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Abstrac t 
Give n th e massivel y paralle l  natur e o f  th e brai n a n obviou s 

questio n i s wh y ar e s o man y informatio n f>roccssin g function s serial ? 
I n particular ,  thi s ftapte r  addresse s th e issu e o f  th e compariso n process . 
Behaviora l  dat a sho w tha t  i n perceptua l  matchin g task s (suc h a s 
menwry scannin g an d visua l  search )  performanc e i s systematicall y 
affecte d b y stimulu s load ,  i n tha t  require d processin g tim e increase s 
wit h eac h additiona l  compariso n ite m I t  i s  arguabl e whethe r  thi s 
indicate s a  processin g syste m tha t  perform s seria l  comparisons ,  o r  a 
syste m fo r  whic h con^Mrison s ar e don e i n paralle l  bu t  reactio n tim e 
i s affecte d b y loa d becaus e o f  othe r  syste m Umitations .  I n thi s 
simulatio n w e sho w tha t  i n a  modula r  connectionis t  syste m vecto r 
transmissio n i s possibl e i n parallel ,  bu t  th e compariso n proces s withi n 
a modul e mus t  b e don e seriall y  unles s accurac y i s sacrificed . 

This paper examines the question of the serial or parallel 

natur e o f  th e compariso n process ,  an d describe s th e 
implemenUtio n o f  a  connectionis t  mode l  designe d t o tes t  th e 

efficiaic y o f  paralle l  multipl e comparisons .  Despit e th e fac t 

tha t  neocorte x i s massivel y paralle l  i n it s architectur e ther e ar e 

m a ny task s fo r  whic h behaviora l  dat a illustrat e seria l 
processing .  I t  i s  importan t  t o determin e wha t  processin g 

limitation s induc e seria l  processin g eve n i n th e preseiK e o f 

paralle l  hardware .  I n som e case s thi s ca n b e explaine d b y 

limitaticHi s i n th e numbe r  o f  response s tha t  ca n b e m a d e a t  on e 

lim e (Deutsc h &  Deutsch ,  1963) ,  b y crosstal k o r  vecto r 

transmissio n interfereiK e (Schneide r  &  Detweiler ,  1987) ,  o r  b y 

coiT ĵetitio n fo r  limite d processin g resource s o r  operator s 

(Kahneman ,  1973) .  Connectionis t  base d modelin g ha s 
emphasize d th e paralle l  natiu- e o f  processing .  However ,  eve n 

i n connectionis t  base d vecto r  pjrocessin g system s ther e i s a 

nee d t o serializ e operations .  Wi t h respec t  t o th e compariso n 

proces s th e limitatio n m a y b e due ,  no t  t o limitation s o f  th e 
syste m t o m a k e multipl e comparisons ,  bu t  t o th e increase d 
erro r  tha t  result s fro m multipl e comparison s i n th e sam e 

con^arator . 

Theories of Comparison Processes: Background 

Psychologist s hav e bee n studyin g th e perceptua l  comparisw i 

proces s fo r  year s usin g a  multitud e o f  tasks ,  fo r  th e mos t  par t 

analyzin g meastire s o f  acctirac y an d reactio n tim e t o respon d 

t o a  targe t  i n a  fiel d o f  distractors .  I n a  m e m o r y scannin g 

an d visua l  searc h tas k subject s compar e on e o r  mor e item s i n 
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m e m o ry t o on e o r  mor e item s o n visua l  display ,  lookin g fo r 

a matc h betwee n item s (Sternberg ,  1969 ;  Schneide r  &  Shiffrin , 

1977 ;  se e Shiffrin ,  198 8 fo r  review) .  I n a  same/differen t 

respons e tas k subject s compar e item s i n tw o list s lookin g fo r 

a mismatc h betwee n item s (Proctor ,  Heal y &  V a n Zandt , 
1991 ;  Ralclif f  &  Hacker ,  1981) .  I n a  conjunctio n searc h Us k 

subject s searc h fo r  a  targe t  consistin g o f  a  conjunctio n o f 

particula r  feattire s i n a  field  o f  distracto r  item s whic h consis t 

of  th e sam e feature s bu t  no t  th e conjunctio n (Treisma n & 

Gelade ,  1980) . 

A robus t  finding  o f  m e m o r y o r  displa y scannin g i s tha t 

reactio n tim e increase s i n a  nearl y linea r  fashio n a s a  functio n 

of  th e numbe r  o f  comparison s tha t  mus t  b e performe d (e.g. , 

Sternberg ,  1969 ,  Schneide r  &  Shiffrin ,  1977) .  Thi s linea r 

increas e typicall y occur s whe n ther e i s a  varie d mappin g 

betwee n stimul i  an d response s (e.g. ,  th e subject' s response s t o 
th e sam e stimul i  chang e fro m tria l  t o trial ,  se e Schneide r  & 

Shiffrin ,  1977 )  o r  unde r  condition s o f  hig h accurac y an d lo w 

discriminability .  Thes e dat a hav e bee n interprete d b y som e a s 

indicatin g a  seria l  repetitio n o f  th e perceptua l  compariso n 

proces s (Sternberg ,  1969 ;  Schneide r  &  Shiffrin ,  1977 ; 
Treisma n &  Gelade ,  1980) .  Anothe r  interpretatio n o f  th e 

linea r  increasin g reactio n tim e fuiKtio n i s tha t  al l  item s ar e 

compare d i n parallel ,  an d th e effec t  o f  loa d o n reactio n tim e 

i s du e t o othe r  limitation s o f  th e paralle l  processin g syste m 
(PasWer  &  Badgio ,  1987 ;  Proctor .  Healy ,  &  V a n Zandt ,  1991 ; 

Ratcliff ,  1988) .  I f  ther e i s a  wel l  practice d consisten t  mappin g 

betwee n stimul i  an d response s the n comparison s ca n b e 

performe d i n paralle l  (se e Schneide r  &  Shiffrin ,  1977 ) 
indicatin g th e hardwar e ca n suppor t  paralle l  comparisons .  A 

reactio n tim e functio n tha t  doe s no t  irKreas e wit h loa d 

indicate s preattentive ,  o r  automati c paralle l  processin g i n 
whic h th e targe t  "pop s out, "  an d i s though t  t o b e indef>enden t 

of  th e compariso n proces s (Schneider ,  1985 ;  Treisman ,  1985) . 

Th e modelin g o f  consisten t  searc h i s detaile d elsewher e (Gupt a 

& Schneider ,  1991) .  Thi s pape r  focuse s o n th e varie d 

mappin g searc h i n whic h seria l  processin g occurs . 
Ther e hav e bee n a  variet y o f  modelin g technique s use d t o 

explai n th e linea r  increas e i n reactio n tim e (se e Townsen d & 

Ashby ,  1983 ;  Luce ,  1986) .  Th e model s tak e th e for m o f 

eithe r  assumin g th e comparison s ar e performe d sequentially , 

or  the y ar e performe d i n paralle l  bu t  a t  a  reduce d rat e du e t o 

th e nee d t o shar e th e resource s tha t  enabl e paralle l  processing . 

I n general ,  examinin g th e m e a n dat a ca n no t  distinguis h 

betwee n th e seria l  o r  paralle l  resourc e limite d processin g 

models .  However ,  i f  th e d a u (e.g. ,  Schneide r  &  Shiffrin , 

1977 ,  experimen t  2 )  sho w a  self-terminatin g sca n i n whic h th e 

slop e o f  th e positiv e m e a n functio n iiKrease s a t  hal f  th e rat e 

of  th e negativ e fimction ,  an d th e slop e o f  th e varianc e functio n 
increase s faste r  fo r  th e positiv e tha n th e negativ e responses . 
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the n ther e i s stron g suppor t  fo r  a  seria l  compariso n proces s 

(se e Townsen d &  Ashby ,  1983 ;  Luce ,  1986) .  I n thi s pape r  w e 

examin e w h y th e processin g mus t  sometime s b e seria l  eve n 

wit h paralle l  hardware . 

Existin g model s generall y d o no t  provid e a n interpretatio n 

of  w h y processin g shoul d b e seria l  o r  resourc e limited .  Fro m 

th e physiologica l  perspectiv e ther e i s littl e justificatio n fo r  a 

requiremen t  tha t  visua l  processin g b e serial .  Th e retin a an d 

earl y level s o f  th e visua l  syste m certainl y operat e i n paralle l 

wit h differen t  retina l  location s activatin g topographicall y 

distinc t  section s o f  tissu e i n multipl e visua l  map s (Desimon e 
& Ungerleider ,  1989) .  I t  m a y b e tha t  thes e paralle l  channel s 

must  converg e t o a  singl e comparato r  whic h become s 

inaccurat e whe n receivin g multipl e inputs .  Th e presen t  mode l 

explicitl y  model s suc h a  conq)arato r  i n a  connectionis t 

simulation ,  an d map s ou t  accurac y a s a  functio n o f  th e numbe r 

of  concurren t  inputs .  Th e simulation s describe d i n thi s pape r 

provid e evidenc e fo r  seria l  con:q)arison s withi n a  singl e 

con^arato r  module .  Paralle l  con^arison s ar e stil l  conceivabl e 

i f  mor e tha n on e comparato r  i s available .  However ,  th e 

behaviora l  dat a support s th e vie w tha t  h u m a n visua l  an d 
memory processin g i s serial ,  an d i s likel y t o represen t 

processin g b y a  singl e comparato r  i n varie d mappin g searc h 

Usks . 

Modular Organization of Cortical Anatomy 

Th e presen t  mode l  utilize s a  c o m m o n modula r  architectur e 
and paralle l  processin g incorpwatin g salien t  feature s o f 

cortica l  processing .  Cell s throughou t  corte x (pos t  th e initia l 

sensor y area s suc h a s visua l  are a V I )  sho w simila r  pattern s o f 
layering ,  type s o f  cells ,  an d loca l  connections .  T h e structur e 

of  corte x i s modular ,  wit h processin g occurrin g i n identica l 

columns ,  o r  hypercolumns ,  whic h ar e highl y connecte d withi n 
and sparsel y connecte d betwee n (Moumtcastle ,  1979) .  Studie s 
of  V 2 corte x sho w a  structure d layerin g syste m o f  cell s an d 

connection s (Lund ,  HendricksOTi ,  Ogren ,  &  Tobi ,  1981) . 

Informatio n i s transmitte d throug h a  colum n i n a  fee d forwar d 

directio n throug h tw o layer s o f  pyramida l  cells .  A n exciutor y 
signa l  i s  inpu t  t o Laye r  4  pyramida l  cells ,  whic h projec t  t o 

laye r  2- 3 pyramida l  cells ,  whic h i n tur n projec t  ou t  o f  th e 

colunm .  I n addition ,  ther e ar e recurren t  connection s withi n a 
column ,  i n whic h excitator y pyramida l  cell s feedbac k t o 
themselves .  Inhibitor y intemeuron s ar e primaril y loca l 
connection s withi n a  column ,  an d i t  i s  though t  the y perfom i 

gatin g an d modulator y functions .  A  specia l  clas s o f  axon -

axo n inhibitor y cel l  i s  th e chandelie r  cell ,  whic h connect s t o 
th e axo n initia l  segment s o f  set s o f  pyramida l  outpu t  cell s 

(Peters ,  1984) .  Chandelie r  cell s hav e fas t  inhibitor y effects , 

and possibl y functio n a s attentiona l  gatin g device s (se e 

Shedde n &  Schneider ,  1990 ,  Dougla s &  Martin ,  1990) . 

A Modubr Connectionist Model 
Th e simulatio n unde r  discussio n wa s implemente d i n th e 

C A P2 compute r  simulatio n environment .  Th e genera l  mode l 
incorporate s modules ,  units ,  layers ,  an d contro l  element s 
whic h ca n b e combine d i n variou s architectuira l  configurations . 
A modul e consist s o f  a n inpu t  laye r  o f  units ,  a  recurrentl y 

connecte d auto-associativ e matrix ,  a  feed-forwar d associativ e 

matrix ,  an d a n outpu t  laye r  o f  unit s (se e Figur e 1) .  Module s 

ca n b e adde d t o th e syste m i n breadth ,  s o tha t  severa l  inpu t 

module s (Figur e 1 :  l a an d lb )  connec t  t o on e highe r  leve l 

modul e (Figur e 1 :  2a) .  I n addition ,  module s ca n b e adde d t o 

th e syste m i n depth ,  creatin g severa l  hierarchica l  layers . 

Associate d wit h eac h modul e ar e contro l  element s (gai n an d 

feedback )  whic h manipulat e signa l  strengt h withi n th e system , 

and repor t  element s (activit y an d priority )  whic h manipulat e 

attentiona l  effects . 

Eac h modul e effectivel y ha s thre e layer s makin g u p a 
connectionis t  network ,  includin g th e modul e inpu t  laye r 

(traditionall y calle d th e hidde n layer) ,  th e modul e outpu t 

layer ,  an d th e dat a inpu t  (whic h m a y b e th e outpu t  fro m th e 

previou s leve l  o f  modules) .  T h e curren t  simulatio n consist s o f 

tw o module s connecte d hierarchically ,  s o tha t  th e outpu t  fro m 

on e modul e feed s forwar d throug h a n associativ e matri x t o 

become th e dat a inpu t  t o th e othe r  module . 
Th e mode l  incoiporate s th e recurren t  natur e o f  cortica l 

within-colum n connection s a s see n o n Laye r  4  pyramida l  cells . 

Th e module s ar e in^lemente d differentl y fro m th e standar d 

three-laye r  connectionis t  network ,  i n tha t  th e iiq)u t  laye r  o f 
eac h modul e i s recurrentl y connecte d throug h a n auto -

associativ e matri x t o itself .  I n thi s w a y informatio n inpu t  t o 

th e modul e o n eac h iteratio n i s a  functio n o f  th e externa l  inpu t 

plu s interna l  feedbac k fro m previou s transmissions .  I n a 
hierarchicall y organize d architectur e th e externa l  inpu t  i s 

receive d from  a n inpu t  modul e (o r  modules )  o n th e processin g 

laye r  below ,  an d th e strengt h o f  th e externa l  signa l  i s 
controlle d b y a  scala r  gai n contro l  elemen t  associate d wit h th e 
inpu t  module .  Th e strengt h o f  th e interna l  feedbac k signa l  i n 

a modul e i s controlle d b y a  scala r  feedbac k contro l  elemen t 

associate d wit h tha t  module .  Thus ,  th e gai n an d feedbac k 
contro l  element s functio n t o modulat e th e outpu t  o f  a 
populatio n o f  unit s i n a n analogou s fashio n t o th e 

hypothesize d functio n o f  th e inhibitor y chandelie r  cel l 

discusse d earlier .  I n general ,  th e ne t  inpu t  t o a  modul e is : 
net  inpu t  =  (feedbac k *  interna l  input )  +  (gai n *  externa l  input) , 
wher e feedbac k an d gai n ar e scala r  value s an d th e interna l  an d 

externa l  input s ar e vectors . 

Simulations. The vector space far one simulation consists 
of  te n pair s o f  inpu t  an d targe t  vectors ,  eac h havin g a  lengt h 

of  5 0 units ,  wit h couelaiion s o f  0.1 5 o r  belo w withi n th e 
members o f  eac h inpu t  an d targe t  vecto r  se t  Thi s i s don e b y 

generatin g rando m vector s an d discardin g thos e wit h 
correlation s abov e 0.15 .  Activatio n level s fo r  eac h vecto r  mii t 

rang e from  -1. 0 t o 1.0 ,  wit h a  restin g activatio n o f  0.0 .  Inpu t 

vector s an d targe t  vector s hav e uni t  activation s se t  randoml y 
t o -1. 0 o r  1.0 ,  an d th e targe t  vecto r  unit s ar e the n clippe d t o -
0. 9 o r  0. 9 respectively . 

Durin g trainin g a n iî u t  vecto r  i s presente d t o th e system , 
activatio n i s allowe d t o sprea d throug h th e network ,  an d th e 

erro r  i s calculate d betwee n th e outpu t  vecto r  an d th e targe t 
vector .  Activatio n o f  th e hidde n laye r  unit s ar e allowe d t o 
rang e freely  betwee n -1. 0 an d 1.0 ;  activatio n o f  th e outpu t 
layC T unit s ar e subjecte d t o th e nonlinea r  logisti c fimctio n 

547 



M O D U L ES 

OUTPUT 

HIDDEN/ 

INPUT 

- i 
REPORT 

i k 

u 

l b 2 a 

h ' 

m 

IT 

C O N N E C T I O NS 
*\Excititof y 

J.  •-Oinhibitor y 
Gai n 

m 

Feedbac k 
Activit y 

=Dat a 
•Outpu t 
Contro l 
Signal s 

L o c a l  C o n t r o l  S t r u c t u r e 

Figur e 1 :  A  connectionis t  mode l  o f  cortica )  processing .  Thi s mode l  consist s o f  a  tw o laye r  structur e tha t  parallel s th e cortica l  inpu t 
laye r  4  pyramida l  cells ,  an d th e cortica l  outpu t  laye r  2, 3 pyramida l  cells .  Inhibitor y modulatio n unit s contro l  th e strengt h o f  th e interna l 
feedbac k an d outpu t  signal s (feedbac k an d gain) .  Activit y an d priorit y contro l  informatio n i s carrie d b y repor t  unit s (laye r  5, 6 pyramida l 
cells )  whic h transmi t  t o centra l  contro l  structure s a s wel l  a s directl y t o th e inhibitor y modulatio n units .  Th e thic k dotte d lin e illustrate s 
th e informatio n flo w fro m lef t  t o right  throug h tw o modules .  Th e C A P 2 envirorunen t  i s describe d i n mor e detai l  elsewher e (Schneide r 
& Detweiler ,  1987 ;  Detweile r  &  Schneider ,  i n press ;  Shedde n &  Schneider ,  1990 ;  G u p U &  Schneider ,  1991) . 

Connectio n weight s ar e change d b y th e bac k propagatio n o f 
th e erro r  afte r  eac h presenutio n (Rumelhart ,  Hinton ,  & 

Williams ,  1986) .  A t  th e sam e tim e th e recurren t  connectio n 

weight s o f  th e auto-associatio n matri x a t  th e hidde n laye r  ar e 

change d usin g th e delt a learnin g rul e (se e McClellan d & 

Rumelhart ,  1988) .  Th e networ k i s traine d fo r  2 0 epochs ,  eac h 

of  whic h consis t  o f  on e presentatio n o f  al l  input/targe t  vecto r 

pair s i n rando m order .  A t  th e completio n o f  trainin g th e 

syste m ha s reache d th e criterio n o f  1 0 0 % accurac y an d 

correlation s o f  0.9 4 t o 0.9 9 betwee n th e outpu t  an d targe t 

vector s fo r  eac h inpu t  pattern . 

The Vector Comparison Task. The task set for the system 

i s a  simpl e matchin g task ,  i n whic h vector s t o b e matche d ar e 
presente d alon g wit h 1 ,  2 ,  3 ,  o r  4  compariso n vectors ,  thu s 

requirin g eithe r  1 ,  2 ,  3 ,  o r  4  paralle l  comparisons .  Durin g 
testin g ever y inpu t  vecto r  i s use d i n tur n a s th e vecto r  t o b e 

matche d (sampl e vector) ,  an d th e compariso n vector s ar e 

chose n randoml y withou t  replacemen t  from  th e remainin g 

vector s i n th e set .  O n positiv e trials ,  on e o f  th e compariso n 

vector s i s identica l  t o th e sampl e vector .  A n equa l  nimibe r  o f 

positiv e an d negativ e trial s ar e presented .  O n eac h tria l  th e 

compariso n se t  o f  inpu t  vector s ar e added ,  an d scale d a s a 

functic m o f  th e numbe r  o f  input s (e.g. ,  th e additio n o f  from  2 

t o 5  vector s ar e scale d fro m 0. 5 t o 0. 2 o f  th e singl e vecto r 

input) .  Activit y i s  allowe d t o buil d i n th e syste m fo r  5 

iteration s o f  exlana l  inpu t  plu s interna l  recurren t  feedback . 

Th e d a u presente d belo w ar e from  5  differen t  set s o f  1 0 
input/targe t  vecto r  pairs ,  processe d a t  4  level s o f  feedbac k 
(discusse d below) ,  fo r  a  tota l  o f  2 0 simulation s an d 5 0 datu m 

point s pe r  condition . 

Th e measur e o f  evaluatio n th e networ k use s t o determin e a 

matc h i s vecto r  activity .  Th e vecto r  activit y i s th e strengt h o f 
th e evoke d vecto r  followin g th e summatio n o f  tw o o r  mor e 

inpu t  vectors .  Fo r  exan^le ,  i n Figur e 1 ,  module s l a an d l b 

outpu t  an d activat e vector s i n modul e 2a .  A n inpu t  vecto r 

evoke s a  specifi c  patter n o f  activit y ove r  th e inpu t  an d outpu t 

layer s o f  th e module .  W h e n multipl e vector s ar e presente d 

thei r  effec t  o n th e inpu t  laye r  i s  additive ,  thu s whe n th e 

vector s ar e simila r  th e overal l  leve l  o f  activit y wil l  b e highe r 

tha n whe n the y ar e uncorrelate d (se e Schneide r  &  Oliver , 

1991) . 
O ne measuir e o f  vecto r  activit y i s th e averag e su m o f  th e 

square d activit y o f  eac h unit ,  whic h ca n b e though t  o f  i n 

geometri c term s a s th e lengt h o f  th e vector .  W h e n tw o 

vector s ar e adde d together ,  th e lengt h o f  th e resultan t  vecto r 
i s a  measur e o f  th e similarit y o f  th e tw o vectors .  Th e 

resultin g activit y i s equa l  to : 

etctivhyroporuf, 4*^, yf*^ I'l M«>»® 

wher e n  i s th e numbe r  o f  vecto r  imits ,  thet a i s  th e angl e 
betwee n th e vectors ,  arK l  Ix l  an d ly l  ar e th e Euclidia n length s 

of  th e vector s x  an d y . 

I n a  matchin g tas k a  syste m attempt s t o detec t  a  matc h i f 

th e measur e o f  activit y (o r  vecto r  length )  i s  abov e a  se t 

criterion ,  an d rejec t  a  matc h otherwise .  Thi s analysi s 

examine s th e functio n o f  accurac y a t  thi s tas k wit h a n 
increasin g numbe r  o f  paralle l  comparisons .  A  measur e o f 

compariso n accurac y i s provide d b y th e d '  metric .  Th e d ' 

(fro m Signa l  Detectio n Theory )  i s a  measur e o f  th e signa l 

detectio n sensitivit y o f  a  system ,  an d take s int o accoun t 
possibl e respons e biase s (Tanne r  &  Swets ,  1954) .  Ther e ar e 
tw o distribution s o f  possibl e vecto r  activity ,  on e i n whic h n o 

matc h occur s (noise) ,  an d on e i n whic h a  matc h doe s occu r 

(signa l  plu s noise) .  T o achiev e hig h accurac y th e syste m mus t 

not  onl y detec t  th e signal ,  bu t  mus t  m a k e a  correc t  rejectio n 
of  nois e i n whic h n o signa l  occurs .  Thu s a  matc h criicriM i 
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must  b e chose n s o tha i  bot h th e probabilit y  o f  missin g a  signa l 

and th e probabilit y o f  makin g a  fals e alar m t o nois e ar e low . 

Thi s i s onl y possibl e i f  sensitivit y t o th e signa l  i s  hig h enough , 

tha t  is ,  i f  ther e i s  enoug h distanc e betwee n th e tw o 

distribution s o f  noise ,  an d signa l  plu s noise .  Th e d '  i s  a 
measur e o f  th e distanc e betwee n th e mean s o f  th e tw o 

distribution s i n norma l  standar d deviations ,  an d i s therefor e a 

measur e o f  sensitivit y tha t  i s  no t  affecte d b y th e possibl e 

positiv e o r  negativ e respons e biase s fo r  whic h human s ar e 

prone .  F ro m d' ,  i f  on e assume s a  non-biase d criterio n i t  i s 

possibl e t o determin e th e probabilit y  fo r  error ,  whic h i s simpl y 

th e are a unde r  th e overlappin g tail s o f  th e tw o distributions . 

A d *  o f  4 ,  3 ,  2 ,  1 ,  o r  0. 5 norma l  standar d deviation s 
correspond s t o a n erro r  probabilit y o f  0.02 ,  0.07 ,  0.16 ,  0.31 , 

or  0. 4 respectively ,  assumin g th e subjec t  make s a n equa l 

number  o f  misse s an d fals e alarms .  I n scannin g experiment s 

humans ar e generall y expecte d t o maintai n accurac y abov e 
9 5 % an d henc e a  d *  o f  abov e 3  i s expecte d 

D N o Matc h 

DMatc h 

1 2 3  4 
Number  o f  Pkialle l  Companson s 

Figur e 2 :  Activit y o n th e hidde n laye r  i s presente d a s a  functio n 
of  th e numbe r  o f  paralle l  comparisons .  W h e n onl y on e 
compariso n i s necessar y th e differenc e betwee n th e Matc h an d N o 
Matc h distribution s i s large ,  bu t  decrease s dramaticall y i f  multipl e 
comparison s mus t  b e made .  Th e measur e o f  activit y i s  th e 
averag e su m o f  th e square d activit y o f  eac h vecto r  unit .  Erro r 
bar s indicat e on e standar d deviatio n abov e an d belo w th e mean . 

There is much more informatiOTi contained in a vector than 

it s length ,  an d i t  woul d b e possibl e t o trai n a  networ k 
specificall y t o distinguis h betwee n distribution s o f  nois e an d 

signa l  plu s noise .  However ,  w e ar e intereste d th e huma n 
capacit y t o successfull y perfor m comparison s o n th e first  trial . 

Simulation Results. Figure 2 shows the activity level of 

th e hidde n laye r  o f  th e networ k a s eithe r  1 ,  2 ,  3 ,  o r  4  paralle l 
comparison s ar e m a d e (5 0 trial s pe r  condition) .  Th e measur e 

of  activit y i s th e averag e s u m o f  th e square d activit y o f  th e 
vecto r  units .  W h e n onl y on e compariso n i s require d ther e i s 

clea r  separatio n betwee n th e Matc h an d th e N o Matc h 

distribution s (mean s o f  0.8 8 an d 0.7 3 respectively) .  Wit h on e 
compariso n a n activit y criterio n ca n b e se t  whic h result s i n a 
d'  o f  3.4 8 an d a  4 % erro r  rate .  Howeve r  whe n tw o o r  mor e 
comparison s ar e performe d th e differenc e betwee n th e 

distribution s become s m u c h smalle r  an d th e regio n o f  possibl e 

erro r  become s m u c h larger .  Fo r  tw o comparison s th e d '  drop s 

t o 0.9 8 wit h a n erro r  rat e o f  3 1 % ,  whic h woul d no t  b e 

acceptabl e fo r  mos t  searc h tasks . 

Thes e sever e decrement s i n accurac y wit h paralle l 

comparison s ar e robus t  fo r  differen t  metric s o f  activity . 

Figur e 3  show s d '  value s determine d fo r  distribution s base d o n 

th e averag e absolut e valu e o f  vecto r  activit y a s wel l  a s th e 

averag e su m o f  squares ,  fo r  comparison s base d o n th e hidde n 
and outpu t  layer . 

A n importan t  issu e relatin g t o cortica l  architectur e i s 

whethe r  comparison s ca n b e performe d o n th e hidde n o r 

outpu t  layer .  Ther e ar e thre e reason s t o sugges t  tha t  a  modul e 
woul d monito r  th e hidde n rathe r  tha n th e outpu t  layer .  First , 

th e outpu t  pyramida l  cell s ofte n d o no t  m a k e synapti c 

connection s withi n th e layer .  Second ,  i f  th e outpu t  laye r  i s 

gate d t o contro l  th e outpu t  t o th e nex t  level ,  th e compariso n 
coul d no t  b e performe d unti l  th e vecto r  i s transmitte d t o th e 

nex t  leve l  o f  modules .  Third ,  w h e n th e outpu t  laye r  i s 

transmitting ,  th e transmissio n t o th e highe r  leve l  o f  module s 

wil l  interfer e wit h an y othe r  potentia l  signals .  Performin g th e 
compariso n withi n th e modul e allow s othe r  module s t o 

transmi t  t o th e highe r  leve l  modules .  Thi s i s analogou s t o th e 

proble m face d wit h d a u bu s arbitratio n i n compute r 

architectures .  Eac h devic e o n th e bu s limit s it s transmissio n 
i n orde r  t o allo w othe r  device s t o transmi t  o n th e bus . 
Typicall y i n computers ,  eac h devic e make s a  priorit y 

assessmen t  o f  it s  interna l  stat e withou t  transmittin g o n th e bus . 

Dat a i s  transmitte d onl y afte r  th e devic e activate s a  bu s 
reques t  an d i s  grante d permissio n fro m th e bu s arbitratio n 

logi c t o transmi t  th e data .  Fo r  al l  o f  th e abov e reason s i t  i s 

importan t  t o determin e i f  th e matc h coul d b e performe d o n th e 
hidda i  versu s th e ouq)u t  layer . 
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Figur e 3 :  Th e d '  fo r  th e hidde n an d outpu t  layer s i s show n a s a 
functio n o f  th e numbe r  o f  paralle l  comparisons .  T w o metric s o f 
activit y ar e graphed :  Th e averag e su m o f  th e square d activit y o f 
th e vecto r  unit s  (SS) ,  an d th e averag e su m o f  th e absolut e valu e 
of  th e vecto r  unit s  (ABS) .  I n al l  cases ,  d '  decrease s dramaticall y 
i f  mor e tha n on e compariso n i s made . 

Figure 3 graphs the d' values for both the hidden layer and 

th e outpu t  laye r  o f  th e system .  Fo r  bot h layer s ther e i s a 
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robus t  defici t  fo r  multipl e comparisons .  Th e outpu t  laye r  doe s 

sho w belte r  matc h sensitivit y fo r  singl e comparison s (fo r 

example ,  ih e d *  o f  th e averag e absolut e valu e metri c i s 6. 5 

versu s 3.62) .  I t  i s  imclea r  ho w relevan t  th e inacase d 

detectio n sensitivit y i s becaus e huma n sensitivit y i n searc h 

task s i s usuall y belo w 4 .  I n funir e investigation s w e wil l 

determin e ho w th e hidden/outpu t  laye r  d '  difference s var y a s 

a fimclio n o f  th e natur e o f  th e squashin g functio n (w e use d a 

logisti c o n th e outpu t  laye r  an d a  ste p functio n o n th e hidde n 

layer) ,  vecto r  size ,  an d correlation s amon g distractor s an d 

targets .  I n th e curren t  data ,  d '  wa s highe r  o n th e outpu t  layer , 

but  comparison s base d o n th e hidde n laye r  ar e i n th e rang e 

typica l  o f  huma n performance .  Perhap s i n case s wher e 
crosstal k ca n b e manage d an d accurac y i s extremel y important , 

th e mor e effortfu l  compariso n o n th e transmitte d outpu t  i s 

beneficial .  I n an y case ,  a s Figur e 3  illustrates ,  bot h th e hidde n 

and th e outpu t  laye r  sho w th e harmfu l  effect s o f  multipl e 

comparison s o n th e probabilit y  fo r  error . 

Levels of Feedback. The recurrent connections that are 

ubiquitou s throughou t  corte x ar e represente d b y th e auto -
associatio n o n th e hidde n laye r  i n th e model .  A s describe d 

above ,  th e feedbac k contro l  elemen t  modulate s th e strengt h o f 

th e recurren t  signa l  withi n a  module .  Fou r  differen t  level s o f 

feedbac k wer e teste d fo r  eac h numbe r  o f  require d paralle l 
comparisons ,  an d result s  fo r  th e differen t  condition s ar e show n 

i n Figur e 4 .  Whe n onl y on e compariso n i s made ,  th e d '  i s 

reasonabl y hig h fo r  bot h th e hidde n an d outpu t  layer s a t  a 

feedbac k leve l  o f  0.1 ,  bu t  fall s  of f  a t  feedbac k level s abov e 

and belo w 0.1 .  Th e d '  i s  belo w 1. 6 fo r  an y cas e wher e 

multipl e ccxnparison s ar e made ,  an d feedbac k ha s ver y littl e 
effec t 
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Figur e 4 :  Th e d '  fo r  flie  hidde n an d outpu t  layer s fo r  eac h 
number  o f  paralle l  comparison s i s show n a s a  functio n o f  leve l  o f 
feedback .  Th e feedbac k elemen t  control s th e strengt h o f  th e 
interna l  recurren t  signal .  Fo r  th e optimu m feedbac k leve l  o f  0. 1 
th e d '  measur e i s greatest ,  bu t  i t  fall s  of f  wit h highe r  an d lowe r 
level s o f  feedback . 

There are several reasons to include feedback in the module 
makin g comparisons .  First ,  inpu t  o r  hidde n laye r  feedbac k i s 

common i n cortex .  Second ,  feedbac k i s critica l  fo r  latchin g 

and holdin g signals ,  fo r  th e categorizatio n o f  incomin g 

information ,  an d fo r  signa l  bufferin g durin g concurren t 

transmission s (se e Shedde n &  Schneider ,  1990) .  Third , 

feedbac k ma y enhanc e d '  becaus e th e associativ e feedbac k 

wil l  strengthe n previousl y learne d vectors .  Matchin g vector s 

have a  clos e resemblanc e t o previousl y learne d vectors .  I n 

contrast ,  mismatchin g pair s represen t  a  blendin g o f  feature s 

tha t  hav e no t  bee n learne d i n th e auto-associativ e matrix . 

Figur e 4  show s th e effec t  o f  th e strengt h o f  auto-associativ e 
feedbac k o n detectio n sensitivity .  Withou t  feedbac k sensitivit y 

level s ar e lo w (d *  o f  2.7 4 an d 2.1 5 fo r  outpu t  an d hidde n 

layers )  an d th e erro r  rate s ar e highe r  (abou t  10% )  tha n thos e 

typicall y observe d i n scannin g experiments .  Increasin g 
feedbac k t o 0. 1 improve s compariso n sensitivit y t o d ' 

measure s o f  5.6 0 an d 3.4 8 respectivel y fo r  th e outpu t  an d 

hidde n laye r  fo r  a  singl e comparison .  When feedbac k level s 

ar e to o hig h distortio n o f  signal s begin s t o occur ,  an d 

correlation s betwee n th e actua l  an d desire d outpu t  vector s 

drop .  Th e nois e i n th e distribution s increase s an d i t  become s 

more difficul t  t o detec t  a  match .  Ther e appear s t o b e a n 

optimu m leve l  o f  interna l  feedbac k whic h i s hig h enoug h t o 
maintai n signa l  strengt h an d lo w enoug h t o maintai n signa l 

accuracy .  Th e 0. 1 feedbac k rang e tha t  provide d th e bes t 

compariso n sensitivit y  i n thes e simulation s ha s bee n show n i n 

previou s simulation s t o b e bes t  fo r  signa l  maintenanc e 
propertie s a s wel l  (se e Shedde n &  Schneider .  199 0 fo r  othe r 
simulation s dealin g wit h feedback) . 

Serial and parallel processing. In the present architecnire, 

t o respon d accurately ,  th e syste m mus t  serializ e th e 

comparisons .  Fo r  example ,  i f  fou r  displa y item s mus t  b e 

conpare d t o on e memor y item ,  th e syste m input s th e first 

displa y ite m an d th e on e memor y ite m int o a  singl e 
comparato r  module .  The n th e secon d displa y ite m an d th e on e 

memory ite m ar e inpu t  t o th e comparator ,  continuin g unti l  th e 

fourt h displa y ite m ha s bee n compared .  I n thi s wa y accurac y 

can b e maintaine d althoug h processin g lim e increase s linearl y 
(a simila r  argumen t  wa s mad e b y Luc e (1986 ,  p.444 )  fo r 

serializin g comparison s i n a  limite d shor t  ter m memory) .  Th e 

need fo r  th e seria l  processin g o f  comparison s predict s th e 
varie d mappin g searc h data . 

How ca n th e transitio n t o paralle l  processin g i n consisten t 
searc h (se e Shiffrin ,  1988 )  b e explaine d i n thi s architecnire ? 

We assum e tha t  eac h modul e ca n associat e a  priorit y la g fo r 

each learne d vecto r  a t  th e hidde n laye r  level .  I f  ther e i s a 
consisten t  relationshi p i n whic h certai n stimul i  ar e alway s 

targets ,  the y com e l o evok e a  hig h priorit y relativ e t o th e 

distractors .  Eac h modul e make s th e priorit y assessmen t 
internall y i n parallel .  I f  onl y on e modul e ha s a  hig h priorit y 

i t  transmit s first.  Th e reactio n tim e fo r  th e first  transmissio n 

does no t  increas e wit h th e numbe r  o f  stimuli .  Thi s mode l  i s 

detaile d elsewher e (Gupt a &  Schneider ,  1991 )  an d provide s a 

good fit  1 0 practic e effect s i n consisten t  searc h tasks . 

Conclusions and Summary 
Althoug h th e architectur e o f  corte x i s ver y paralle l  ther e ar e 

operation s tha t  mus t  b e performe d serially .  On e o f  thes e 

operation s i s th e compariso n process .  Thi s pape r  describe d 
simulation s i n a  modula r  conneclionis t  architectur e 

550 



incorporatin g centra ]  feature s o f  cortica l  structure .  T h e result s 

illustrat e w h y a  singl e comparato r  modu l e canno t  m a k e 

multipl e comparison s an d stil l  maintai n hig h accuracy . 

Accurat e performanc e require s hig h sensitivit y (d' )  t o th e 

presenc e o f  a  signal ,  an d multipl e comparison s generat e lo o 

m u ch nois e fo r  thi s t o occur .  I n th e presen t  simulation s 

matche s an d mismatche s coul d onl y b e discriminate d a t  h u m a n 

performanc e level s i f  th e comparison s wer e performe d seriall y 

wit h modes t  auto-associativ e feedbac k (0.1 )  o n th e hidde n 
layer .  Fo r  singl e comparison s d '  i s  hig h w h e n measure d o n 

eithe r  th e hidde n laye r  o r  th e outpu t  laye r  o f  th e network .  T h e 

d'  measur e i s robus t  fo r  differen t  metric s o f  activity ,  an d i s 

sensitiv e t o differen t  level s o f  auto-associativ e feedback . 

N o ne o f  th e simulation s involvin g paralle l  comparison s 

produce d accurac y level s con^atibl e wit h th e h u m a n data .  I n 

th e presen t  architecture ,  eve n i f  al l  th e module s coul d transmi t 

i n paralle l  t o highe r  levels ,  th e syste m woul d hav e t o serializ e 
th e comparison s t o maintai n acceptabl e accurac y levels .  T h e 

saializatio n necessitate d i n th e curren t  architectur e matche s 

th e apparen t  seria l  processin g o f  h u m a n s i n varie d mappin g 

m e m o ry an d visua l  search .  Thi s se t  o f  simulation s show s th e 
nee d fo r  seria l  processin g i n paralle l  hardware . 
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