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A S imp l e recurren t  ne twor k m o d e l  o f  seria l  conditioning : 

Implication s fo r  tempora l  even t  representatio n 

Michael E. Young 
Universit y  o f  Minnesot a 

31 7 Elliot t  Hal l 
Minneapolis ,  M N 5545 5 

young@turtle.psych.umn.ed u 

A b s t r a c t 

Elman (1990) proposed a connectionist architecture for 

th e representation  o f  tempora l  relationships.  Thi s ap -

proac h i s applie d t o th e modelin g o f  seria l  conditioning . 

El  man' s basi c simpl e recurrent  networi c ( S R N )  wa s 

modifie d t o focu s it s  attentio n o n th e predictio n o f 

importan t  event s (Unconditione d Stimuli ,  o r  USs )  b y 

limitin g th e connectio n weight s fo r  othe r  event s (th e 

Conditione d Stimuli ,  o r  CSs) .  Wit h thi s modification , 

th e mode l  exhibite d blockin g an d seria l  conditionin g t o 

sequentia l  stimulu s compounds .  A n exploratio n o f  th e 

underlyin g mechanism s suggest s tha t  even t  termina -

tion s (C S offsets )  wer e use d i n predictin g U S occur -

rences  followin g simpl e trac e conditionin g an d even t 

beginning s (C S onsets )  wer e mor e importan t  followin g 

seria l  conditioning .  Th e results  hel d tru e unde r  a  serie s 

of  learnin g rat e an d m o m e n t u m values . 

I n t r oduc t i o n 

The study of classical conditioning, beginning with 

Pavlov' s demonstratio n o f  dog s salivatin g t o bell s i n th e 

earl y 19(X)s ,  i s  perhap s th e mos t  matur e are a o f 

contemporar y psychology .  TTi e Rescorla-Wagne r  mode l 

(Rescorl a &  Wagner ,  1972 )  i s on e o f  th e bes t  know n 

attempt s t o explai n an d predic t  classicall y conditione d 

behavior .  Thei r  mode l  focuse d o n th e behavio r  o f 

subject s a t  th e tria l  level ,  whic h differ s from  recen t 

model s (e.g .  Desmond ,  1990 ;  Grossber g &  Levine , 

1987 ;  Grossber g &  Schmajuk ,  1987 ;  Lee ,  1991 ;  Sutto n 

& Barto ,  1981 ,  1990 )  wher e th e focu s i s o n intratria l 

stimulu s relationships .  T o demonstrat e th e distinction , 

conside r  th e cas e o f  blocking .  Her e w e hav e tw o con -

curren t  event s (CS j  an d CSj )  tha t  consistentl y preced e a 

thir d even t  (th e U S ) .  However ,  th e subjec t  ha s receive d 
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Figur e 1 :  Seria l  conditionin g 

prior training in which CS, consistently preceded the 

U S.  Thi s pretrainin g retard s o r  block s th e subsequen t 

learnin g o f  th e CSj -U S relationship .  Tria l  leve l  theorie s 

ca n accoun t  fo r  thi s observation ,  bu t  the y ar e silen t  o n 

th e rol e o f  intratria l  variable s lik e inter-stimulu s interva l 

(IS !  -  th e tempora l  distanc e betwee n C S onse t  an d U S 

onset) ,  th e tempora l  relationship s amon g multipl e CSs , 

and th e duratio n o f  th e CS s an d USs .  Intratria l  model s 

lik e th e presen t  on e ar e designe d t o addres s thes e var -

iables . 

Th e particula r  classica l  conditionin g paradig m in -

vestigate d her e i s  tha t  o f  seria l  o r  sequentia l  condi -

tioning .  I n seria l  conditioning ,  multipl e CS s preced e 

th e U S ,  bu t  unlik e simpl e compoun d conditionin g 

wher e th e CS s co-occur ,  seria l  CS s ar e sequentiall y 

ordere d (se e Figur e 1 )  wher e th e first  C S i s presente d i n 

a trac e relationshi p wit h th e U S .  Trac e conditionin g i s 

th e ter m use d t o describ e a  situatio n wher e th e C S i s n o 

longe r  presen t  a t  th e tim e o f  occuirenc e o f  th e U S .  Th e 

secon d C S serve s t o provid e a  mechanis m b y whic h th e 

firs t  even t  act s o n th e U S .  I n fact ,  earlie r  wor k (e.g . 

Bolles ,  Collier ,  Bouto n &  Marlin ,  1978 ;  Kehoe .  Gibbs , 

Garci a &  Gormezano ,  1979 )  ha s show n tha t  a n 

intervenin g C S facilitate s learne d respondin g t o a  C S 

presente d i n a  trac e relationshi p t o th e U S .  I n essence , 

i t  "bridge s th e gap. " 

Neura l  modeler s hav e use d a  variet y o f  approache s 

t o captur e tempora l  relationship s amon g inputs .  Th e 

approac h adopte d i n thi s articl e i s base d o n th e wor k o f 

Elma n (1990) .  Elma n use d a  simpl e recurren t  networ k 

(SRN)  t o encod e tim e wher e input s ca n hav e sustaine d 

effec t  vi a a  recurren t  dela y loo p (se e Figur e 2) . 
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T h e activation s o f  th e hidde n unit s ar e fe d bac k a s 

inpu t  t o theniselve s durin g th e followin g tim e step .  Thi s 

permit s th e m o d e l  t o hav e s o m e m e m o r y o f  it s  previou s 

state .  E l m a n traine d thi s typ e o f  networ k t o predic t  th e 

inpu t  o n th e nex t  tim e cycle :  th e value s presente d a t  th e 

outpu t  laye r  a t  tim e t  ar e identica l  t o th e input s a t  tim e 

t+1 .  T h e primar y goa l  o f  thi s stud y i s t o evaluat e th e 

promis e o f  S R N s fo r  model in g intratria l  relationships . 

T h e secondar y goa l  i s  t o determin e th e mechan i sm s 

underlyin g th e encodin g o f  thes e tempora l  relationships . 

T h e M o d e l 

Earlier work with SRNs demonstrated their ability to 

model  basi c excitator y conditionin g an d phenomen a 

suc h a s blockin g (Young ,  unpublishe d data) .  T o sho w 

blockin g i t  w a s necessar y t o trea t  th e t w o classe s o f 

events ,  th e C S s an d th e U S s ,  differently .  Historically , 

ther e hav e bee n t w o theoretica l  approache s t o capturin g 

thi s differenc e an d th e relationshi p betwee n th e C S s an d 

th e U S .  Mackintos h (1975 )  assume s tha t  concurren t 

C Ss mus t  compe t e fo r  attention .  Blockin g occur s be -

caus e th e subjec t  learn s t o atten d t o th e pretraine d C S , 

thu s interferin g wit h late r  attendin g t o C S j .  Alterna -

tively ,  Rescorl a &  W a g n e r  (1972 )  assum e a  competi -

tio n a m o n g th e C S s fo r  U S associativ e strength . 

Blockin g occur s becaus e C S j  ha s capture d mos t  o f  th e 

associativ e strengt h availabl e from  th e U S .  T h e U S i s 

n o longe r  a  surprisin g even t  (bein g predicte d b y C S ^ ) 

an d thu s doe s no t  requir e an y additiona l  predictors . 

T h e softwar e (tleam )  use d i n thes e simulation s w a s 

develope d a t  th e Universit y o f  Californi a -  Sa n Diego' s 
Cente r  fo r  Researc h i n Language .  T l e a m provide d a 

mechan i s m t o encourag e C S competition .  Figur e 2 

illustrate s th e architectur e used .  T h e weighte d connec -

tion s betwee n th e interna l  representation s (th e hidde n 

layer )  an d th e n o n - U S portio n o f  th e outpu t  laye r  wer e 

limite d i n value .  T h e limit s wer e chose n a s a  resul t  o f 

th e earlie r  w o r k wit h blockin g an d represen t  on e o f  th e 

free  parameter s withi n thi s mode l .  Thes e limit s con -

strai n th e degre e t o wh ic h error s i n C S predictio n ca n 

affec t  th e learning  process . 

A s th e weight s increase ,  hidde n node s wil l  b e m o r e 

sensitiv e t o U S error s tha n t o C S errors .  I f  th e U S i s 

bein g adequatel y predicted ,  les s e n o r  wil l  b e propa -

gate d bac k t o th e interna l  connections .  Thi s proces s i s 

analogou s t o th e competitio n a m o n g C S s fo r  U S as -

sociativ e strength .  W h e n an y erro r  i n U S predictio n i s 

reintroduce d (e.g .  a  chang e i n salience) ,  th e mode l  wil l 

b e sensitiv e t o thes e changes ,  thu s allowin g th e C S s t o 

compet e fo r  th e abilit y t o predic t  th e " n e w "  U S . 

Outpu t  laye r 

3 Contex t 2CS 1 U S 

,2.^ ' -^ '  f 

Hidde n laye r 
4 unit s 

Histor y laye r 
4 unit s 3 Contex t 1 u s 

Input s 

Figur e 2 :  T h e S R N architectur e use d i n th e simulations . 

Labele d arrow s hav e a  limi t  o n connectio n weights : 

[lowe r  limit ,  uppe r  limit] .  T h e [1,1 ]  connection s ar e th e 

cop y bac k Unk s discusse d i n E l m a n (1990) . 

In the first set of simulations, the author tested the 

model' s performanc e durin g seria l  conditionin g (se e 

Figur e 1) .  Learnin g o f  th e C S i - > U S relationshi p shoul d 

b e facilitate d b y th e presenc e o f  th e intervenin g C S j  a s 

compare d t o a  contro l  withou t  C S j  (Bolle s e t  al ,  1978) . 

I n th e secon d se t  o f  simulation s th e role s o f  th e onse t 

an d offse t  o f  th e trac e C S followin g bot h seria l  an d 

trac e conditionin g wer e tested .  T h e result s we r e c o m -

pare d qualitativel y t o previou s empirica l  research . 

Hence ,  n o claim s a s t o th e correspondenc e betwee n 

tim e i n th e mode l  an d rea l  tim e wil l  b e m a d e .  T h e 

simulation s demonstrate d th e performanc e o f  th e m o d e l 

unde r  differen t  paramete r  setting s (learnin g rat e an d 
m o m e n t u m)  t o examin e thei r  effec t  o n th e qualitativ e 

results . 

T h e outpu t  o f  th e U S nod e i s th e dependen t  variabl e 

o f  interest .  Thi s i s  a  measur e o f  th e model ' s U S 

expectanc y fo r  th e followin g tim e ste p o n a  scal e o f 

[0,1] .  M o s t  previou s model in g w o r k use s th e condi -

tione d resjxins e ( C R )  a s a  dependen t  variable .  Sinc e I 

a m no t  prepare d t o dea l  wit h th e issue s o f  learnin g vs . 

performance ,  I  opte d fo r  a  measur e o f  th e model ' s 

learning  an d sugges t  tha t  th e C R i s a  functio n o f  th e U S 

expectancy .  Fo r  compariso n purposes ,  i t  m a y b e as -

s u m ed tha t  measure s o f  C R an d U S expectanc y ar e cor -

related . 

Simulat io n 1 

The first set of simulations were run to examine 

performanc e o f  th e mode l  durin g seria l  conditioning . 
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M e t h o d 

Tleam was trained on 2 different training sets. One 

trainin g se t  represente d th e seria l  paradig m an d con -

siste d o f  2  sequentia l  CS s precedin g th e U S .  Th e firs t 

CS (CS, )  wa s thre e tim e step s lon g an d wa s 

immediatel y followe d b y th e secon d C S (CSj) ,  als o 

thre e tim e step s long .  Durin g th e thir d tim e ste p o f 

CS2.  th e U S wa s presente d an d laste d fo r  on e tim e step , 

overlappin g wit h C S 2 (Figur e 1) .  Th e IT I  (inter-tria l 

interval )  alternate d betwee n 5  an d 7  tim e steps .  O n th e 

average ,  1 2 tim e step s corresponde d t o on e tria l  o r  C S -

US pairing .  Th e presenc e o f  a  C S o r  U S wa s signalle d 

by a  1  a t  th e correspondin g inpu t  value .  Th e traine d 

outpu t  values ,  a s i n Elman' s (1990 )  model ,  wer e th e 

inpu t  value s fo r  th e subsequen t  tim e step .  Learnin g wa s 

accomplishe d vi a backpropagatio n (Rumelhart ,  Hinto n 

& Williams ,  1986) .  Th e mode l  als o containe d 3 

additiona l  inputs/output s tha t  wer e presen t  fo r  futur e 

wor k regardin g th e effec t  o f  contextua l  cue s o n condi -

tioning .  Fo r  th e curren t  simulations ,  thes e value s wer e 

constan t  wit h value s o f  [.5 ,  1 ,  .5] .  Th e secon d trainin g 

set  represente d a  contro l  i n whic h th e intervenin g C S 2 

was absent .  Previou s empirica l  wor k (e.g .  Bolle s e t  al , 

1978 )  suggest s tha t  learnin g o f  th e CS, ->U S relation -

shi p shoul d b e slowe r  followin g trac e a s compare d t o 

seria l  conditioning . 

Th e mode l  wa s ru n si x time s fo r  eac h o f  thre e set s o f 

paramete r  settings .  Learnin g rate ,  designate d r ,  an d 

momen tum,  m ,  wer e se t  t o th e following :  1 )  r=.l ,  m = 0 , 

2 )  r=.2 ,  m = 0 an d 3 )  r=.l ,  m=.3 .  Afte r  training , 

performanc e wa s measure d i n respons e t o CS, ,  C S 2 an d 

th e C S j->CS 2 compoun d i n th e absenc e o f  th e US .  N o 

learnin g wa s permitte d durin g thi s phase ,  thu s 

preventin g an y extinction .  Th e IT I  betwee n th e en d o f 

th e las t  U S an d th e first  o f  th e tes t  CS s wa s longe r  tha n 

tha t  presen t  durin g trainin g t o encourag e th e mode l  t o 

flush  it s tempora l  m e m o r y o f  previousl y occurrin g 

stimuli .  Th e averag e IT I  durin g trainin g wa s 6  whil e 

tha t  durin g testin g wa s 12 . 

Result s 

The general results are presented in Figure 3 which 

represen t  th e model' s performanc e unde r  th e r=.2 ,  m = 0 

settings .  Qualitativ e result s fo r  th e othe r  setting s wer e 

quit e simila r  an d wil l  b e describe d below .  Figur e 3 

illustrate s th e U S expectanc y a s a  functio n o f  tim e sinc e 

CS onset .  Not e tha t  fo r  optima l  prediction ,  th e pea k o f 

US expectanc y shoul d occu r  o n th e tim e ste p befor e 

presentatio n o f  th e U S .  Thi s wa s tru e fo r  C S ,  unde r  al l 

of  th e paramete r  setting s an d afte r  bot h seria l  an d trac e 

conditioning .  Regardin g th e facilitatio n o f  learnin g th e 

C S,  ->U S relationship ,  th e result s ar e mixed .  Th e 

expectanc y appeare d t o gro w faste r  unde r  seria l 

conditionin g durin g th e first  fe w 100 0 tim e steps .  Thi s 

qualitativ e resul t  i s cleares t  wit h th e r=.l ,  m = 0 settings . 

Give n th e smal l  sampl e siz e (n=6) ,  th e onl y 

statisticall y significan t  differenc e betwee n seria l  an d 

trac e conditio n peak s (a t  4  tim e step s followin g C S 

onset )  wa s a t  30,00 0 tim e step s fo r  r=.l ,  m = 0 

(t(10)=2.408 ,  p=.037) .  Mos t  o f  th e othe r  apparen t 

difference s a t  ste p 4  ha d p-value s <  .2 . 

Wit h furthe r  training ,  pea k expectanc y t o C S ,  unde r 

bot h condition s reache d approximatel y th e sam e 

asymptot e (afte r  4 0 K tim e steps ,  p=.16 8 fo r  r=.l ,  m = 0 ; 

p=.22 5 fo r  r=.l ,  m=.3 ;  p=.74 1 fo r  r=.2 ,  m=0). . 

However ,  not e tha t  U S expectanc y wa s significantl y 

greate r  durin g th e immediatel y precedin g tim e step s 

unde r  th e seria l  paradigm . 

Tim *  cours *  o f  laarnlng :  Saria l  CS 1 
r-.2 .  m- 0 

O.e T 
0. 7 

g'  O S 
I  O' S 
i .  0. 4 

0. 3 
0. 2 j d t ^Hh 

CS 
onM< 

2 3  4  U S 
i 10 ED 20 CD so a 40 

Tim *  cours *  o f  l«arnfng :  Trac *  CS 1 
tm.2 .  nta O 

3 0. 3 
g 0 2 

0.1 
0 

"TTnf Y Ithr ,  lk „  tV n 

10 C 3 2 0 C 3 3 0 c m 4 0 

Tim a coura a o f  laarnlng :  Sarla l  C S 2 
r*.2 ,  n^ O 

0. 6 
07 

^  0. 6 
a 0 5 
X 0. 4 
S 0 3 
g 0 2 

0.1 
0 

S a jS l 
CS on*« l  1 

10 •  2 0 •  3 0 C H 4 0 

Figur e 3 :  T i m e cours e o f  learning .  T h e bar s represen t 

th e U S expectanc y afte r  trainin g th e mode l  fo r  5 ,  10 , 

20 ,  3 0 an d 4 0 thousan d simulatio n tim e steps .  T h e x -

axi s represent s tim e step s durin g testing ,  indexe d 

agains t  th e onse t  o f  th e tes t  C S .  Onse t  o f  U S durin g 

trainin g (no t  testing )  relativ e t o th e C S i s note d o n eac h 

graph . 
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Regardin g CS2 ,  th e pea k expectanc y tende d t o occu r 

late r  tha n optima l  a s trainin g progressed .  I n th e r= .  1 , 

m=. 3 case ,  th e pea k expectancie s occurre d tw o step s 

late r  tha n expecte d considerin g th e CS2->U S relation -

ship .  Ther e wa s als o a  tren d towar d late r  expectancie s 

as th e strengt h o f  th e CSi ->U S relationshi p grew .  Th e 

earlies t  U S expectanc y peak s (an d highestSnde r  al l  bu t 

th e r=.l ,  m=. 3 setting )  occurre d durin g th e first  five  t o 

twent y thousan d tim e step s (dependin g o n th e settinjgs) . 

Latenc y gre w longe r  wit h mor e training . 

Discussio n 

The first thing to note was the common qualitative 

result s fo r  al l  thre e o f  th e paramete r  settings .  Ther e 

wer e som e difference s i n degree,  bu t  th e trend s wer e 

similar .  Give n th e smal l  sampl e size ,  th e onl y conclu -

sio n regardin g U S expectanc y pea k tha t  ca n b e mad e i s 

tha t  th e mea n difference s betwee n th e tw o condition s 

gre w smalle r  wit h mor e training .  A  simila r  resul t  wa s 

observe d b y Bolle s e t  a l  (1978 )  i n thei r  anima l  subjects . 

They compare d delay ,  trac e an d filler  condition s wher e 

th e filler  conditio n represente d seria l  conditioning . 

They observe d facilitatio n (a s measure d b y suppressio n 

ratio )  i n th e filler  conditio n afte r  1 6 C S - U S pairings . 

However ,  afte r  6 4 pairing s ther e wer e n o significan t 
difference s amon g th e thre e groups . 

One o f  th e mor e interestin g simulatio n result s i s tha t 

seria l  conditionin g di d resul t  i n shorte r  latencie s t o C S y 

unde r  al l  thre e paramete r  settings .  I f  th e goa l  o f  th e 

syste m i s t o accuratel y predic t  th e occurrenc e o f  th e U S , 

the n th e trac e procedur e wa s mor e accurat e ove r  th e 

lon g run .  However ,  i n a n adaptiv e sense ,  havin g a  bi t 

more forewarnin g o f  th e USs '  occurrenc e i s beneficial . 

By tha t  criteria ,  seria l  conditionin g wa s superior ,  al -

thoug h th e mechanis m fo r  thi s i s unclear . 

The graph s illustrat e averag e performanc e ove r  a 

number  o f  runs .  Thi s conceal s a  coupl e o f  th e inter -

estin g strategie s adopte d b y som e o f  th e networks .  I n 

tw o run s (on e a t  r=.2 ,  m = 0 ;  on e a t  r=.l ,  m=.3) ,  th e 

syste m wa s observe d t o develo p n o U S expectanc y t o 

presentatio n o f  C S ,  o r  C S 2 alon e bu t  showe d a  norma l 

expectanc y t o th e compoun d (wit h a  pea k o f  approxi -

matel y . 8 t o .9) .  Thi s i s evidenc e o f  configura l  learnin g 

wher e th e compoun d i s treate d differentl y tha n th e s u m 

of  it s  elements .  Configura l  learnin g i n animal s usuall y 

result s whe n ther e i s differentia l  reinforcemen t  o f  th e 

compoun d an d it s elements .  However ,  i n a n experimen t 

involvin g simpl e compoun d (non-serial )  conditioning , 

Keho e (1986 )  ha s foun d lo w level s o f  respondin g t o th e 

element s followin g conditionin g o f  th e compoun d only . 

I n a  simila r  vein ,  th e mode l  twic e (onc e a t  r=.2 ,  m = 0 ; 

onc e a t  r=.l ,  m = 0 )  showe d U S expectanc y followin g 

CS| ,  n o expectanc y followin g CS2 ,  bu t  mor e expectan -

cy t o th e compoun d tha n t o C S j  alone .  Simila r  empiri -

cal  result s hav e als o bee n observe d (e.g .  Kehoe ,  1979) . 

The tendenc y fo r  C S 2 latencie s t o gro w longe r  wit h 

mor e trainin g ma y b e th e resul t  o f  generalizatio n fi-om 

th e earlie r  CS, .  Thi s typ e o f  generalizatio n an d th e 

degre e o f  supremac y o f  th e first  elemen t  i n a  seria l 

compoun d ha s bee n extensivel y studie d b y Keho e & 

Napie r  (1991 )  wit h ey e blin k conditionin g i n rabbits . 

Usin g seria l  puls e stimuli ,  Keho e observe d tha t  th e C R 

topograph y durin g tes t  o f  late r  element s o f  th e 

compoun d wa s ver y simila r  t o th e topograph y expecte d 

and observe d t o th e first  elemen t  o f  th e compound .  I n 

Experimen t  2 ,  a n A->B->C-> D compoun d wa s 

presente d wher e th e IS I  fro m A  t o th e U S wa s 40 0 

msec.  Observe d C R peak s t o al l  o f  th e singl y presente d 

element s occurre d afte r  40 0 t o 45 0 mse c despit e th e fac t 

tha t  th e ISI s o f  B ,  C  an d D  durin g trainin g wer e 300 , 

20 0 an d 10 0 mse c respectively . 

I n simulatio n 2 ,  I  wa s intereste d i n explorin g th e 

variable s tha t  driv e th e model' s U S expectancy .  Moore , 

Desmond an d Belthier' s (1989 )  mode l  relie d o n bot h 

CS onse t  an d C S offse t  fo r  it s  responses .  Th e nex t 

simulatio n investigate s th e S R N model' s dependenc e o n 

thes e tw o variable s followin g bot h trac e an d seria l 

conditioning . 

S i m u l a t i o n 2 

In this set of simulations, the duration of the test CS 

was systematicall y manipulated .  If ,  afte r  equatin g fo r 

CS onset ,  th e latenc y o f  U S expectanc y wa s th e sam e 

fo r  al l  duration s o f  th e tes t  C S ,  the n C S onse t  i s 

determinin g expectancy .  However ,  i f  th e U S latenc y 

systematicall y covarie d wit h th e change s i n duratio n 

(an d thu s offset) ,  the n U S expectanc y i s base d o n C S 

offset .  Th e dat a from  dela y conditionin g i n th e Keho e 

& Napie r  (1991 )  studie s indicat e tha t  th e earlies t  par t  o f 

a sequenc e o f  puls e stimul i  command s substantia l 

respondin g (th e tempora l  primac y effect) .  Thi s migh t 

generaliz e t o appl y t o th e earlies t  par t  o f  a  singl e C S .  A 

differen t  resul t  i s  suggeste d b y Boy d &  Levi s (1976) . 

Thei r  result s demonstrate d a  greate r  relianc e o n th e 

late r  stimul i  i n th e compoun d followin g avoidanc e 

conditioning .  However ,  ther e i s a  significan t  differenc e 

i n th e C S duration s (an d henc e ISIs )  i n th e tw o studies . 

I n Boy d &  Levi s (1976) ,  th e CS s wer e 6  sec .  long . 

Give n tha t  the y wer e usin g a  thre e componen t  com -

pound ,  th e IS I  from  C S ,  t o th e U S wa s 1 8 sec .  M y 

hypothesi s wa s tha t  th e duration s bein g use d i n th e 

presen t  simulation s woul d b e bette r  approximate d b y 
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thos e use d b y Keho e &  Napier s (1991 )  rathe r  tha n thos e 

of  Boy d &  Levi s (1976) .  Not e tha t  thi s beg s th e 

questio n o f  optima l  ISI s fo r  th e tw o differen t  para -

digms ,  N M R i n th e forme r  an d avoidanc e respondin g i n 

th e latter . 

M e t h o d 

The training method was identical to that used in 

Simulatio n 1 .  Th e testin g phas e consiste d o f  a 

systemati c variatio n o f  th e duratio n o f  CS j  includin g 

tim e ste p length s o f  1 ,  2 ,  3  (th e on e o n whic h i t  wa s 

trained )  an d 6 .  Th e IT I  betwee n th e las t  trainin g U S 

and th e firs t  testin g C S wa s als o systematicall y varie d 

t o investigat e an y effec t  o n th e system' s performance . 

Testin g wa s performe d followin g fort y thousan d 

trainin g step s (approximatel y 330 0 trials )  fo r  eac h o f 

th e paramete r  setting s used .  T w o run s a t  eac h o f  th e 

setting s wer e conducted . 

Result s 

The results are shown in Figure 4 collapsed across 

paramete r  setting s (ther e wer e n o significan t  difference s 

Eflec t  o f  Changin g C S Duratio n a t  Tes t 
Trac e Conditionin g 

Effec t  o f  Changin g C S Duratio n a t  Tes t 
Sequentia l  Conditionin g 

OrM 1  2  3  4  5 6  7 

CS Dl*Mion: B 1 S 2 S 3 ffi 6 

Figur e 4 :  Effec t  o f  changin g th e duratio n o f  C S i  a t  test . 

T i m e sinc e C S onse t  represente d o n x-axis . 

among result s fo r  differen t  paramete r  values) .  Not e 

tha t  i n th e graphs ,  C S onse t  i s  equate d acros s tes t  C S 

durations .  Offset s var y wit h duratio n (e.g .  duratio n 6  i s 

on throug h 5  o n th e grap h an d of f  a t  6) .  Give n th e 

trainin g set ,  a  U S expectanc y tha t  depend s o n th e C S 

onse t  shoul d pea k a t  4  o n th e graph .  A  U S expectanc y 

tha t  depend s o n offse t  shoul d pea k a t  2  fo r  duratio n 1 ,  3 

fo r  duratio n 2 ,  4  fo r  duratio n 3 ,  an d 7  fo r  duratio n 6 . 

Th e variatio n o f  ITI s di d hav e a n impac t  o n perfor -

mance fo r  som e networks .  Specificall y th e shortes t  tes t 

IT I  (lengt h 7 )  resulte d i n th e poores t  performanc e whil e 

tes t  ITI s o f  1 1 an d 1 6 performe d equall y well . 

Discussio n 

It is apparent that the model depends primarily on CS 

offse t  fo r  predictin g U S occurrenc e durin g trac e con -

ditioning .  Howeve r  durin g seria l  conditioning ,  th e C S 

onse t  playe d a  majo r  role .  Al l  duration s longe r  tha n I 

resulte d i n significan t  expectanc y a t  tim e step s 3  &  4 . 

Followin g seria l  conditioning ,  th e C S offse t  playe d a 

large r  rol e i n signallin g whe n t o sto p expectin g th e U S 

rathe r  tha n i n initiatin g expectancy .  Th e longe r  th e C S 

was on ,  th e mor e sustaine d th e expectancy .  Hence ,  th e 

offse t  tend s t o attenuat e expectancie s a t  tim e 3 ,  4 ,  5 , 

and 8  fo r  duration s o f  1 ,  2 ,  3 ,  an d 6  respectively .  Thi s 

help s t o explai n th e lac k o f  a  pea k a t  tim e 3  o r  4  fo r  th e 

CS o f  lengt h 1  an d th e dro p i n expectanc y fro m 3  t o 4 

fo r  th e C S o f  lengt h 2 .  Th e apparen t  dro p a t  4  fo r  th e 

CS o f  lengt h 3  wa s no t  significant . 

Not e tha t  th e observe d dependenc e o n C S onse t  vs . 

offse t  wil l  likel y chang e fo r  differen t  traine d C S 

durations .  Longe r  C S s wil l  driv e th e syste m t o us e th e 

neare r  C S offse t  fo r  U S initiatio n whil e shorte r  C S s 

lesse n th e burde n o f  relianc e o n th e farthe r  onset . 

Th e fac t  tha t  th e tes t  IT I  o f  7  performe d wors t  wa s a 

surpris e considerin g tha t  th e mode l  wa s traine d usin g a n 

IT I  tha t  varie d betwee n 5  an d 7 .  Th e initia l  reaso n fo r 

testin g thi s independen t  variabl e wa s t o insur e tha t  th e 

syste m wa s no t  learnin g abou t  th e regularit y o f  U S 

occurrence .  Hence ,  i t  wa s a  surpris e tha t  matchin g th e 

tes t  IT I  t o trainin g IT I  resulte d i n wors e performance . 

Th e shor t  trainin g IT I  m a y hav e actuall y retarde d th e 

network' s learning . 

G e n e r a l  Discussio n 

The model produced very different event representa-

tion s a s th e resul t  o f  seria l  vs .  trac e conditioning .  Othe r 

intratria l  model s o f  conditionin g (e.g .  Grossber g & 

Levine ,  1987 ;  Grossber g &  Schmajuk,1987 ,  1989 ; 
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Klopf .  1988 ;  Lee ,  1991 ;  Sutto n &  Barto ,  1981 .  1990 ) 

hav e bee n teste d o n a  wid e variet y o f  conditionin g 

paradigms .  Th e S R N model' s performanc e o n seria l 

conditionin g demonstrate s promis e an d i t  shoul d b e 

compare d t o tha t  o f  th e othe r  models.  Empirica l  wor k 

can the n b e planne d t o resolv e th e theoretica l  differ -

ences .  A s a  mode l  o f  conditioning ,  th e curren t  mode l  i s 

not  comprehensive .  Motivation ,  drive ,  habituation ,  an d 

instrumenta l  trainin g hav e ye t  t o b e explored . 

Reference s 

Blazis, D.E.J. & Moore, J.W. (1991). Conditioned 

stimulu s duratio n i n classica l  trac e conditioning : 

Test  o f  a  real-tim e neura l  networ k model .  Behavio -

ra l  Brai n Research ,  43 ,  73-78 . 

Holies ,  R.C. ,  Collier ,  A.C. ,  Bouton ,  M.E .  &  Marlin , 

N.A .  (1978) .  Som e trick s fo r  amelioratin g th e 

trace-conditionin g deficit .  Bulleti n o f  th e Psycho -

nomi c Society ,  11,403-406 . 

Boyd ,  T.L .  &  Levis ,  D.J .  (1976) .  Th e effect s o f  single -

componen t  extinctio n o f  a  three-componen t  seria l 

CS o n resistanc e t o extinctio n o f  th e conditione d 

avoidanc e response .  Learnin g &  Motivation ,  7 , 

517-531 . 

Desmond,  J.E .  (1990) .  Temporall y adaptiv e response s 

i n neura l  models :  Th e stimulu s trace .  I n M .  Gabrie l 

& J .  Moor e (Eds.) ,  Learnin g an d Computationa l 

Neuroscience :  Foundation s o f  Adaptiv e Networks . 

Cambridge ,  M A :  M I T Press . 

Elman ,  J.L .  (1990) .  Findin g structur e i n time .  Cognitiv e 

Science ,  14 ,  119-211 . 

Grossberg ,  S .  &  Levine ,  D.S .  (1987) .  Neura l  dynamic s 

of  attentionally-modulate d Pavlovia n conditioning : 

Blocking ,  inter-stimulu s interval ,  an d secondar y 

reinforcement .  Applie d Optics ,  26 ,  5015-5030. . 

Grossberg ,  S .  &  Schmajuk ,  N.A .  (1989) .  Neura l 

dynamic s o f  adaptiv e timin g an d tempora l  discrimi -

natio n durin g associativ e learning .  Neura l  Net -

works ,  2,79-102 . 

Kehoe ,  E.J .  (1979) .  Th e rol e o f  CS-U S contiguit y i n 
classica l  conditionin g o f  th e rabbit' s  nictitatin g 

membrane respons e t o seria l  stimuli .  Learnin g & 

Motivation ,  10 ,  23-38 . 

Kehoe ,  E.J .  (1986) .  Summatio n an d configuratio n i n 

conditionin g o f  th e rabbit' s  nictitatin g membran e 

response .  Journa l  o f  Experimenta l  Psychology : 

Anima l  Behavio r  Processes ,  8 ,  313-328 . 

Kehoe ,  E.J. ,  Gibbs ,  C M . ,  Garcia ,  E .  &  Gormezano ,  I . 

(1979) .  Associativ e transfe r  an d stimulu s selectio n 

i n classica l  conditionin g o f  th e rabbit' s  nictitatin g 

membrane respons e t o seria l  compoun d CSs .  Jour -

nal  o f  Experimenta l  Psychology :  Anima l  Behavio r 

Processes ,  5 ,  1-18 . 

Kehoe ,  E.J .  &  Napier ,  R.M .  (1991 )  Real-tim e factor s i n 

th e rabbit' s  nictitatin g membran e respons e t o pulse d 

and seria l  conditione d stimuli .  Anima l  Learnin g & 

Behavior .  19 ,  195-206 . 

Klopf ,  A.H .  (1988 )  A  neurona l  mode l  o f  classica l  con -

ditioning .  Psychobiology ,  16 ,  85-125 . 

Lee ,  C .  (1991) .  Modelin g th e behaviora l  substrate s o f 

associat e learnin g an d memory :  Adaptiv e neura l 

models .  IEE E Transaction s o n Systems .  Man ,  an d 

Cybernetics ,  21 ,  510-520 . 

Mackintosh ,  N.J .  (1975) .  A  theor y o f  attention : 

Variation s i n th e associabilit y  o f  stimul i  wit h rein -

forcement .  Psychologica l  Review ,  82 ,  276-298 . 

Moore ,  J.W. ,  Desmond ,  J.E. ,  &  Belthier ,  N.E .  (1989) . 

Adaptivel y time d conditione d response s an d th e 

cerebellum :  A  neura l  networ k approach .  Biologica l 

Cybernetics ,  62 ,  17-28 . 

Rescoria ,  R.A .  &  Wagner .  A.R .  (1972) .  A  theor y o f 

Pavlovia n conditioning :  Variation s i n th e effective -

ness o f  reinforcemen t  an d nonreinforcement .  I n 

A.H .  Blac k &  W.F .  Prokas y (Eds.) ,  Classica l 

Conditionin g U :  Curren t  Researc h an d Theory . 

N ew York :  Appleton-Century-Crofts . 

Rumelhart ,  D.E. ,  Hinton ,  G.E .  &  Williams ,  R.J .  (1986) . 
Learnin g interna l  representation s b y erro r 

propagation .  I n D.E .  Rumelhar t  &  J.L .  McClellan d 

(Eds.) ,  Paralle l  Distribute d Processing :  Explora -

tion s i n th e Microstructur e o f  Cognitio n (Vol .  1 ,  pp . 

318-362) .  Cambridge ,  M A :  M I T Press . 

Sutton ,  R.S .  &  Barto .  A.G .  (1981) .  Towar d a  m o d e m 

theor y o f  adaptiv e networks :  Expectatio n an d 
prediction .  Psychologica l  Review ,  88 .  135-170 . 

Sutton .  R.S .  &  Barto .  A.G .  (1990) .  Time-derivativ e 

model s o f  Pavlovia n reinforcement .  I n M .  Gabrie l 

& J .  Moor e (Eds.) .  Learnin g an d Computationa l 

Neuroscience :  Foundation s o f  Adaptiv e Networks . 

Cambridge .  M A :  M I T Press . 

1169 


	cogsci_1992_1164-1169



