combinatio n o f  th e othe r 

and th e 5  neede d fo r  a  give n leve l  o f  accuracy .  W e designat e 

Pb a s th e proportio n o f  5  du e t o base-leve l  activation .  P g i s 

thu s nominall y define d o n a n interva l  o f  0  ( 5 entirel y du e t o 

priming )  t o 1  ( 5 entirel y du e t o base-leve l  activation) . 

Figur e 5  show s a  sensitivit y analysi s o f  S A S M fo r  nois e 

and priming ,  th e tw o parameter s constraine d b y boundar y 

values .  Th e absciss a show s P g an d th e curve s predic t 

instructio n respons e tim e fo r  boundar y value s o f  th e nois e 

paramete r  s .  Thu s th e predicte d time s ar e thos e require d t o 

achiev e 5  fo r  give n value s o f  P g an d s . 

4 

^ 2 

y . 

0 
0. 0 0. 1 0. 2 0. 3 0. 4 0. 5 0. 6 0. 7 0. 8 0. 9 
Proportio n o f  5  fro m base-leve l  activatio n (Pb ) 

Figure 5: Instruction response time (IRT) as predicted by 
Pb an d uppe r  an d lowe r  bound s o n activatio n nois e s  (se e 
Appendix ,  Eqn .  4) .  Th e empirica l  IR T o f  0.9 7 i s predicte d b y 
Pb =  0. 1 fo r  s  =  0.8 5 an d P b =  0.3 2 fo r  s  =  0.30 . 

Figure 5 shows that neither base-level activation nor 

primin g alon e ca n achiev e th e 6  neede d fo r  high-accurac y 

seria l  attention .  A  P g o f  zer o predict s a  m i n i m u m encodin g 

tim e o f  roughl y 50 0 mse c (regardles s o f  s) .  Eve n i f  5  i s 

entirel y du e t o priming ,  thi s amoun t  o f  initia l  encodin g i s 

s =0.85 ' 

1 

s = 0 3 / 
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neede d t o brin g th e initia l  base-leve l  activatio n o f  I c u p t o 

th e final  base-leve l  activatio n o f  Ip . 

For  larg e value s o f  Pb ,  predicte d instructio n respons e 

time s g o of f  th e scale .  Tha t  is ,  eve n larg e amount s o f  initia l 

encodin g canno t  completel y replac e priming .  A s encodin g 

tim e increases ,  5  du e t o base-leve l  activatio n approache s a 

limi t  (se e Appendix ,  Eqn .  3) .  Performanc e accurac y require s 

5 t o b e abov e thi s limit ,  s o primin g mus t  suppl y th e 

balanc e o f  th e neede d activation .  I n sum ,  high-accurac y seria l 

attentio n depend s o n bot h base-leve l  activatio n an d priming . 

I f  som e amoun t  o f  5  mus t  c o m e from  priming ,  wha t  cue s 

coul d provid e this ? Th e environmen t  offer s n o effectiv e cues ; 

th e classification-tria l  stimulu s ( a number )  equall y prime s 

bot h kind s o f  instructio n (OddEve n an d H ighLow )  an d thu s 

fail s  t o contribut e t o 5 .  Therefore ,  an y effectiv e cue s mus t 

be internal .  W e propose d earlie r  tha t  residua l  memor y fo r  th e 

previou s tria l  i s a  likel y cue .  Indeed ,  i t  i s  unclea r  wha t  othe r 

interna l  cue s ther e coul d b e tha t  affec t  I ^  an d I p differentially . 

Thus ,  S A S M predict s a n inheren t  inerti a t o serial-attentio n 

performance .  Primin g b y th e previou s tria l  implie s a n 

architectura l  propensit y t o d o th e sam e tas k ove r  again . 

However ,  becaus e primin g alon e canno t  produc e th e neede d 

8,  perseveratio n i s no t  a  danger . 

Upper  an d lowe r  bound s o n P g ca n b e estimate d fro m ou r 

data .  Figur e 5  show s tha t  P ^  betwee n 0. 1 an d 0.3 2 predict s 

th e empirica l  instructio n respons e tim e o f  0.9 7 sec .  W e 

interpre t  thi s t o mea n tha t  inerti a fro m trial-to-tria l  primin g 

substantiall y  facilitate s seria l  attention . 

I n sum ,  seria l  attentio n depend s o n bot h base-leve l  an d 

associativ e activatio n — neithe r  i s  reducibl e t o th e other . 

The genera l  implicatio n i s  tha t  m e m o r y retrieva l  relie s no t 

on on e bu t  o n tw o source s o f  informatio n abou t  th e target . 

Thi s i s a n axio m o f  Bayesia n analyse s i n genera l  an d A C T -

R i n particular ,  bu t  S A S M suggest s tha t  tw o source s o f 

informatio n ar e require d fo r  reliabl e retrieva l  i n a  dynami c 

environment .  T o th e exten t  tha t  seria l  attentio n i s a  buildin g 

bloc k o f  higher-leve l  cognition ,  base-leve l  an d associativ e 

activatio n ar e buildin g block s a s wel l  an d ear n thei r 

designatio n a s atomi c component s o f  thought . 

Discussion 

The S A S M mode l  reduce s seria l  attentio n t o a  se t  o f 

memory phenomena ,  goin g som e wa y towar d banishin g th e 

homunculou s o f  menta l  attention .  Switchin g attentio n 

involve s rapidl y strengthenin g a  ne w ite m t o b e temporaril y 

dominant ,  an d maintainin g attentio n involve s lettin g th e 

curren t  ite m deca y slightl y t o preven t  i t  fro m intrudin g later . 

The signatur e evidenc e fo r  th e mode l  i s maintenanc e cost , 

as measure d b y th e gradua l  increas e i n respons e time s acros s 

trial s i n a  run .  Althoug h t o ou r  knowledg e thi s effec t  i s 

novel ,  w e hav e replicate d i t  unde r  a  variet y o f  situation s 

(Altman n &  Gray ,  1999) .  W e explai n thi s effec t  i n term s o f 

short-term ,  trial-by-tria l  deca y o f  instruction s encode d i n 

episodi c memory .  Thi s deca y i s a  feature ,  no t  a  bug ,  i n tha t 

i t  contribute s t o 5 ,  th e activatio n differenc e tha t  make s th e 

curren t  instructio n alway s th e mos t  active . 

Th e complemen t  t o maintenanc e cos t  i s switc h cost .  Thi s 

i s typicall y measure d o n th e first  classificatio n tria l  governe d 

by th e ne w tas k (AUport ,  Styles ,  &  Hsieh ,  1994 ;  Caravan , 

1998 ;  Gophe r  e t  al. ,  1996 ;  Roger s &  Monsell ,  1995) . 

Switc h cos t  i s  ofte n (bu t  no t  always ;  Allpor t  e t  al. ,  1994 ) 

interprete d a s th e cos t  o f  movin g a n attentiona l  spotligh t 

fro m on e locatio n t o another ,  wit h n o relate d accoun t  o f 

maintenanc e cost .  S A S M suggest s a  broade r  interpretatio n 

of  switc h cos t  a s th e cos t  o f  processe s tha t  increas e 5 .  Thes e 

processe s m a y occu r  o n classificatio n trials ,  instructio n 

trials ,  o r  elsewhere .  O n thi s view ,  th e larges t  switc h cos t  i n 

our  paradig m i s  instructio n respons e time .  O n instructio n 

trials ,  participant s strategicall y encod e th e displaye d 

instructio n t o deca y throug h use . 

F ro m a n applie d perspective ,  S A S M m a y hel p 

operationaliz e cognitiv e workloa d i n real-tim e dynami c 

tasks .  Exces s workloa d i n a  dynami c environmen t  mean s 

essentiall y  tha t  to o m u c h i s happenin g to o fast ,  causin g th e 

operator' s performanc e t o suffer .  S A S M provide s a  wa y t o 

analyz e suc h exces s workloa d a s a  m e m o r y phenomenon . 

For  example ,  i n modelin g sustaine d operations ,  fatigu e m a y 

be instantiate d a s increase d nois e i n m e m o r y ,  an d accurac y 

and ru n lengt h m a y m a p directl y t o measure s o f  tas k 

performance .  Thu s S A S M migh t  b e used ,  fo r  example ,  t o 

predic t  nee d fo r  externa l  m e m o r y aid s a s a  functio n o f  tas k 

complexit y an d opacit y (Brehme r  &  D o m e r ,  1993) . 

A n ope n questio n concern s th e first  tria l  positio n o f  a  ru n 

(PI) .  Thi s positio n appear s no t  t o benefi t  fro m hig h initia l 

instructio n strength ,  i n tha t  R T i s substantiall y  slowe r  tha n 

on late r  tria l  position s (Figur e 1) .  O n e possibl e explanatio n 

i s tha t  thi s slowdow n reflect s a  final  phas e o f  th e encodin g 

process .  I f  initia l  encodin g stop s whe n activatio n reache s 

criterion ,  the n transien t  nois e m a y boos t  activatio n t o thi s 

criterio n prematurel y an d brin g a n earl y en d t o th e 

instructio n trial .  However ,  i f  th e instructio n persist s i n 

iconi c memory ,  a  final  encodin g phas e woul d b e possibl e a s 

PI  begins .  I n ou r  computationa l  A C T - R model ,  thi s final 

encodin g phas e regresse s activatio n towar d it s  criterio n 

value ,  becaus e instructio n chunk s no t  mad e activ e enoug h 

durin g th e instructio n tria l  ge t  a  secon d chance .  I n fumr e 

researc h i t  wil l  b e importan t  t o investigat e empiricall y th e 

extr a processin g tha t  seem s t o tak e plac e o n PI ,  an d th e rol e 

of  thi s processin g i n th e genera l  schem e o f  seria l  attention . 
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Appendix 

S A SM i s predicate d o n th e notio n that ,  t o b e reliabl y 

retrieved ,  th e curren t  ite m (e.g. ,  a n instruction )  mus t  b e 

more activ e tha n th e previou s ite m b y som e amoun t  5 : 

B(^  =  B p + 6 Seria l  Attentio n Equatio n (1 ) 

6 depends on the probability of retrieving the current 

instruction ,  P(Ic) -  Thi s i s give n b y th e Chun k Choic e 

Equatio n (Anderso n &  Lebiere ,  1998 ,  p .  77) : 

Pin = e'"'/[^^e'"'/V 

P(i )  i s th e probabilit y  o f  retrievin g chun k /  give n nois e t  an d 

give n j  chunk s i n memor y eac h wit h expecte d activatio n mj . 

We assum e a n infinit e numbe r  o f  previou s instruction s o f 

whic h th e mos t  recen t  fe w materiall y  affec t  th e probabilit y 

of  a  previou s instructio n intrudin g o n th e curren t  one .  Th e 

expecte d activation s o f  thes e fe w previou s instruction s ar e 

roughl y 6  apart ,  s o w e estimat e m =  m,  -  jS .  Thi s allow s 

fo r  a  closed-for m solutio n t o th e Chun k Choic e Equation , 

Pil̂ )  =  1  -  e'*̂ .  Rearranging ,  w e get S =  -t\n[ l  -  PUc) l 

P(Ic )  i s als o constraine d b y performanc e accuracy ,  A .  We 

assume a n accurat e respons e i f  th e retrieve d instructio n i s (a ) 

Ic ,  whic h alway s specifie s th e appropriat e task ;  (b )  a 

previou s instructio n Ip ^  tha t  specifie s th e appropriat e task ; 

or  (c )  a  previou s instructio n Ip ^  tha t  specifie s th e not -

appropriat e tas k bu t  whos e respons e fo r  th e curren t  stimulu s 

i s th e sam e a s tha t  o f  th e appropriat e task .  Thus , 

A =  Pil(, )  +  Pilp^ )  +  P{Ip^) .  Th e paradig m i s structure d 

suc h tha t  PUp^ )  =  lP{Ipfj )  and ,  assumin g tha t  a n 

instructio n i s alway s retrieve d whe n retreiva l  i s  attempted , 

P{I^ )  =  \-[P{Ip^ )  +  lP{lpf̂ )] .  Thes e constraint s togethe r 

impl y thatP(/c )  =  4/4-3 .  Substitutin g thi s fo r  Pf/ J i n th e 

equatio n fo r  5 ,  an d usin g th e erro r  rat e E  - \ -  A  instea d o f 

A,  yield s th e equatio n below ,  wher e Pg ,  define d o n [0...1] , 

limit s 5  t o th e proportio n du e t o base-leve l  activation . 

5 =  -tP g ln(4£ )  (2 ) 

Wit h 8  boun d b y E ,  w e ca n find  ho w man y initia l  use s ar e 

neede d t o achiev e tha t  5 .  Assumin g on e us e pe r  trial ,  averag e 

ru n lengt h R ,  an d A^  initia l  uses ,  w e ca n expres s th e ag e o f 

an instructio n i n term s o f  uses .  A t  Pip ,  th e ag e o f  I p i s on e 

instructio n tria l  an d R  classificatio n trial s fro m th e previou s 

run ,  plu s anothe r  instructio n tria l  an d on e classificatio n tria l 

i n th e curren t  run ,  o r  R+3 .  Th e ag e o f  I q i s onl y 2 .  Th e 

number  o f  use s o f  I p i s N+ R an d o f  I c i s  A^+1 .  W e ca n no w 

expan d Eqn .  1  usin g th e Base-Leve l  Learnin g Equatio n 

(Anderso n &  Lebiere ,  1998 ,  p .  124) ,  whic h default s t o 

B =  ln(2nr"*" )  fo r  n  use s ove r  chun k ag e T .  Eqn .  I  i n 

term s o f  Â ,  R ,  an d 6  (an d exponentiated )  i s then : 

( N +  \)2~°- ^  = ( N +  R)( R +  3)'̂ -̂ e ^  (3 ) 

To estimat e th e maximu m contributio n o f  initia l  us e t o 8 , 

we ca n solv e Eqn .  3  fo r  8  an d tak e th e limi t  a s A '  goe s t o 

infinity .  Thi s produce s I n V0.5(/?- h 3) ,  o r  0.9 4 fo r  R = W. 

However ,  E  wit h minima l  nois e entail s a  8  o f  a t  leas t  1.0 2 

(vi a Eqn .  2  wit h Pb= 1 ;  E  an d t  ar e boun d below) .  Therefore , 

some 8  mus t  com e fro m differentia l  primin g o f  I q ove r  Ip . 

To estimat e encodin g tim e a s a  functio n o f  Pg ,  w e ca n 

solv e Eqn .  3  fo r  A^  an d substitut e fo r  8  fro m Eqn .  2 .  Tw o 

ACT-R productio n firings  serv e t o encod e a  chun k once ,  on e 

t o creat e th e chun k an d pus h i t  ont o th e goa l  stac k an d on e 

t o po p i t  int o memory .  Defaul t  firin g tim e i s 5 0 msec ,  s o 

tim e perus e i s 10 0 msec .  Thu s predicte d encodin g time ,  a s 

measure d b y instructio n respons e tim e (IRT) ,  is : 

V/ ? +  3  -  /?V2(4£)'"'' ' 
IR T ̂ 100 -

V2(4£ )  "' "  -  V/ ? +  3 
-,  wit h t  =  ̂ f2 s (4 ) 

Eqn.  4 ,  wit h £=0.02 3 (boun d empirically) ,  5=0.3 0 an d 0.8 5 

(Anderso n &  Lebiere ,  1998 ,  ch .  7) ,  R=1 0 (task-specific) ,  an d 

Pb =  [0...1] ,  produce s th e curve s i n Figur e 5 . 
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