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A connectionis t  m o d e l  o f  attentiona l  e n h a n c e m e n t 

a n d signa l  buffering . 

Judith M. Shedden and Walter Schneider 
Universit y o f  Pittsburg h 

Abstract. The connectionist/control simulation of attentional enhancement, signal maintenance, 
and bufferin g o f  informatio n i s  described .  Th e syste m implement s a  hybri d connectionis t 
architectur e incorporatin g auto-associatio n i n th e hidde n laye r  an d gai n contro l  o n th e hidde n an d 
outpu t  layer .  Th e structur e o f  th e mode l  parallel s majo r  feature s o f  modula r  cortica l  structure . 
Th e attentiona l  selectio n simulation s sho w tha t  a s on e channe l  i s  attenuated ,  th e syste m exhibit s 
attentiona l  captur e i n whic h onl y th e mor e intens e stimulu s i s transmitte d t o highe r  levels .  Th e 
signa l  maintenanc e simulation s sho w tha t  smal l  level s o f  auto-associativ e feedbac k ca n faithfull y 
maintai n shor t  burst s o f  inpu t  fo r  extende d period s o f  time .  Wit h hig h auto-associativ e feedback , 
on e modul e ca n buffe r  informatio n fro m a  previou s transmissio n whil e th e modul e block s th e 
interferenc e resultin g fro m concurren t  transmissions .  Th e combinatio n o f  auto-associativ e 
feedbac k an d gai n contro l  allo w extensiv e contro l  o f  informatio n flow  i n a  modula r  connectionis t 
architecture . 

This paper examines signal control issues in a connectionist processing system. It examines three basic 
cognitiv e operation s o f  attentiona l  enhancement ,  signa l  maintenance ,  an d bufferin g o f  information .  I n huma n 
processin g thes e operation s represen t  contro l  function s tha t  ar e ofte n associate d wit h mechanism s o f  attention . 
Attentio n i s th e selectio n fo r  processin g o f  som e subse t  o f  availabl e informatio n i n th e environment .  Fo r 
example ,  w h e n human s switc h attentio n from  on e ite m t o anothe r  ther e i s a n attentiona l  captur e effec t  wher e the y 
perceiv e on e signa l  t o th e almos t  tota l  exclusio n o f  anothe r  signa l  (e.g. ,  Treisma n &  Riley ,  1969) .  Informatio n 
tha t  i s briefl y presente d i s maintaine d i n a  short-ter m sensor y buffe r  tha t  i s  availabl e fo r  a  substantia l  perio d afte r 
th e sensor y stimul i  ar e remove d (e.g. ,  Speriin g 1960) .  Human s ca n als o buffe r  informatio n i n short-ter m memor y 
whil e encodin g an d actin g o n n e w informatio n (Klapp ,  Marshbum ,  &  Lester ,  1983) . 

Traditional Models of Attention. The mechanism of attentional focus has been a topic of interest to 
psychologist s fo r  year s (se e Shiffrin ,  1988) .  Broadbent' s (1957 ,  1958 )  theor y o f  selectiv e attentio n suggest s a 
filter  mechanism ,  i n whic h informatio n fro m al l  channel s i s initiall y  processe d i n parallel ,  bu t  a t  som e poin t  i n 
th e syste m informatio n converge s o n a  limite d capacit y channel .  Th e mode l  originall y state d tha t  selectio n i s all -
or-none ,  wit h n o informatio n bein g passe d from  othe r  unattende d channels .  Thi s vie w wa s modifie d whe n 
experiment s showe d tha t  unattende d informatio n i s  availabl e unde r  som e circumstances .  Treisman' s (1960 ) 
attenuatio n mode l  i s a  modificatio n o f  th e filter  model .  I t  state s tha t  bot h th e attende d an d unattende d channel s 
receiv e processing ,  bu t  th e processin g i n th e attende d channe l  i s  complete ,  an d th e processin g i n th e unattende d 
channe l  i s  'attenuated '  t o som e degree .  Late r  model s hav e combine d selectiv e processin g wit h limite d paralle l 
processing .  Th e Shiffri n an d Schneide r  (1977 )  mode l  assume s ther e i s a  paralle l  processin g o f  multipl e channel s 
of  consisten t  wel l  learne d information ,  an d seria l  controlle d processin g o f  nove l  o r  inconsisten t  information .  Al l 
of  thes e model s assum e som e mechanis m o f  attentiona l  enhancement .  Fro m thi s perspective ,  th e mechanis m fo r 
enhancemen t  mus t  stil l  b e determined . 

Connectionist Models of Attention. Recently there have been several connectionist models of attention. 
Th e presen t  model s simulat e eithe r  th e selectio n issu e o r  enhancemen t  issue .  Th e Koc h an d Ullma n (1985 )  mode l 
involve s a  winner-take-al l  hierarchica l  mode l  t o indicat e whic h pathwa y i s t o b e selected .  Th e Moze r  (1988 ,  an d 
Mozer  &  Behrmann ,  1989 )  mode l  involve s a  topographi c multidimensiona l  map ,  wit h attentio n represente d a s a 
set  o f  unit s tha t  gat e th e flow  o f  activit y from  lowe r  level s i n proportio n t o th e strengt h o f  th e attentiona l  map . 
Th e Cohen ,  Dunba r  an d McClellan d (i n press )  mode l  examine s th e effec t  o f  th e enhancemen t  o f  th e attende d 
channe l  vi a contro l  o f  th e restin g level s o f  th e attende d an d unattende d pathways .  Th e mode l  i s  appbe d t o 
performanc e i n th e Stroo p task .  Ou r  curren t  simulatio n examine s th e enhancemen t  effec t  unde r  th e assumptio n 
tha t  attentio n involve s changin g contro l  parameter s o f  a  connectionis t  module .  Th e selectio n issu e i s no t  deal t 
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wit h i n thi s pape r  an d wil l  b e addresse d i n futur e papers . 

Physiology of Attention. The idea of attenuation, or inhibition of an unattended, competing signal is 
supporte d b y physiologica l  findings.  M o r a n an d D e s i m o n e (1985 )  measure d th e effect s o f  attentio n o n singl e 
cell s i n primat e extrastriat e visua l  corte x (are a V 4 ) .  Attentio n influence s th e outpu t  rat e o f  V 4 neuron s a s 
measure d wit h microelectrod e recordings .  T h e post-stimulu s tim e histogram s s h o w a  stron g attentiona l  effec t 
(Mora n &  D e s i m o n e ,  198 5 an d persona l  communicat ion s Des imone ) .  T h e effec t  o f  selectiv e attentio n i s th e 
attenuatio n o f  th e signa l  f ro m th e unattende d stimuli ,  an d no t  a n enhancemen t  o f  th e signa l  from  th e attende d 
stimuli .  Thi s attenuatio n i s a  latera l  inhibitio n withi n th e receptiv e field  o f  th e respondin g cell ,  an d th e reductio n 
i n response  o f  th e unattende d cell s i s t o 1/ 3 o f  th e attende d state .  T h u s ,  ther e i s roughl y a  3: 1 rati o o f 
attended/unattende d signal .  Thi s rati o i s a n importan t  on e from a  model in g standpoint ,  becaus e i t  provide s a 
physiologica l  benc h m a r k agains t  wh ic h t o tes t  th e performanc e o f  th e mode l . 

Cortical neuroanatomy provides connection pattems and unit types that can be a basis for models of 
attentiona l  functioning .  M o s t  o f  corte x pos t  th e first  sensor y area s (e.g. ,  pos t  V I  i n vision )  s h o w s a  simila r 
layerin g o f  cell s an d cel l  types .  Studie s o f  V 2 corte x identif y cortica l  connection s an d componen t s (Lund , 
Hendrickson ,  Ogren ,  &  Tob i ,  1981) .  Cortica l  processin g appear s t o occu r  i n a  modu la r  structur e o f  co lumn s 
(Mountcastl e 1979) .  T h e forwar d informatio n flow  passe s throug h t w o layer s o f  pyramida l  cell s an d input s int o 
laye r  4 ,  the n t o laye r  2- 3 pyramida l  cells ,  an d the n ou t  t o th e nex t  m o d u l e (se e L u n d el .  al .  1981) .  T h e laye r 
4 cell s c o n n e a recurrently  t o themselve s providin g a  feedbac k path .  I n additio n ther e ar e inhibitor y intemeuron s 
tha t  ar e primaril y withi n a  layer .  Ther e i s a  specia l  clas s o f  axon-axo n inhibitor y cell s calle d chandelie r  cell s 
tha t  attenuat e larg e n u m b e r s o f  outpu t  cell s (se e Peters ,  1984) .  Thi s cel l  c;v n inhibi t  th e outpu t  o f  set s o f 
pyramida l  cells .  T h e fas t  larg e scal e inhibitor y effect s o f  chandelie r  cell s m a k e t h e m a  goo d candidat e fo r  th e 
attenuatio n effect s see n b y M o r a n an d D e s i m o n e (1985) . 
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FIGURE 1: A connectionist model of cortical processing. It parallels the cortical processing in 
tha t  i t  i s  a  t w o laye r  structur e (inpu t  laye r  4  a n d outpu t  laye r  2,3) .  Inpu t  feedbac k a n d outpu t 
ar e controlle d b y t w o inhibitor y modulatio n units .  Contro l  signal s ar e provide d b y repor t  unit s 
(laye r  5,6 )  transmittin g informatio n regardin g th e activit y a n d priorit y o f  th e inpu t  t o m o r e centra l 
contro l  structure s a n d influencin g th e loca l  gatin g o f  laye r  Z J activity .  Thes e contro l  structure s 
ar e a s s u m e d t o influenc e th e feedbac k a n d gai n signal s withi n a  module . 

CAP2 Architecture. The CAP2 architecture is a computer simulation environment designed to 
implemen t  a  modu la r  connectionis t  architectur e incorporatin g th e majo r  feature s o f  cortica l  processin g t o predic t 
h u m an attentiona l  effects .  T h e m o d e l  consist s o f  a  variabl e n u m b e r  o f  modu les ,  units ,  layers ,  an d contro l 
elements ,  wh ic h ca n b e c o m b i n e d t o creat e severa l  differen t  connectionis t  architectura l  configurations .  A  m o d u l e 
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consist s o f  a n inpu t  laye r  o f  units ,  a n 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 connec t  t o on e outpu t  module .  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 . 

Control elements are an important part of the CAP2 environment, and include internal feedback control, 
outpu t  gai n control ,  an d modul e activit y an d priorit y report s (se e Schneide r  &  Detweiler ,  1987 ,  fo r  a  discussio n 
of  th e activit y an d priorit y  report) .  Thes e contro l  element s ar e scale r  value s derive d fro m th e activit y o f  th e 
modul e itself ,  o r  assigne d fro m outsid e th e module ,  an d ac t  t o modulat e attentiona l  processing .  Feedbac k contro l 
increase s o r  decrease s th e strengt h o f  th e signa l  alread y i n th e system .  Gai n contro l  increase s o r  decrease s th e 
strengt h o f  th e outpu t  signal . 

net  inpu t  =  (feedbac k *  interna l  input )  +  (gai n *  externa l  input ) 

Th e mode l  include s standar d connectionis t  layer s wit h additiona l  associatio n an d contro l  effects .  Th e 
simulatio n describe d i n thi s pape r  consist s o f  tw o module s connecte d hierarchically .  Eac h modul e i s a 
connectionis t  networ k consistin g o f  thre e layers ,  includin g th e dat a input ,  th e modul e inpu t  laye r  (standar d 
hidde n laye r  i n bac k propagation) ,  an d th e outpu t  layer .  Figur e 1  show s th e layer s an d connections .  Eac h laye r 
has 5 0 units ,  an d eac h uni t  i n on e laye r  i s conneae d b y a  se t  o f  weight s t o ever y uni t  i n th e adjacen t  layers . 
Th e module s ca n b e cascade d s o th e outpu t  laye r  o f  on e modul e i s th e dat a inpu t  o f  th e next .  Learnin g o f  inpu t 
outpu t  pattern s i s accomplishe d vi a bac k propagatio n (se e Rumelhart ,  Hinton ,  &  Wi lbams ,  1986) . 

The system differs from a standard three layer network in that the hidden layer is connected through an 
auto-associativ e matri x t o itsel f  (se e connection s fo r  Laye r  4  cell s t o themselve s a s wel l  a s laye r  2- 3 cells) .  Th e 
auto-associativ e matri x i s taugh t  t o reproduc e th e hidde n laye r  usin g delta-rul e learnin g (se e McClellan d & 
Rumelhart ,  1988) . 

The system includes control elements that modulate the output from one layer to the next. These control 
element s ar e connecte d i n a  manne r  simila r  t o th e connection s o f  cortica l  chandelie r  cell s (e.g. ,  on e uni t  providin g 
a scale r  reductio n o f  th e populatio n o f  unit s t o whic h i t  i s  connected) .  Th e tw o contro l  unit s determin e feedbac k 
and gai n (righ t  o f  Figur e 1) .  Manipulatio n o f  th e feedbac k contro l  elemen t  affect s th e strengt h o f  th e signa l 
throug h th e auto-associatio n matrix .  Thi s allow s th e syste m t o hol d a  signa l  afte r  th e externa l  inpu t  i s turne d 
off .  Th e signa l  ca n b e perpetuate d b y cyclin g throug h th e auto-associativ e matrix .  Contro l  o f  th e gai n cel l  limit s 
th e outpu t  o f  th e informatio n fro m on e modul e t o th e inpu t  o f  th e next .  Th e mode l  als o include s repor t  cell s use d 
fo r  determinin g wher e t o switc h attentio n an d automati c processin g withi n a  modul e (se e Schneide r  1985 , 
Schneide r  &  Detweile r  1987) .  Thes e howeve r  ar e no t  use d i n th e curren t  model . 

Learning. The vector space for the simulation consists of ten input vectors and ten target vectors. 
Activatio n level s hav e m a x i m u m value s o f  1.0 ,  m in imu m value s o f  -1.0 ,  an d a  resting  activatio n o f  0.0 .  Inpu t 
vector s ar e o f  lengt h 50 ,  wit h initia l  activation s se t  randoml y t o 1. 0 o r  -1.0 ,  an d the n clippe d t o 0. 9 o r  -0. 9 
respectivel y fo r  eac h unit .  Targe t  vector s ar e als o o f  lengt h 50 ,  wit h initia l  activation s se t  randoml y t o 1. 0 o r 
-1. 0 fo r  eac h unit .  Th e se t  o f  al l  inpu t  an d targe t  vector s ar e force d t o hav e correlation s belo w 0.1 5 wit h al l 
othe r  vector s i n th e set . 

Input vectors and target vectors are paired, and training of the network consists of back propagation of 
erro r  (Rumelhart ,  et .  al .  1986 )  afte r  presentatio n o f  eac h inpu t  pattern .  Th e activatio n functio n o n th e outpu t  i s 
a logistic : 

activation = 1 + e -n^dnput 

The weights of the autoassociation matrix are changed using delta rule learning (see McQelland & 
Rumelhart ,  1988) ,  wit h th e hidde n laye r  vecto r  a s th e inpu t  an d th e target .  On e epoc h i s define d a s th e 
presentatio n o f  eac h inpu t  patter n once ,  althoug h th e presentatio n orde r  i s randomize d fo r  eac h epoch .  Th e 
networ k i s traine d fo r  1 5 epochs ,  a t  whic h poin t  th e syste m ha s learne d t o a  criterio n o f  1 0 0 % accurac y an d 
correlation s betwee n outpu t  an d targe t  vector s ar e abov e 0.9 8 fo r  eac h inpu t  pattern . 
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The networ k learne d 10 ,  50 ,  an d 10 0 vecto r  pair s o f  5 0 unit s eac h i n 2 ,  7  an d 1 3 epochs ,  perfectl y 
choosin g th e bes t  matchin g response  fo r  th e input .  Th e correlatio n betwee n outpu t  an d targe t  vector s climb s mor e 
slowl y reaching  correlation s o f  .98 ,  .73 ,  an d .5 5 respectively.  Thi s performanc e illustrate s th e larg e potentia l 
storag e capacit y o f  th e model ,  whic h i s importan t  whe n relatin g mode l  performanc e t o brai n performance .  O n e 
cortica l  hypercolum n ha s bee n estimate d t o contai n ten s o f  thousand s o f  cell s (Mountcastle ,  1979) ,  suggestin g tha t 
informatio n i s code d no t  a s a  singl e uni t  bein g on ,  bu t  rathe r  vector s i n whic h a  subse t  o f  unit s ar e turne d on . 
We hav e worke d wit h 10 ,  25 ,  5 0 an d 20 0 uni t  vector s an d find  th e performanc e o f  th e mode l  work s wel l  wit h 
larg e vectors .  W e us e 5 0 elemen t  vector s tha t  allo w codin g o f  larg e number s o f  vector s wit h mos t  vector s 
showin g littl e correlation .  Th e 5 0 elemen t  vector s d o no t  require  th e lon g simulatio n time s o f  ver y larg e vectors . 
Al l  furthe r  testin g discusse d belo w i s don e wit h inpu t  an d targe t  vecto r  set s o f  te n vector s each ,  afte r  learnin g 
i s completed . 

Attentional Enhancement and Attentional Capture. A basic characteristic of attentional switching in 
humans i s th e attentiona l  captur e effect .  A s on e move s attentio n from  on e stimulu s t o another ,  ther e i s a  sudde n 
chang e fix)m  perceptio n o f  th e first  stimulu s t o perceptio n o f  th e second .  O n e doe s no t  se e a  mixtur e o f  th e tw o 
stimuli .  Thi s i s illustrate d b y observin g a  Necke r  cube .  On e perceive s i t  i n on e orientatio n o r  th e other ,  an d 
thi s perceptio n m a y switc h betwee n orientations ,  bu t  on e doe s no t  se e a  gradua l  shif t  o r  a  combinatio n o f  th e tw o 
orientations .  Thi s effec t  i s  on e o f  th e characteristic s investigate d i n thi s model . 

gai n contro l 

FIGURE 2: Diagram of attentional control between modules. The connections between modules 
represen t  vectors .  Th e gai n contro l  i s  a  scale r  multiplicatio n o f  al l  th e element s o f  th e vector . 
Eac h modul e connect s t o an d receive s fro m multipl e modules .  Attentiona l  enlxancemen t  o f  A 
involve s havin g a  highe r  gai n o n th e A  modul e relativ e t o th e B  module .  Bufferin g involve s 
loadin g a  messag e fro m A  t o X  an d storin g th e messag e i n X  whil e a  secon d messag e i s sen t 
fro m B  t o Y .  Sinc e B  i s connecte d t o bot h X  an d Y  th e X  modul e mus t  hol d th e A  messag e durin g 
th e transmissio n fro m B  (se e text) . 

This simulation examines what is perceived when the relative signal strength of the attended and 
unattende d messag e i s altered .  Doe s th e receiving  modul e ge t  a  clea r  signa l  o f  on e o f  th e messages ? A t  wha t 
relative  strengt h ar e th e message s clear ? Figiu ^  2  illustrate s th e basi c structur e o f  th e model .  Th e A  an d B 
signal s ar e inpu t  t o th e X  module .  A s th e relative  strengt h o f  th e tw o input s changes ,  th e X  modul e settle s o n 
eithe r  th e A  o r  B  signal .  Th e tw o inpu t  vector s ar e presente d t o th e networ k simultaneousl y fo r  eleve n testin g 
trials .  O n eac h tria l  th e gai n (strength )  o f  eac h vecto r  i s increase d o r  decrease d b y 0.1 ,  s o tha t  th e tota l  strengt h 
of  bot h vector s i s alway s 1.0 .  Thi s i s don e fo r  al l  combination s o f  tw o inpu t  vectors .  Not e th e attentiona l 
caphir e test s wer e don e wit h learnin g turne d off ,  usin g th e auto-associativ e an d norma l  associativ e matrice s 
develope d i n learnin g th e 1 0 vecto r  patterns . 
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Th e relative  gain s were : 

Trial: 1 2 3 4 56789 10 11 
Vec A  Gain :  1 .  . 9 . 8 . 7 . 6 . 5 . 4 . 3 . 2 . 1 . 0 
Vec B  Gain :  . 0 . 1 . 2 . 3 . 4 . 5 . 6 . 7 . 8 . 9 1 . 

The question being asked is what vector or combination of vectors will be received by the output 
module ? Accurac y i s determine d a s th e bes t  matc h betwee n outpu t  an d target .  Thus ,  i f  testin g vecto r  A ,  th e 
tria l  i s  correc t  i f  tf>e  outpu t  ha s a  highe r  correlatio n wit h targe t  A  tha n wit h an y o f  th e othe r  possibl e targe t 
vectors .  Th e lef t  pane l  o f  Figur e 3  show s th e accurac y measur e an d correlation s fo r  th e average d dat a ove r  al l 
inpu t  pairs ,  an d show s tha t  a t  a  .7:. 3 ratio ,  al l  vector s ar e accuratel y identifie d withou t  contaminatio n fro m th e 
interferin g vector .  O f  mor e interes t  i s  a n analysi s o f  individua l  vecto r  pairs ,  a n exampl e o f  whic h i s show n i n 
th e right  pane l  o f  Figur e 3 .  Not e tha t  wit h a  0. 1 chang e i n relative  strengt h ther e i s a  complet e shif t  fi^om 
perfec t  recognition  o f  th e A  vecto r  t o perfec t  recognition  o f  th e B  vector .  I n ever y cas e a  differenc e o f  0. 1 i n 
vecto r  activatio n i s enoug h t o caus e a  shar p transitio n betwee n th e perceptio n o f  vecto r  A  o r  vecto r  B .  Ther e 
i s variabilit y  betwee n vecto r  pair s fo r  th e positio n o f  thi s transitio n point ,  an d tha t  account s fo r  th e wide r 
crossove r  i n th e average d dat a (Figur e 3 ,  lef t  panel) . 

•  VECTOR A  ACCUIUCV 

O VECTOR A CORRELATION 

VECTOR • ACCURACY 

e VECTOR > CORREIATIOK 

04 DJ Ot 
VECTOR!  A  CAI N 

0)  0 4 OJ Ot 
VECTOR AGAI N 

F I G U R E 3 :  Attentiona l  Captur e Effects .  Th e lef t  pane l  show s th e average d dat a fo r  4 5 vecto r 
pairs ,  eac h pai r  presente d simultaneousl y t o th e network .  Tota l  gai n i s alway s equa l  t o 1.0 .  Fo r 
example ,  i f  th e gai n ofvector A =  0.7 ,  the n th e gai n ofvector B =  0 3 .  Show n ar e th e bes t  matc h 
accurac y dat a an d th e correlatio n data .  Th e righ t  pane l  show s th e dat a fo r  a  singl e vecto r  pair . 
Vector A an d vector B ar e presente d simultaneously .  Bes t  matc h accurac y an d correlatio n wit h 
matchin g targe t  vecto r  ar e show n fo r  eac h vecto r  a t  eac h leve l  o f  gain . 

The simulation shows a clear signal capture effect with only the stronger vector being perceived at a 
strengt h rati o o f  7  t o 3 .  Recal l  tha t  th e attentiona l  dat a fro m Mora n an d Desimon e (1985 )  show s a  required 
differenc e o f  3: 1 fo r  th e attended/unattende d ratio ,  a  poin t  a t  whic h th e curren t  networ k provide s clea r  capture . 
Not e i n thi s mode l  tha t  althoug h th e attentio n effec t  involve s gradua l  attenuation ,  th e networi c interaction s produc e 
an al l  o r  non e switc h t o th e enhance d signal .  Al l  o f  thes e test s wer e wit h vector s wit h lo w correlations ;  w e 
expec t  t o se e som e mixtur e effect s wit h mor e highl y correlate d vectors . 

Signal Maintenance and Normalization. Much of perception involves the input of brief bursts of 
informatio n tha t  ca n the n b e read  ou t  ove r  a  perio d o f  time .  A  brie f  visua l  stimulu s ca n b e read  ou t  o f  iconi c 
storag e fo r  ove r  a  hal f  a  secon d (e.g. ,  Sperling ,  1960) .  On e ca n fixate a  stimulu s briefl y an d the n m o v e one' s 
eye s an d stil l  recall  th e initia l  stimulus .  Th e auto-associativ e feedback  c o m m o n i n corte x provide s a  mechanis m 
fo r  maintainin g shor t  duratio n signals .  I n thi s simulatio n thi s i s implemente d i n th e laye r  4  auto-associativ e 
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connectioas .  Feedbac k i n thi s syste m provide s a  wa y t o latc h an d hol d a  signa l  fo r  som e extende d perio d o f  tim e 
afte r  th e externa l  inpu t  ha s bee n turne d off .  I f  th e stimulu s burs t  i s  ver y short ,  feedbac k ca n ac t  t o boos t  th e 
signa l  an d thereb y normaliz e th e input . 

Input vectors are presented to the netwoik for 5 iterations, and then the stimulus is turned off for another 
5 iterations .  A n iteratio n consist s o f  on e pas s throug h th e system ,  fro m presentatio n o f  th e inpu t  vecto r  t o 
productio n o f  th e outpu t  vector .  Fiv e differen t  level s o f  feedbac k ar e tested .  Th e lef t  pane l  o f  Figur e 4  show s 
th e activit y o f  th e hidde n laye r  o f  units ,  an d illustrate s tha t  th e signa l  drop s ou t  quickl y wit h a  feedbac k valu e 
of  0. 0 (max imu m possibl e activit y equal s 1.0) .  A s feedbac k increases ,  activit y als o increases .  A t  a  feedbac k 
valu e o f  0. 1 th e modul e hold s activit y stable ,  accuratel y maintainin g th e vecto r  activit y patter n i n th e module . 
At  feedbac k level s highe r  tha n 0. 1 th e activit y continue s t o increase ,  bu t  th e signa l  evoke d begin s t o stra y from 
th e desire d target ,  an d th e syste m begin s t o 'hallucinate, '  o r  identif y stimul i  whic h ar e no t  there . 

FEEDBACK*  C o O  COS x  0. 1 *  0 3 «  0 4 

nXRATIONS 
« 4  S 

ITERATIONS 

FIGURE 4: Latching and holding a signal. Left panel data are averaged over all stimulus 
vectors .  A  stimulu s vecto r  i s  presente d fo r  5  iteration s an d the n removed .  Activatio n le\'el s o f 
th e hidde n laye r  ar e show n a t  differen t  level s o f  feedback .  A t  feedbac k o f  0. 0 th e signa l  drop s 
out  quickly .  A t  feedbac k o f  0. 1 th e signa l  holds .  A t  highe r  le\'el s o f  feedbac k activit y increases , 
but  th e accurac y o f  th e signa l  begin s t o deteriorate .  Righ t  pane l  illustrate s stimul i  presente d fo r 
onl y on e iteration .  Activatio n level s o f  th e hidde n laye r  ar e show n fo r  differen t  level s o f  feedback . 
At  feedbac k o f  0. 0 th e signa l  doe s no t  hold ,  bu t  a t  highe r  level s o f  feedbac k activit y increases , 
approachin g norma l  level s b y 4  o r  5  iterations . 

Feedback also allows the network to latch and increase the activity of a short burst stimulus. Input 
vector s ar e presente d t o th e syste m fo r  1 ,  2 ,  3 ,  o r  4  iterations ,  an d the n th e stimulu s i s turne d of f  fo r  5  iterations . 
As ca n b e see n i n th e righ t  pane l  o f  Figur e 4  whic h illustrate s a  singl e iteratio n stimulu s burst ,  withou t  feedbac k 
th e signa l  die s quickl y away .  A t  highe r  level s o f  feedbac k th e signa l  i s  latche d an d th e activit y leve l  increases , 
approachin g th e strengt h o f  a  norma l  signa l  afte r  4  o r  5  iterations . 

Signal Buffering during concurrent loading. When attention is directed to one location, the information 
can b e buffere d suc h tha t  i t  i s  no t  destroye d b y attentio n movin g t o anothe r  location .  I n readin g fo r  example , 
fixating  on e wor d doe s no t  clea r  m e m o r y o f  al l  previou s words .  Th e proble m o f  bufferin g wit h concurren t 
loadin g i s illustrate d i n Figur e 2 .  Assum e th e A  an d B  module s bot h projec t  t o th e X  an d Y  modules .  I f  th e 
A signa l  i s  transmitte d i t  goe s t o bot h th e X  an d Y  modules .  Physiologically ,  onc e a  signa l  exit s a  cortica l 
modul e i t  ou^ut s t o al l  site s i t  i s  connecte d to .  T o buffe r  informatio n on e woul d lik e t o transmi t  th e A  signa l 
t o X  an d th e B  signa l  t o Y .  Th e proble m i s tha t  transmittin g th e B  signa l  t o Y  produce s interferenc e i n th e X 
modul e causin g possibl e los s o f  information .  Th e sam e proble m occur s whe n seriall y  loadin g a  se t  o f  input s tha t 
must  b e examine d i n paraUel .  I n thi s cas e th e A  modul e mus t  outpu t  t o th e X  modul e fo r  th e first  stimulu s an d 
th e Y  modul e fo r  th e second .  Sinc e th e A  modul e i s connecte d t o bot h modules ,  i t  i s  critica l  tha t  th e secon d 
transmissio n t o Y  doe s no t  delet e th e previou s signa l  t o X . 
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A ACTIVATION 

* VECTOR B ACCURACY 

•• VECTOR B CORRELATION 

ITERATIONS ITERATIONS 

F I G U R E 5 :  Signa l  maintenanc e wit h feedback .  I n lef t  panel ,  o n iteration s 0  t o 4  vector A onl y 
i s presented .  O n iteratio n 5  feedbac k i s increase d fro m 0. 1 t o 1.5 .  O n iteration s 5  t o 9  vector B 
onl y i s presented .  S h o w n ar e bes t  matc h accurac y fo r  vector A an d vectorB ,  correlatio n wit h 
target s fo r  vector A a n d vectorB ,  an d activit y o f  th e hidde n layer .  Th e signa l  fo r  vector A hold s 
throughout .  I n righ t  pane l  ther e i s n o feedback .  Th e signa l  fo r  vector A die s ou t  a s soo n a s th e 
incomin g stimulu s i s replace d wit h vectorB ,  an d th e signa l  fo r  vector B i s increased . 

The auto-associative feedback shown in this model provides a possible mechanism for signal buffering 
durin g concurren t  loading .  I f  th e feedbac k i s hig h enough ,  th e modul e wil l  maintai n it s signa l  an d bloc k ou t 
comjjetin g signals .  I n th e simulation ,  a  stimulu s vecto r  (vectorA )  i s presente d t o th e networ k fo r  5  iterations , 
allowin g di e strengt h o f  th e vector A signa l  t o buil d withi n th e module .  O n th e sixt h iteratio n feedbac k i s turne d 
u p from  0. 1 t o 1.5 ,  an d a  differen t  stimulu s vecto r  (vectorB )  i s presente d fo r  5  iterations .  Th e increas e i n 
feedbac k i s sufficien t  t o maintai n th e signa l  o f  vector A withou t  allowin g an y contaminatio n from  vectorB .  Th e 
lef t  pane l  o f  Figur e 5  show s th e accurac y an d correlation s fo r  bot h stimul i  throughou t  th e te n iterations .  Vector A 
remain s th e stron g an d accurat e signa l  throughout ,  an d th e incomin g vector B doe s no t  hav e a n effect .  Compar e 
thes e results  t o th e cas e (Figur e 5 ,  righ t  panel )  wher e feedbac k wa s no t  utilize d (feedbac k =  0.0) .  I n th e cas e 
wher e ther e i s n o feedbac k th e vector A signa l  begin s t o di e a s soo n a s presentatio n o f  vector A i s replaced  wit h 
presentatio n o f  vectorB .  T h e competin g vector B signa l  build s quickl y an d take s ove r  th e system . 

Conclusion. The present connectionist control architecture implements some major features of coitica] 
structure .  Th e contro l  o f  th e gai n o f  th e outpu t  o f  a  modul e allow s selectiv e enhancemen t  o f  on e messag e b y 
attenuatin g competin g messages .  Th e attenuatio n o f  th e unattende d signa l  a t  level s representative  o f  physiologica l 
attenuatio n produce s a  stron g attentiona l  captur e effect .  T h e us e o f  auto-associativ e feedbac k provide s a  w a y t o 
contro l  inpu t  a t  th e receiving  module .  Tli e auto-associativ e feedbac k allows  th e syste m t o maintai n briefl y 
presente d informatio n fo r  late r  outpu t  afte r  th e stimulu s ha s ceased .  Th e feedbac k contro l  ca n als o latc h a  signa l 
withi n a  modul e an d reduc e th e interferenc e o f  concurren t  transmission s tha t  ar e directe d a t  othe r  module s bu t 
stil l  inpu t  t o tha t  module .  Thi s architectur e wil l  b e explore d furthe r  t o directl y simulat e h u m a n attentiona l  effects , 
and determin e th e computationa l  performanc e o f  incorporatin g m o d e m cortica l  connectivit y i n a  modula r 
connectionis t  architecture . 
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