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A Theor y o f  D y n a m i c Selectiv e Vigilanc e a n d Preferenc e Reversal ,  Base d 

o n th e E x a m p l e o f  N e w C o k e 

Danie l  S .  Levin e 
Dept .  o f  Mathematics ,  Universit y o f  Texa s a t  Arlington ,  Arlingto n T X 76019-0408 ,  b344dsl@utarlg.uta.ed u 

Samuel J. Leven 

For  a  Ne w Soda l  Science ,  468 1 Leitne r  Driv e West ,  Cora l  Springs ,  F L 3306 7 

Abstrac t 

A neural network theory of preference reversal is 

presented .  Thi s theor y include s a  mode l  o f  wh y 

New Cok e wa s preferre d t o Ol d Cok e o n tast e test s 

but  wa s unpopula r  i n th e market .  Th e mode l  use s 

competin g driv e lo d representin g "excitement "  an d 

"security. "  Contex t  influence s whic h driv e win s th e 

competition ,  hence ,  whic h stimulu s attribute s ar e 

attende d to .  Ou r  network' s design ,  outline d m 

stages ,  i s  base d o n Grossberg' s gate d dipol e theory . 

Thre e set s o f  dipoles ,  representin g attributes , 

categories ,  an d drives ,  ar e connecte d b y modifiabl e 

associativ e synapses .  Th e networ k als o include s 

competitio n amon g categorie s an d enhancemen t  o i 

attentio n b y mismatc h o f  expectation . 

Introduction :  Modelin g o f  Irrationa l  Decision s 

How rational are we? Tversky and Kahneman 

(1974,1981 )  establishe d tha t  man y huma n decision s 

do no t  maximiz e a  measurabl e utilit y  function . 

Moreover ,  deviation s fro m rationalit y sho w patterns ; 

fo r  example ,  decision s amon g losse s ar e mor e risk -

takin g tha n dedsion s amon g gains .  Sinc e decisio n 

irrationaUtie s ar e repeatable ,  the y len d themselve s 

t o quantitativ e modeling .  Ye t  model s o f  thes e 

effect s la g behin d model s o f  othe r  cognitiv e effects , 

suc h a s patter n classification .  Tversk y an d Kahne -

man modele d thei r  ow n dat a usin g a  non-connectio -

nis t  theor y whereb y subject s maximiz e a  nonlinea r 

functio n o f  expecte d gain s an d losses .  However , 

thes e author s di d no t  explai n ho w thi s functio n 

aros e i n th e underlyin g system . 

Differentia l  reactio n t o gain s an d losse s show s 

tha t  th e projecte d affectiv e valu e o f  decision s 
depend s o n expectation s generate d b y th e curren t 

enwonment .  Man y neura l  network s compar e 

curren t  an d ongoin g value s o f  stimulu s o r  reinforce -

ment  variable s (Grossberg ,  1972 ;  Sutto n &  Barto , 

1981) .  W e us e Grossberg' s gate d dipol e theory ,  t o 

be describe d below ,  becaus e i t  account s bes t  fo r 

stimulu s duratio n effect s i n conditionin g (se e Gross -

ber g &  Levine ,  1987) .  Grossber g an d Gutowsk i 

(1987 )  constructe d a  gate d dipol e mode l  fo r  Tversk y 

and Kahneman' s data ,  includin g th e dat a o n gain s 

versu s losses .  Thes e author s capture d th e essenc e 

of  decisio n imde r  risk  despit e basin g choice s o n 

maximizin g a  singl e functio n (affectiv e value) .  Ou r 

model  i s  i n th e spiri t  o f  Grossber g an d Gutowski' s 

but  add s effect s no t  presen t  i n thei r  model :  dynami -

call y competin g attraction s t o nove l  an d t o familia r 

stimuli ,  an d competitio n betwee n driv e lod . 

Much o f  Tversk y an d Kahneman' s dat a involve s 

imagine d monetar y gain s an d losses ,  s o thei r  result s 

can b e applie d t o economics .  Leve n (1987 )  argue s 

tha t  optimizatio n theory ,  whic h dominate s economi c 

modeling ,  i s  no t  predictiv e an d mus t  b e replace d b y 

thecHie s tha t  includ e affectiv e factors .  Leve n an d 

Elsberr y (1990 )  simulat e "negotiations "  betwee n tw o 

neura l  network s tha t  contai n bot h rationa l  an d 

affectiv e modules .  W e carr y thi s wor k furthe r  b y 

studyin g a  famou s economi c example :  th e failur e o f 

New Cok e i n th e marke t  afte r  i t  ha d defeate d Ol d 

Coke i n double-blin d tast e tests .  Th e wor k o f 

Tversky ,  Kahneman ,  an d Grossber g readil y suggest s 

a qualitativ e mode l  o f  th e Cok e data .  Networ k 
instantiatio n o f  thi s model ,  however ,  le d t o a  com -

ple x combinatio n o f  thre e set s o f  gate d dipole s 

representin g attributes ,  categories ,  an d drives ; 

competitio n amon g categorie s an d amon g drives ; 

and associativ e learnin g o f  inter-dipol e connections . 

We first  describ e th e Cok e dat a i n detail ,  the n 
develo p ou r  networ k i n stages . 

The Cok e Dat a 

When the Coca-Cola Company introduced New 

Coke,  i t  wa s certai n o f  th e flavor' s acceptance . 

Tens o f  thousand s o f  subject s ha d undergon e highl y 

controlle d tast e tests .  Th e ne w flavor  ha d outscore d 

al l  it s  competition ,  indudin g victor y ove r  Ol d Cok e 

by a  marg b o f  2  t o 1 .  Furthe r  test s hinte d tha t  les s 
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tha n te n percen t  o f  Ol d Cok e drinker s w o d d objec t 

t o th e ne w flavor  combine d wit h th e ol d name .  A f 

most  American s know ,  th e actua l  buyin g situatio n 

ha d ver y differen t  results .  N e w Cok e wa s s o unpop -

ula r  tha t  th e compan y ha d t o retur n O M Cok e t o 

th e marke t  (Oliver .  1966) . 

Coca-Col a ha d aske d pcopk y "I f  N e w Cok e wer e 

introduced ,  woul d yo u lik e it? *  Bu t  th e influenc e o f 

dynami c emotiona l  state s mean s tha t  menta l  pro -

jection s o f  th e futur e ar e ofte n inaccurat e (Holbr -

ooketa l ^  1985) .  I n th e tes t  situation ,  peopl e base d 

preference s o n th e direc t  appea l  o f  taste .  I n th e 

market ,  indirec t  emotiona l  factors ,  suc h a s m e m o-

rie s associate d wit h expecte d taste ,  wer e mor e 

importan t  tha n tast e itsdf .  Moreover ,  buyin g wa s 

differen t  from  test s becaus e th e Coca-Col a Compa -

ny wa s s o confiden t  m it s researc h tha t  Ol d Cok e 

was unavailabl e .  Th e public' s reactio n agains t 

buyin g N e w Cok e wa s a/urtroaV f  rebound .  Th e 

Cok e labe l  create d expectatio n o f  a  particula r  taste , 

an d o f  th e secur e feelin g i t  evoked ,  whic h le d t o 

frustration  Midte n thi s feelin g wa s absen t 

Result s o f  Pierc e (1967 )  suppor t  frustratio n 

theory .  Pierc e compare d response s t o advertise -

ment s o f  ol d an d ne w version s o f  Cok e b y peopl e 

w ho ha d bee n habitua l  Cok e drinker s an d b y 

habitua l  drinker s o f  othe r  drink s (suc h a s Pepsi) . 

By a  smal l  bu t  significan t  margin ,  habitua l  Cok e 

drinker s wer e mor e hostil e t o product s the y per -

ceive d a s N e w Cok e tha n wer e non-Cok e drinkers . 

Fnistrativ e reboun d i s a n exampl e o f  comparin g 

curren t  wit h expecte d o r  oagoia g reinforcemen t 

Jus t  a s cessatio n o f  a  negativ e reinforce r  ( e ^ ^ 

electri c shock )  i s positivel y reinforcin g (provide s 

relief) ,  cessatio n oi f  a  positiv e reinforcer ,  o r  it s 

absenc e wbc n i t  i s  oqpected ,  i s  negativel y reinforcin g 

({vovide s frustration).  W e wil l  n o w revie w h o w 

gate d dipol e network s mode l  bot h effects . 

Background :  Gate d Dipol e Network s 

How can a response associated with offiet of 

negativ e reinforcemen t  becom e itsel f  positivel y 

reinforcing ? T o answe r  thi s question ,  Grossber g 

(1972 )  introduce d th e networ k show n i n Fig .  1 .  Th e 

sym^Ke s Wj  an d W2 hav e a  chemica l  transmitte r  tha t 

i s  deplete d wit h activity .  Th e mpa t  J  coul d b e 

shock ,  fo r  example .  T h e iupv t  I  i s  nonspecifi c 

arousa l  t o bot h channel s yi-Xi' ^  an d y 2 - V V 
Whil e shoc k i s on ,  lef t  channe l  activit y X j  exceed s 

righ t  channe l  activit y x ^  leadin g t o ne t  positiv e 

activit y o f  th e lef t  channe l  outpu t  nod e X3 .  Fo r  a 

shor t  tim e afte r  shoc k ceases ,  bot h channe k receiv e 

equa l  input s I  bu t  th e right  channe l  i s les s deplete d 

of  transmitte r  tha n th e lef t  channe l  Hence ,  X 2 no w 

exceed s X| ,  leadin g t o ne t  positiv e activit y o f  th e 

right  channe l  outpu t  nod e x ^  Th e activ e outpu t 

nod e excite s o r  inhibit s J ^  thu s enhancin g o r  sup ^ 

pressin g som e moto r  response .  Th e networ k i s 

calle d a  gate d dipol e becaus e i t  ha s tw o opposit e 

("negative '  an d "positive" )  channel s tha t  "gate " 

sigoal s base d o n amount s o f  transmitter .  I f  th e tw o 

channel s i n Rg .  1  ar e reverse d i n sig n s o th e chan -

nel  receivin g inpu t  i s positive ,  th e networ k explain s 

frustratio n whe n positiv e reinforcemen t  eithe r 

cease s o r  i s absen t  whe n expected . 

Xs 

Fig .  1 .  Schemati c gate d dipole .  '+ "  denote s excita -

tion ,  "- "  inhilHtion .  Othe r  symbol s ar e explaine d i n 

text .  (Fro m Levine ,  1991 ,  wit h permissio n o f  Law -

renc e Eribau m Associates. ) 

Transmitte r  dcfietio a i s no t  ye t  verifie d m man y 

actua l  synapses ;  th e qualitativ e effec t  w e mode l  ma y 

be base d instea d o n conformatio n change s a t 

membrane receptor s (Changeux ,  1981) .  H o w e v n , 

a networ k principl e tha t  model s a  rang e o f  cognitiv e 

dat a ca n b e usefu l  befor e it s biologica l  basi s i s 

known ,  an d it s late r  verificatio n i s likel y eve n i f  i n a 

differen t  for m tha n first  proposed . 

Networ k Modelin g o f  Cok e Data :  Combinin g 

Sensor y an d Motivationa l  Dipole s 

We build our network for modeling the Coke 

dat a i n severa l  stages .  Th e netwtx^ k ha s sulxnodule s 
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dcDodo g icMOt y featwc«»  objec t  categorki ,  an d 

drivea ;  limalirin M ar e m progreaa .  Th e ratioaal e 

fo r  ou r  Mtiraff k archkect m ca a bea t  b e ahow a bj r 

ataitin g wit h aiiMila r  aetwork a tha t  aMide l  th e dat a 
paitiaDjr ,  the a waoditym g thoa e aetwork a l o flt 

furthe r  detai k o f  th e data . 

Gate d dipok a matantiat r  th e ide a o f  oppoaea t 

prooeaaiaf r  whic h appUe a t o viaio a a a wb B a a aMti -
vatioa .  Fo r  eaaiple ,  ther e ar e pair a o f  ORMioea t 

cok n («^ ,  gree a aa d red) ,  an d eac h colo r  i a traa -

sientf y perceive d afte r  leaMva l  o f  th e Other .  Groaab -

er g (1980 )  introdwce d dipoie a ^̂ loa e chaaael a 

coDiia t  o f  'on *  an d *o£ r  aode a encodin g preaeno e o r 

abaenc e o f  qwdfi c stimuli ,  the n joine d dianne l  pair a 

fo r  variou a atimuf i  mt o a  dipo k field  .  Leve n an d 

Levin e (1967 )  diacuaae d ho w a  dipol e 6e U coul d 

embody competin g attraction a t o previoual y rein -

force d stimul i  (here ,  Ol d Coke )  an d t o noive l  stimul i 

(here .  Ne w Coke) .  I f  driv e i a high ,  o r  rewar d 

sigoal a strong ,  previousl y reinforce d stimul i  ar e 

favored .  I f  driv e i a km ,  nove l  stimul i  ar e favored . 

Leve n an d Levine' a first  ai^oodmatio a t o a  mode l 

of  th e Cok e dat a treate d testio g a s a  low-motivatio a 

stat e an d buyin g a s a  hig^motivatio n state ,  henc e 

erplainin g preferenc e reversa l  betwee n th e tw o 

contexts ,  lie y note d a n analog y t o som e monke y 

dat a o n novek y preference . 

Pribra m (1961 )  coo^Mre d norma l  rhesu s aaon -

key i  an d thoa e wit h frontal  kkt t  lesion s i n a  scen e 

wit h severa l  objects .  Successiv e object s ar e adde d 

t o th e scene ,  unobserve d b y th e monkey .  Eachtim e 

a nove l  objec t  i a introduced ,  a  rewar d (peanut )  i a 

place d unde r  th e nove l  objec t  Whe n th e monke y 

has lifte d thi s objec t  a  fixed  numbe r  o f  timea ,  th e 

next  objec t  i s  added .  PrilM-a m measure d th e num -

ber  o f  error s (lifting s o f  a  familia r  object )  befor e 
th e monke y first  select s th e nove l  objec t  Frontall y 

lesk>ne d animal s ar e mor e attracte d t o novek y tha n 

normal s s o mak e fewe r  errors .  Fig .  2  show s th e 
d̂ iol e fieU  use d t o oaode l  Fribram' a data ,  v̂ iic h 

was amulafc d i n Levin e an d Pniek t  (1969) .  Th e 

dipol e channe l  pair a i n Fig .  2  correspon d t o a n d d 

cue an d a  nove l  cne .  Th e node a X| ^  an d 12 ^  repre -

sent  tendende a t o approac h give n cues .  Inhibitio n 

betwee n thes e nodes ,  an d a  nod e Xj ^  codin g som e 

othe r  environmenta l  cue ,  denot e competkio a be -

twee n attractkm a t o differen t  cues .  Th e cu e wk h 

larges t  x| ^  i a q)proached . 
The networ k o f  Fig .  2  incorporate s tw o compet -

in g rules .  Th e o a ̂ -Kynn̂ l  correspondin g t o th e 

nove l  cu e i a les s deplete d tha n th e o n chume l  for 

th e o U cue ,  becaus e tha t  channe l  ha a no t  bee n 

activ e a s kng .  Hence ,  competkio n amon g X| < 

nodes favor s thos e correqwndin g t o nove l  cues ,  af i 

elseequa L Bu t  ala o th e rewar d nod e «  activ e whe n 

th e aaoakc y finda  th e peanu t  Eac h i ^  connect s 

wkh th e rewar d nod e vi a synapae a whic h ar e streng -
thene d whe n th e correspoadia g cu e i a rewvded . 

Heaoe,  ooaspetitk m ala o favoi a ̂ ' a wk h stron g 

link s t o th e rewar d node ,  al l  ela e equa l  Thefroota l 
lobe a ar e idenrifir d wk h gai n froai  rewar d node a t o 

sensor y dipoka .  I f  thi a gu n k  Ugh ,  a a a  a  nocma l 

moakqr ,  th e dipol e outpu t  x, .  for  th e prevkxial y 

rewarde d ca e i a th e laiger .  u  gai n i a four,  a a i n a 

leskme d moafcej ^  th e outpu t  ] ^  far  th e nove l  cu e 
i s larger . 

/ 

M 

OLD 
CUB / 

V 

NOVIL 
CM . / 

V 

FIf .  2 .  Dipol e fidd  use d t o simulat e novdt y data . 

Semkarde a denot e modifiabl e weî ita .  (Adî ite d 

from  Levin e &  Pruekt ,  1969 ,  wk h permissu n o f 
Pergamo a Press. ) 

Leve n an d Levin e (1987 )  note d tha t  th e Cok e 

dat a coul d b e appraxkiiatr. ^  modele d b y th e net -

wor k o f  Fig .  2 ,  wk h -Ne w Coke '  ktentifie d wk h 

-nove l  cue,"-Ol d Coke *  wkh-ok l  cue, *  testing f  wk h 

-frontal ^  damaged,-and-bt^m ^  wk h *nonnaL *  O f 

course ,  moa t  peopl e takin g th e tast e tes t  ar e no t 

braia-damaged .  Th e analog y i a plausible ,  though , 

becuis e human e wit h frontal  daasag a ten d t o b e le u 
goal-dkecte d tha n norma l  human s (Fnster ,  1969) ; 

hence ,  thei r  day-to-da y Kf o i s cfose r  t o a  -play "  tha n 

t o a  'serious -  situation . 

Yet  th e networ k o f  Fig .  2  i s inadrguat e t o mode l 

th e Cok e dat a fo r  a t  leas t  tw o reaaona .  First ,  i n th e 
market ,  ther e wa s no t  a  choic e betwee n N e w Cok e 

and Ol d Cok e a s m tests .  Hence ,  relativ e vahi e 

attache d b y Infer s t o th e tw o drink s mus t  b e 
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inferre d indirectl y from  relativ e preferenc e fo r  Ne w 

Coke an d fo r  non-Cok e drink s (e^ n Pepsi) .  Sec -

ond ,  consumers '  angr y reactio n t o th e chang e i n 

Coke wa s no t  ttase d o n tast e alone .  A s on e Coca -

Col a executiv e sai d later ,  "W e wer e spittin g o n th e 

America n fla g an d didn' t  kno w it "  Hence ,  a  realis -

ti c  mode l  o f  th e Cok e dat a incorporate s tw o com -

petin g drives :  oo c fo r  taste ,  th e othe r  fo r  a  rang e o f 

feeling s whic h w c labe l  "Security* ;  thes e wil l  b e 

adde d below . 

The networ k o f  Fig .  2  contain s a  nod e tha t 

represent s a  rewar d signa l  W e ca n mode l  frust-

rativ e reboun d i f  w e replac e th e rewar d nod e b y a n 

entir e gate d dipol e representin g a  spedS c drive . 

Driv e representation s hav e bee n use d i n Pavlovia n 

conditionin g model s (e.g. ,  Grossber g &  Levine , 

1987) .  The y ar e base d o n th e theor y tha t  omdi -

tionin g involve s learnin g a n associatio n no t  betwee n 

a conditione d stimulu s (CS )  an d a  specifi c  respons e 

or  anothe r  stimulus ,  bu t  betwee n a  C S an d a  posi -

tiv e o r  negativ e emotiona l  vatue .  The y ar e analog s 

of  brai n lo d (mainl y i n th e hypothalamus )  fo r 

hunger ,  thirst ,  sex ,  curiosity ,  etc . 
I n summary ,  sensor y representatio n dipole s 

model  difference s betwee n nove l  events ,  whos e 

representation s ar e les s deplete d o f  transmitter ,  an d 

ol d events ,  whos e representatioa s ar e mor e deplet -

ed.  Motivationa l  (drive )  representatio n dipole s mo -

del  emotiona l  valu e attache d t o change s i n receive d 

positiv e o r  negativ e reinforcement ,  suc h a s occu r 

wit h relie f  o r  frustration.  Hence ,  th e nex t  stag e i n 

our  Cok e mode l  i s t o j<M n sensor y an d motivationa l 

dipole s (Fig .  3) . 
Combine d sensor y an d motivaticHia l  dipole s ma y 

als o accoiu t  fo r  conditionin g phenomen a suc h a s 

unblockin g (Kamin ,  1969) .  Blockin g ha s bee n 

simulate d i n neura l  network s (Grossber g 8 l  Levine , 

1987 ;  Sutto n &  Barto ,  1981) .  I f  a  bell ,  say ,  i s  paire d 

wit h shoc k an d a n anima l  learn s a  fea r  re^Kms e t o 

th e bell ,  the n a  bell-li ^  cmnUnatio n i s paire d wit h 

th e sam e shodc ,  n o fea r  i s learne d t o th e ligh t  Th e 

ligh t  i s  unblocke d v ^ n th e shoc k leve l  paire d wit h 

th e bell-ligh t  coiî K>un d i s unequa l  t o th e leve l 

paire d wit h be H alone .  Sinc e unUockin g involve s 

associatin g a  nove l  stimulu s (light )  an d a  change d 

affectiv e vahie ,  i t  ma y b e modele d b y th e networ k o f 

Fig .  3 . 

Networ k Modelin g o f  Cok e Data : 

Categorization s an d Multipl e Attribute s 

New Coke elicited strcmg reactions because of 

ho w i t  wa s differen t  from  Ol d Coke ,  bu t  als o 

becaus e o f  ho w i t  wa s Uk e Ol d Coke f  Th e publi c 

reacte d t o a  ne w tast e combine d wit h a n ol d 

label .  Pierce' s (1967 )  da u sho w tha t  th e reactio n 

was stronge r  whe n large r  positiv e affec t  wa s at -

tache d t o th e ol d taste .  Hence ,  ou r  modelin g 

proble m become s ho w t o buil d a  networ k t o re -

spon d t o stimul i  tha t  contai n bot h a  nove l  elemen t 

and a  familiar ,  signifiran t  elemen t  Fo r  example , 

Rober t  Dawe s (persona l  communication )  ha s 

discusse d a  netwcw k mode l  o f  seein g th e Mon a Lis a 

wit h a  mustach e added .  W e find  tha t  pictur e gro -

tesqu e becaus e th e mustach e mismatche s eiqjecta -

tion s produce d b y th e res t  o f  th e {Mcture . 

POSITIV E NEGATIV E 

SENSORY MOTIVATIONAL 

Fig .  3 .  Combinatio n o f  sensor y an d motivationa l 

dipoles .  Dipcrf e outpu t  for a  sensor y stimulu s ca n 

be conditione d t o positiv e o r  negativ e reinforce -

ment ,  a s show n b y modifiabl e connection s a t  top . 

To dea l  wit h expectation ,  w e refin e ou r  mode l  s o 

tha t  Ne w an d Ol d Cdc e ar e n o longe r  singl e stimul i 

but  vectm s o f  attr3>utes ,  eac h attribut e npresent -

ed b y it s ow n g/tte d dipol e (Fig .  4) .  W e us e th e 

minima l  se t  o f  attribute s needed :  Cok e Label ; 

Familiarity ;  Taste ;  Peps i  Labe l  Th e latte r  i s  intro -

duce d t o mode l  th e switc h from  Ne w Cok e t o 

competin g col a drink s (lumpe d togethe r  a s "Pepsi " 

fo r  simpUdty X o r  els e t o avoidanc e o f  al l  sof t 

drinks ,  whe n Ol d Cok e wa s unavailable . 

H ow doe s thi s explai n th e da U o f  Pierc e (1987 ) 

on habitua l  Cok e drinker s versu s habitua l  Peps i 

drinkers ? I f  a  networ k i s t o represen t  genera l 

cognitiv e principles ,  i t  shoul d also ,  i f  possiUe , 

accoun t  for  individua l  differences .  Majo r  behaviora l 
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difference s ca n aris e from  difference s i n on e o r  a 

fe w networ k paramete r  values .  I n R g .  4 ^  le t  w e i ^ 

(i n bot h directioat )  betwee n th e o n sid e o f  th e 

Coke Labe l  attribut e dipoi e an d th e positiv e sid e a t 

th e motivationa l  dqiol e b e highe r  i n Mi e cop y o f  th e 

networ k tha n i n another .  The n th e first  networ k 

model s a  (generic )  habitua l  Cok e drinkers ,  w îerea s 

th e secon d model s a  habitua l  Peps i  drinker .  Anak h 

gousty ,  le t  correspondin g weight s t o an d from  th e 

Pepsi  Labe l  attribut e dipoi e b e highe r  i n th e secon d 
network .  Becaus e o f  feedbac k from  driv e t o senso -

r y kx i  i n th e networ k o f  Fig .  4 ,  th e expecte d posi -

tiv e affectiv e valu e from  seein g th e Cok e labe l  i s 

greate r  i n th e habitua l  Cok e drinker .  Hence , 

frustrative  reboun d from  mismatchin g expectation s 

generate d b y tha t  labe l  i s  als o greate r  i n halMtua l 

Coke drinkers . 

Cok* 
Label 
Oipol * 

Tast * 
Dipol a 

Familiarit y 

^ S B J S O RY 

J  ̂  ATTRIBUTE S 

MOTIVATIONAL 
DIPOI E 

Fig .  4 .  Extensio n o f  networ k o f  Fig .  3  t o includ e 

dipole s f w eac h stimulu s attribute ,  wit h input s J ^  t o 

each .  Circle s represen t  sensor y dipoles ,  no t  show n 

m ful l  here .  Eac h sensor y dipoi e ha s modifiabl e 

reciproca l  connection s wit h positiv e an d negativ e 

motivationa l  channe l  outputs ,  Z j  an d Zg . 

At  thi s point ,  w e mus t  revis e ou r  accoun t  o f  th e 

differenc e betwee n testin g an d buying .  T o a  first 

approximation ,  w e hav e treate d testin g a s a  l o w 

motivatim' '  contex t  ̂ liic h thereb y disinhibit s th e 

attractio n t o novelty .  Ye t  v ^ n w e loo k a t  attrib -

utes ,  wha t  i s actuall y differen t  betwee n th e tw o 

context s i s no t  th e amoun t  o f  motivatim i  bu t  rathe r 

tbefoa u o f  motivation .  Durin g testing ,  th e ifU>ifi -

si c (taste-related )  attractivenes s o f  th e produc t  i s 

important ,  an d th e jocMfl y learne d attractivene u 

of  th e produc t  m u c h le u so .  Hence ,  th e Tast e 

attribut e (Fig .  4 )  play s a  large r  rol e i n categoriza -

tion s an d decision s durin g testin g tha n doe s th e 

Familiarit y attr3)ute .  T h e Familiarit y attribute ,  b y 

contrast ,  piay i  a  large r  rol e durin g buying . 

N o w w e nee d a  theor y o f  context-base d atten -

tiona l  switche s betwee n attributes .  Suc h a  theor y 

inchide s m u l t ^  sensor y dipole s an d multipl e moti -

vationa l  dipofe s (Fig .  5) .  Here ,  tw o dipole s ar e 

labele d Tiritwncnt, "  Le ^  desir e fo r  sensor y o r 

aestheti c {rieasurc ,  an d "Security, '  Le ^  desir e fo r  a 

sens e o f  belonging ,  afiBliation ,  o r  rootednes s i n one' s 
societ y o r  relationship s (cf .  tJUOcUaad ,  1961) .  W e 

posi t  competitio n betwee n th e positiv e side s o f  th e 

ExcitMnen t  an d Securit y dipc4e s m H g .  S ,  an d 

assume tha t  th e Nrinner "  o f  th e competitio a change s 
wit h contex t  (Fo r  a  histor y o f  relevan t  networ k 

models ,  se e Levine ,  1991 ,  pp .  133-134) .  I f  feedbac k 

connection s betwee n th e Exdtemen t  motivationa l 

dqwl e an d th e Tast e attribut e dipoie ,  an d betwee n 

th e Securit y motivationa l  dipoi e an d th e Familiarit y 

attribut e dipoie ,  ar e m u c k stronge r  tha n aoss -

connections ,  th e winnin g driv e determine s whic h 

sensor y attribute s ar e attende d tO w 

Th e networ k w e simulat e fo r  a  futur e articl e 

makes tw o addition s t o tha t  o f  Fig .  5 ,  i ^ c h ar e 

omitte d from  ou r  figures for  spac e reasons .  O n e 

additio n i s categor y nodes .  I f  habitua l  Cok e drink -

er s attac h positiv e affec t  t o th e Cok e categor y a s 

wel l  a s th e Cok e Labe l  attribute ,  thi s enhance s 

expectatio n o f  positiv e valu e from  drinkin g an y 

Cok e product ,  thu s incrrasin g friistration  ̂ ^ n N e w 

Cok e mismatche s tha t  oqpectation .  O u r  curren t 

networ k include s modifiabl e feedbac k betwee n 

cat^or y node s an d attribut e nodes ,  i n th e manne r 

at  A R T network s (Carpente r  &  Grossberg ,  1987) . 

Categor y node s als o connec t  directl y wit h motiva -

tiona l  dipoles .  Hence ,  th e affectiv e valu e o f  a 

categor y ca n diffe r  from  value s o f  th e category' s 

exemplar s (e^. ,  on e ca n lov e humanit y an d hat e 

pcoflc ,  o r  vic e versa) .  I n A R T ,  th e inpu t  vect w i s 

compare d wit h store d categor y prototypes ,  an d 

classifie d wit h an y prototyp e tha t  i t  mismatche s t o 

les s tha n a  prescribe d amoun t  {vigUanc e ) .  O u r 

model  posit s tha t  vigilmic e i s dynamicall y feature -

selective .  I ^  fo r  example ,  th e curren t  attentiona l 

iMa s favor s th e Familiarit y attribut e ove r  th e Tast e 

attribute ,  th e networ k i s selectivel y sensitiv e t o mis -

matc h wit h th e Cok e prototyp e i n th e Familiarit y 

dimension .  Th e amygdal a mig|i t  b e a  brai n locu s 

fo r  suc h a  bia s mechanis m (Pribram ,  1991) . 
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O ur  secon d additio o i s modulatio o b y misnutc h 

signal s o f  perceive d tim e duration s o f  inputs ,  whic h 

was introduce d b y Ricai t  (1992) .  Ricar t  identifie d 

th e modulator y nod e w k h th e midbrai n locu s 

ceruleus ,  v îic h produce s norepinephrin e an d 

focuse s attentio n o n significan t  o r  nove l  stimul i 

Thi s nod e nonspedficall y sharpen s perceptio n o f 

bot h stimul i  an d reinforcement s afte r  mismatc h 

generate d b y th e attribute<ategor y subsystem . 

Goto 
LatMt 
Oipol * 

Excltsnwn t 
Oipol * 

Tatt * 
Olpol * 

P*p* l 

Oipoi* 

Familiarit y 
Oipol * Securit y 

Oipol a 

seeoR Y 
ATTFUBUTES 

t  MOTIVATK)NAL 
LOCI 

Fig .  5 .  Extensio n o f  networ k o f  iMg .  4  t o includ e 

competin g motivatiooa l  dipole s (show n a s drdes) . 

Darke r  line s indicat e stronge r  connections . 
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