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Abstract—^Rescorl a an d Wagner' s mode l  o f  classica l  conditionin g ha s bee n on e o f  th e mos t 

influentia l  an d successfu l  theorie s o f  thi s fundamenta l  learnin g process .  Th e learnin g rul e 

of  thei r  theor y wa s first  describe d a s a  learnin g procedur e fo r  connectionis t  network s b y 

Widro w an d Hoff .  I n thi s pape r  w e propos e a  simila r  confluenc e o f  psychologica l  an d en -

gineerin g constraints .  Sutto n ha s recentl y argue d tha t  adaptiv e predictio n method s c<ille d 

temporal-differenc e method s hav e advantage s ove r  othe r  predictio n method s fo r  certai n 

type s o f  problems .  Her e w e argu e tha t  temporal-differenc e method s ca n provid e detaile d 

account s o f  aspect s o f  classica l  conditionin g behavior .  W e presen t  a  mode l  o f  classica l 

conditionin g behavio r  tha t  take s th e for m o f  a  temporal-differenc e predictio n method .  W e 

argu e tha t  i t  i s  a n improvemen t  ove r  th e Rescorla-Wagne r  mode l  i n it s  handlin g o f  within -

tria l  tempora l  effect s suc h a s th e IS I  dependency ,  primac y effects ,  an d th e facilitatio n o f 

remot e association s i n serial-compoun d conditioning .  Th e ne w mode l  i s closel y relate d 

t o th e mode l  o f  classica l  conditionin g tha t  w e propose d i n 1981 ,  bu t  avoid s som e o f  th e 

problem s wit h tha t  mode l  recentl y identifie d b y Moor e e t  al .  W e sugges t  tha t  th e theor y 

of  adaptiv e predictio n o n whic h ou r  mode l  i s  base d provide s insigh t  int o th* ^  functionalit y 

of  classica l  conditionin g behavior . 

In t roduc t io n 

The increasing interest in connectionist or parallel distributed processing models of 

cognitiv e behavio r  provide s a  n e w rational e fo r  exzuninin g anima l  conditionin g behavior . 

M a ny o f  th e rule s use d fo r  adjustin g connectio n weight s i n connectionis t  model s ar e th e 

resul t  o f  postulatin g tha t  singl e neuron-lilc e unit s exhibit  simplifie d analog s o f  anima l  be -

havio r  i n conditionin g experiments .  Connectionis t  theorie s o f  highe r  function s therefor e 

provid e vehicle s fo r  integratin g insight s f ro m anima l  learnin g researc h int o m o r e compre -

hensiv e theorie s o f  behavior .  A t  th e s a m e time ,  th e mathematica l  theorie s associate d wit h 

connectionis t  learnin g provid e n e w theoretica l  perspective s o n conditionin g behavior . 

Thi s researc h wa s supporte d i n par t  b y th e Ai r  Forc e Offic e o f  Scientifi c  Researc h throug h gran t 

AFOSR-87-0030 .  Th e author s wis h t o than k Harr y Klopf ,  Ji m Morgan ,  Ji m Kehoe ,  Joh n Moore ,  Joh n 

Desmond,  Dian e Blazis ,  an d Nei l  Berthie r  fo r  sharin g thei r  idea s an d simulatio n result s wit h us .  W e 

als o particularl y than k Joh n Moor e fo r  readin g an d providin g valuabl e comment s o n a n earlie r  draf t 

of  thi s paper . 
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Viewe d a t  th e tria l  level ,  classical ,  o r  Pavlovian ,  conditionin g i s relate d t o supervise d 

associativ e learnin g a s studie d b y engineer s an d compute r  scientist s an d embodie d i n man y 

connectionis t  learnin g systems .  Th e syste m i s repeatedl y presente d wit h a n inpu t  pattern , 

correspondin g t o a  conditione d stimulu s (CS) ,  togethe r  wit h a  specificatio n o f  a  desire d 

response ,  whic h correspond s t o th e presentatio n o f  a n unconditione d stimulu s (US )  an d 

th e unconditione d respons e (UR )  tha t  i t  reflexivel y elicits .  Afte r  a  numbe r  o f  suc h CS-U S 

pairings ,  th e C S come s t o elici t  a  conditione d respons e (CR )  tha t  closel y resemble s th e 

U R o r  som e par t  o f  it .  *  W h e n detail s occurrin g withi n trial s ar e considered ,  classica l 

conditionin g i s see n t o involv e th e extractio n o f  predictiv e relationship s amon g stimul i  a s 

i f  causa l  rule s ar e bein g learned . 

In a previoxis paper (Sutton and Barto, 1981), we pointed out that the Rescorla-

Wagner  mode l  o f  classica l  conditionin g (Rescorl a an d Wagner ,  1972 )  i s nearl y identica l 

t o th e learnin g algorith m introduce d earlie r  b y engineer s Widro w an d Hofl F (1960) ,  whic h 

i s use d i n practica l  engineerin g application s (Dud a an d Hart ,  1973 ;  Widro w an d Stearns , 

1985 )  a s wel l  a s i n recen t  connectionis t  model s (e.g. ,  se e Rumelhar t  an d McClelland ,  1986) . 

Tha t  ther e i s thi s degre e o f  correspondenc e betwee n psychologica l  model s an d engineerin g 

method s shoul d no t  b e surprbin g give n th e similarit y o f  th e functiona l  demand s mad e 

i n eac h case .  I n thi s paper ,  w e propos e a  refinemen t  o f  thi s correspondence .  W e pro -

pos e a  ne w mode l  o f  classica l  conditionin g base d o n a  ne w theor y o f  engineerin g method s 

calle d temporal-differenc e method s (Sutton ,  1987) .  Temporal-differenc e method s hav e bee n 

show n t o b e superio r  i n certai n respect s t o th e Widrow-Hof f  algorith m an d t o othe r  engi -

neerin g algorithm s fo r  adaptiv e prediction .  Here ,  w e argu e tha t  th e ne w mode l  o f  classica l 

conditioning ,  whic h w e cal l  th e Temporal-Difference ,  o r  T D ,  model ,  als o provide s a  bette r 

accoun t  o f  anima l  learnin g dat a tha n th e Rescorla-Wagne r  model .  I n addition ,  th e T D 

model  an d th e theor y o f  temporal-differenc e method s provide s specifi c  ne w suggestion s 

abou t  th e functiona l  natur e o f  classica l  conditioning . 

The TD model is a minor varizint of the Adaptive Heuristic Critic (AHC) algorithm 

develope d b y Sutto n fo r  tempora l  credi t  assignmen t  (Sutton ,  1984 ;  Barto ,  Sutton ,  an d 

Anderson ,  1983 )  an d combine d wit h th e erro r  back-propagatio n metho d o f  Rumelhart , 

Hinton ,  an d William s (1985 )  b y Anderso n (1986) .  Th e A H C algorith m itsel f  i s  closel y 

For  example ,  a  huma n subjec t  i s  repeatedl y presente d wit h th e soun d o f  a  bel l  (CS )  followe d b y a 
puf f  o f  ai r  t o hi s ey e (US) ,  whic h cause s hi m t o blin k (UR) .  Afte r  severa l  suc h pairings ,  th e subjec t 

blink s immediatel y (CR )  i n respons e t o th e bel l  alone . 
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relate d t o th e mode l  o f  classica l  conditionin g tha t  w e propose d i n 198 1 (Sutto n an d Barto , 

1981 ;  Bart o an d Sutton ,  1982) ,  whic h w e her e cal l  th e Sutton-Barto ,  o r  SB ,  model ,  an d 

whic h wa s strongl y influence d b y th e wor k o f  Klop f  (1972 ,  1982) .  I n thi s paper ,  w e 

presen t  th e T D mode l  a s a  substantiall y  modifie d versio n o f  th e S B mode l  tha t  solve s 

some o f  th e problem s wit h tha t  mode l  identifie d b y Moor e e t  al .  (1986) .  W e sho w ho w 

th e T D mode l  perform s i n simulation s o f  single-C S acquisitio n an d extinction ,  trac e an d 

dela y conditioning ,  blocking ,  conditione d inhibition ,  second-orde r  conditioning ,  an d severa l 

serial-compoun d conditionin g paradigms .  W e als o discus s wha t  th e theoretica l  basi s o f  th e 

T D mode l  suggest s abou t  wha t  animal s ax e doin g i n classica l  conditioning .  Finally ,  w e 

briefl y mentio n som e o f  th e limitation s o f  th e T D model . 

Rea l -T im e M o d e l s o f  Classical  Conditionin g 

Whereas msiny models of classical conditioning (e.g., Rescorla and Wagner, 1972; 

Mackintosh ,  1975 ;  Pearc e an d Hall ,  1980 )  specif y change s i n associativ e strengt h onl y 

as th e resul t  o f  a  tria l  a s a  whole ,  th e T D an d S B model s specif y change s i n associativ e 

strength s fro m moment  t o moment  withi n trials .  W e wil l  cal l  model s wit h thi s propert y 

real-tim e model s (afte r  Moor e an d Stickney ,  1980 ;  Blazi s e t  al. ,  1986) .  Real-tim e model s 

hav e als o bee n propose d by ,  e.g. ,  Gelperin ,  Hopfield ,  an d Tan k (1985) ,  Gluc k an d T h o m p -

son (i n press) ,  Hawkin s an d Kande l  (1984) ,  Klop f  (1986) ,  Moor e e t  al .  (1986 )  Tesaur o 

(1986) ,  an d Wagne r  (1981) . 

Real-time models have several kinds of advantages over trial-level models. First, since 

real-tim e model s distinguis h betwee n time s withi n a  trial ,  the y ca n maJc e prediction s abou t 

th e effect s o f  varyin g th e tempora l  relationship s amon g stimul i  withi n a  trial ,  wherea s trial -

leve l  model s can't .  Th e trial-leve l  Rescorla-Wagne r  model ,  fo r  example ,  doe s no t  mak e 

prediction s abou t  th e effec t  o f  th e inter-stimulu s interva l  betwee n C S an d U S ,  eve n thoug h 

thi s i s well-know n t o hav e a  stron g effec t  o n conditioning .  A  secon d advantag e o f  real-tim e 

model s i s tha t  the y ar e mor e mechanisti c an d thu s i t  i s  easie r  t o se e ho w the y migh t  b e 

implemente d b y physica l  mechcinisms .  I n particular ,  the y ar e a  ste p close r  t o neiira l  model s 

sinc e thei r  behavio r  ca n b e compare d mor e directl y wit h electrophysiologica l  correlate s o f 

learning . 
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S o me real-tim e models ,  includin g th e S B model ,  hav e bee n presente d i n th e for m o f 

rule s fo r  alterin g th e connectio n weight s o f  a  neuron-lik e adaptiv e element ,  an d w e follo w 

thi s traditio n wit h ou r  descriptio n o f  th e T D model .  Althoug h thi s for m o f  presentatio n 

suggest s possibl e relationship s t o th e cellula r  basi s o f  learnin g an d make s i t  clea r  ho w 

th e mode l  ca n b e use d a s a  learnin g rul e fo r  connectionis t  networks ,  i t  i s  no t  essentia l  t o 

th e T D mode l  a s a  mode l  o f  conditionin g behavior .  No r  i s th e realizatio n o f  th e mode l 

suggeste d b y thi s adaptive-elemen t  th e onl y wa y th e mode l  coul d b e implemente d i n a 

nervou s system . 

T h e S B M o d e l 

We first describe the SB model and then discuss several of its shortcomings. Following 

our  198 1 pape r  (Sutto n an d Barto ,  1981 )  w e presen t  i t  a s a  se t  o f  rule s fo r  adjustin g th e 

connectio n weight s o f  a  neuron-lik e element ,  bu t  w e us e a  slightl y differen t  notation .  Figur e 

1 show s a  neuron-lik e adaptiv e elemen t  wit h n  +  1  inpu t  pathways ,  labele d x(0),., .  ,x(n) , 

an d a  singl e outpu t  pathwa y labele d y .  Fo r  eac h t ,  i  =  0,...,n ,  xt{i )  denote s th e 

strengt h o f  th e signa l  o n pathwa y t  a t  tim e t ;  y t  denote s th e strengt h o f  th e outpu t 

signa l  a t  ste p t .  Associate d wit h eac h inpu t  pathwa y x{i )  i s  a  weigh t  w{i )  tha t  specifie s 

th e efiicac y o f  tha t  pathway ;  tWf(t )  denote s th e weight' s valu e a t  tim e t .  Pathwa y x(0 ) 

b th e U S pathwa y an d it s weigh t  w{0 )  i s positiv e an d constan t  ove r  time .  Pattern s o f 

activit y ove r  th e remainin g inpu t  pathway s represen t  stimul i  tha t  ca n b e associate d wit h 

th e U S — t h e CSs .  *  Chsuige s i n th e weight s o f  th e C S pathway s ove r  tun e represen t 

change s i n th e th e associativ e strength s o f  th e CS s wit h respec t  t o th e U S .  W e denot e 

by x t  th e inpu t  vecto r  a t  tim e t  consistin g o f  th e n  component s o f  th e C S vector ,  i.e. , 

xt  =  {xt{^)i'--,xt{n)) .  Similarly ,  w t  denote s th e n-componen t  vecto r  o f  weight s o f  th e 

CS pathway s a t  tim e t .  T h e elemen t  output ,  y ,  i s assimie d t o contribut e t o bot h th e U R 

an d th e C R . 

Tesaor o (1986 )  correctl y point s ou t  tha t  th e origina l  descriptio n o f  th e S B mode l  suggest s tha t  th e 

model  i s applicabl e onl y whe n a  C S i s represente d locall y b y activit y o n a  singl e inpu t  pathway . 

However ,  th e mode l  obviousl y als o applie s t o th e cas e o f  distribute d CSs ,  an d w e wis h t o allo w tha t 

possiblit y  here .  Thi s i s als o tru e o f  th e T D model ,  bu t  i n th e simulation s presente d here ,  locall y 

represente d CS s ar e use d fo r  simplicity . 
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Figur e 1 .  A  neuron-lik e adaptiv e elemen t  use d i n th e 
S B m o d e l .  Ther e ar e n  modifiabl e C S inpu t  pathways , 
i(l),...,x(n) ,  an d a  pathwa y x(0 )  wit h fixed  weigh t  iu(0 ) 
tha t  correspond s t o th e U S .  Th e elemen t  outpu t  y  correspond s 
t o bot h th e U R an d th e C R . 

The element output at time f is a function of the weighted sum of the inputs at time 

t : 

yt  =  f { ^ m { i ) x t { t ) \ , 

,t= 0 
(1 ) 

wher e /{• }  b  som e S-shape d function ;  i n ou r  earlie r  simulation s w e assume d i t  wa s th e 

identity function. We assume that this input/output relationship is instantaneous because 

the model does not address intrinsic response latencies, which vary across response systems. 

The connection weights of the CS pathways are updated at each time step as follows: 

m-\- i  =  w t  +  c {y t -  yt-i)xt . (2 ) 

wher e c  >  0  an d x t  i s  th e vecto r  o f  eligibilit y  traces ,  eac h componen t  o f  whic h i s a  weighte d 

sum of past values of the corresponding input signal. * We compute these traces using 

the following recursion: 

xt = 0xt-i + {l-/3)xt-u (3) 

I n Sutto n an d Baxt o (1981 )  an d Bart o an d Sutto n (1982) ,  th e mode l  use d a n outpu t  trac e y t  i n 

plac e o f  t/t_ i  i n Equatio n 2 .  However ,  i n al l  th e simulation s describe d ther e w e use d onl y y t  =  Vt-i , 
whic h i s th e specia l  cas e o f  a  trac e resultin g fro m lettin g ^  =  0  i n Equatio n 3 .  Becaus e w e no w 

believ e tha t  thi s specia l  cas e i s bes t  fo r  reason s mad e clea r  i n th e theor y underlyin g th e T D model , 

we explicitl y  specif y thi s cas e i n ou r  restatemen t  o f  th e S B model . 
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wher e 0  <  / ? <  1 .  * 

Equation s 1 ,  2  an d 3  constitut e th e S B model .  W e ca n describ e th e learnin g proces s 

as follows :  Activit y o n an y inpu t  pathwa y i ,  »  =  l,...,n ,  ca n immediatel y influenc e 

th e element' s output ,  y ,  i f  u;(t )  5 ^  0 ,  bu t  als o cause s tha t  pathwa y t o becom e "tagged " 

by th e stimulu s trac e x{i )  a s bein g eligibl e fo r  modificatio n i n th e futur e (fo r  a s lon g a s 

th e trac e i s nonzero) .  A  connectio n weigh t  change s onl y i f  th e pathwa y i s eligibl e an d 

reinforcemen t  occurs ,  wher e reinforcemen t  i s define d a s a  deviatio n o f  th e curren t  outpu t 

fro m th e immediatel y proceedin g outpu t  (fo r  continuou s time ,  reinforcemen t  i s th e rate-of -

chang e o f  th e output) .  Figur e 2  show s th e tim e course s o f  th e relevan t  signal s fo r  a  smgl e 

tria l  wit h a n initiall y  neutra l  CS . 

US 

y 

CS =  X 

y, -  Vt- i 

w 

R 

Figur e 2 .  T i m e course s o f  elemen t  variable s i n 
th e S B m o d e l  fo r  a  tria l  i n w h i c h a n initiall y 
neutra l  ( w =  0 )  C S i s followe d b y th e U S . 

I n Sutto n an d Bart o (1981 )  an d Bart o an d Sutto n (1982 )  w e showe d tha t  thi s mode l  i s 

closel y relate d t o th e Rescorla-Wagne r  mode l  an d coul d similarl y accoun t  fo r  phenomen a 

i n classica l  conditionin g suc h a s blockin g an d conditione d inhibition .  Additionally ,  w e 

showe d h o w i t  coul d accoun t  fo r  inter-stimulu s interva l  (ISI )  effects ,  anticipator y CRs , 

an d aspect s o f  higher-ordfe r  an d serial-compoim d conditioning .  Recently ,  a  nove l  predictio n 

of  th e mode l  concernin g blockin g an d serial-compoun d conditionin g ha s bee n teste d an d 

^  I n Sutto n an d Bart o (1981) ,  i t  wa s define d a s i n Equatio n 3  excep t  tha t  th e facto r  o f  ( 1 -  fi) 
was absent .  Thi s factor ,  whic h wa s use d i n ou r  presentatio n i n Bart o an d Sutto n (1982) ,  simpl y 
normalize s th e trac e i n suc h a  wa y a s t o ensur e tha t  th e trac e o f  inpu t  tha t  i s  constan t  ove r  tim e wil l 
converg e t o tha t  constan t  valu e a s t  —» 00 . 
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confirme d b y Kehoe ,  Schreurs ,  an d Graha m (i n press) .  Tha t  resul t  i s  discusse d furthe r  i n 

th e sectio n o n serial-compoun d results . 

Despite these successes, the SB model suffers from several major problems. In our 

origina l  presentatio n o f  th e S B model ,  w e avoide d man y o f  th e problem s b y usin g a  U S 

tha t  wa s ver y long ,  whic h ensure d tha t  al l  C S trace s ha d falle n t o zer o b y th e tim e o f  U S 

offset .  Moor e e t  al .  (1986 )  hav e sinc e foun d tha t  i f  shorte r  US s ar e used ,  th e S B mode l  doe s 

not  generat e appropriat e conditionin g behavio r  a s a  functio n o f  th e CS-U S inter-stimulu s 

interva l  (ISI) .  Fo r  example ,  i f  C S onse t  i s simultaneou s wit h o r  shortl y afte r  U S onset ,  the n 

th e S B mode l  incorrectl y predict s stron g inhibitor y conditionin g t o th e C S .  Eve n worse , 

i f  C S offse t  i s simultaneou s wit h U S offset ,  a s i n standar d dela y conditioning ,  the n th e 

unmodifie d S B mode l  predict s tha t  th e C S wil l  fai l  t o acquir e a  positiv e associatio n a t  an y 

ISI . 

Moore et al. succeeded in producing a modified version of the SB model, called the 

Sutton-Barto-Desmond ,  o r  S B D ,  model ,  tha t  largel y solve s thes e an d othe r  problems , 

and als o reproduce s ke y feature s o f  respons e topograph y an d CR-relate d neuronal  firing 

(Moor e e t  al. ,  1986 ;  Blazi s e t  al. ,  1986) .  Th e primar y modification s t o th e S B mode l 

wer e 1 )  allowin g th e effec t  o f  th e U S t o var y a s a  functio n o f  curren t  weigh t  values ,  2 ) 

specifyin g a  particula r  lagge d relationshi p betwee n CS s an d thei r  correspondin g signal s 

x(t) ,  an d 3 )  makin g th e trac e deca y rat e 0  depen d o n C S duration .  Together ,  thes e 

modification s constitut e a  substantia l  increas e i n th e complexit y o f  th e model .  Wit h th e 

T D model ,  w e ar e attemptin g t o solv e th e IS I  problem s o f  th e S B mode l  i n a  simple r 

way.  Th e modification s mad e b y Moor e e t  al .  t o giv e th e S B mode l  a  mor e realisti c 

repons e topograph y an d t o relat e i t  t o neurona l  firings  m a y als o b e applicabl e t o th e T D 

model ,  bu t  thi s ha s no t  ye t  bee n explored .  Spac e limitation s preven t  u s fro m makin g a 

ful l  compariso n o f  th e T D mode l  wit h th e S B D mode l  sm d wit h othe r  competin g real-tim e 

model s (e.g. ,  Klopf ,  1986 ,  i n prep. ;  Tesauro ,  1986 ;  Gluc k an d Thompson ,  i n press) . 

T h e Temporal-Differenc e ( T D )  M o d e l 

A key desirable feature of the SB model and some other models (Gelperin, Hopfield, 

Tank ,  1985 ;  Hawkin s an d Kandel ,  1984 ;  Klopf ,  1986 ,  i n prep. ;  Moor e e t  al. ,  1986 ,  Tesauro , 
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1986 )  i s tha t  reinforcemen t  i s cause d b y th e onset s an d offset s o f  previousl y conditione d 

CSs.  Sinc e th e U S i s treate d exactl y lik e a  previousl y conditione d C S i n th e S B model , 

th e US' s reinforcin g effect s als o occu r  a t  it s  onse t  an d offset .  Experimentally ,  however ,  i t 

seems a s i f  simpl y th e presenc e o f  th e U S i s reinforcin g rathe r  tha n chsmge s i n it s presence . 

Thi s i s th e basi c differenc e betwee n th e S B mode l  an d th e T D model—i n th e T D model , 

US presenc e itsel f  i s  directl y remforcing ,  no t  it s initiatio n an d termination . 

We define the TD model by referring to the adaptive element shown in Figure 1. The 

element' s outpu t  a t  tim e t  i s 

yt  =  r t  +  P{wt,xt) , 

wher e r t  denote s th e valu e a t  tim e t  o f  a  signa l  indicatin g th e presenc e an d strengt h o f 

th e U S (i.e. ,  r t  i s  th e sam e a s wt{0)xt{0 )  o f  th e S B model )  an d P{wt,xt )  i s  define d b y 

P{w,x) = { (4) 
(̂  0 ,  otherwise . 

The weights are updated according to the rule 

wt+i = wt + c\jt + nP{m,xt) - P{wt,xt-i)jxt, (5) 

where c>0, 0<')f<l, and x^ is as defined by Equation 3. 

This model is similar to the SB model and basically works in the same manner, but 

i t  differ s fro m tha t  mode l  i n severa l  crucia l  ways .  First ,  not e tha t  th e su m P  play s a 

rol e i n th e weigh t  updat e equatio n simila r  t o th e rol e th e outpu t  y  play s i n th e S B mode l 

(Equatio n 2) :  Chzinge s i n P  ove r  tim e ar e critica l  determinant s o f  weigh t  changes .  Bu t 

her e th e s u m P  doe s no t  includ e a  contributio n fro m th e U S a s th e s u m y  doe s i n th e 

SB mode l  (Equatio n 1) .  Th e U S directl y contribute s t o weigh t  change s throug h th e ter m 

r t  i n Equatio n 5 .  Consequently ,  i n th e T D model ,  th e presenc e o f  th e U S (signale d b y 

a nonzer o valu e o f  rt) ,  rathe r  tha n it s onse t  an d offset ,  act s a s reinforcement .  Thi s i s 

accomplishe d whil e retainin g th e featur e o f  th e S B mode l  whereb y a  C S wit h a n existin g 

associatio n generate s reinforcemen t  a t  it s  onse t  an d offse t  (throug h th e CS' s contributio n 

t o P ) . 

A second major feature distinguishing the TD model from the SB model concerns 

th e paramete r  7 .  T h e theoretica l  interpretatio n o f  thi s paramete r  i s discusse d i n a  late r 

section .  Her e i t  suffice s t o poin t  ou t  tha t  thi s paramete r  cause s a  C S wit h a n existin g 
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associativ e strengt h t o generat e reinforcemen t  throughou t  it s presenc e an d no t  jus t  a t 

it s  onse t  an d offset .  I n Equatio n 5 ,  i f  P  i s constan t  ove r  time ,  the n t o th e exten t  tha t 

7 i s les s tha n 1 ,  reinforcemen t  b  stil l  generated .  Th e strengt h o f  thi s reinforcemen t  i s 

proportiona l  t o th e strengt h o f  th e CS' s existin g association ,  bu t  o f  opposit e sign .  Th e 

choic e o f  7  determine s th e relativ e importanc e o f  reinforcemen t  generate d b y CS s wit h 

existin g association s du e t o thei r  constan t  presence ,  an d du e t o thei r  onset s an d offsets . 

'Y i s usuall y chose n t o b e nea r  1  (e.g. ,  7  =  .9 5 i n al l  simulation s describe d here) ,  s o tha t 

th e presenc e o f  a  C S generate s muc h les s reinforcemen t  tha n doe s it s onse t  o r  offset . 

Basi c Result s 

In this section we present simulation results showing the behavior of the TD model in a 

rang e o f  basi c conditionin g paradigms—single-C S acquisitio n an d extinction ,  IS I  curve s fo r 

trac e an d dela y conditioning ,  blocking ,  conditione d inhibition ,  an d th e lac k o f  extinctio n o f 

conditione d inhibitors .  W e regax d suc h result s a s basi c becaus e the y d o no t  involv e compli -

cate d temporal  relationship s betwee n CS s an d becaus e previou s model s hav e demonstrate d 

each o f  thes e abilities .  Nevertheless ,  t o ou r  knowledg e onl y th e S B D mode l  (Moor e e t  al. , 

1986 ;  Blazis ,  1986 )  ha s previousl y demonstrate d al l  o f  thes e abilities . 

The parameter values used in all simulations were c = .01, fi = .8, and 7 = .95. 

Thes e value s wer e chose n s o a s t o approximatel y matc h IS I  dat a fo r  th e rabbi t  nictitatin g 

membrane respons e (a s discusse d below) ,  unde r  th e interpretatio n tha t  eac h tim e ste p 

correspond s t o .0 5 seconds .  W h e n a  stimulu s wa s present ,  th e correspondin g inpu t  signa l 

( x o r  r )  wa s se t  t o 1 ,  an d whe n th e stimulu s wa s absent ,  th e signa l  wa s se t  t o 0 .  Th e 

tim e interva l  betwee n trial s wa s lon g enoug h fo r  al l  trace s t o fal l  t o zero .  Sinc e n o stimul i 

wer e presente d durin g th e inter-tria l  interval ,  i t  i s  clea r  fro m Equatio n 5  tha t  n o weigh t 

change s wil l  occu r  durin g th e bul k o f  thi s time .  Thus ,  mos t  o f  th e inter-tria l  interva l  wa s 

simulate d simpl y b y settin g th e trace s t o zero . 

Figure 3 shows the behavior of the TD model in a single-CS acquisition and extinction 

paradigm .  Th e tempora l  relationship s amon g stimul i  durin g th e acquisitio n phas e o f 

th e experimen t  ar e show n i n Figur e 3A .  Durin g extinction ,  onl y th e C S wa s presented . 

Over  acquisitio n trials ,  th e C S gain s associativ e strengt h i n a  negativel y accelerate d way , 

asymptoticall y approachin g a  fixed  value .  Durin g extinction ,  associativ e strengt h i s los t 
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TRIAL S 1-70 : 

CS-

US-

•  . 2 se c • !  . 1 se c 

•. 4 sec • •• ' 

B 

17 0 

T R I A L S 

Figur e 3 .  Simulatio n o f  Single-C S Acquisitio n a n d E x -
tinctio n i n th e T D M o d e l .  A )  Timin g relationship s betwee n 
stimul i  durin g acquisition .  B )  Th e behavio r  o f  th e weigh t  cor -
respondin g t o th e C S durin g acquisitio n (trial s 1-70 )  an d ex -
tinctio n (trial s 71-170) .  Durin g extinction ,  th e C S i s presente d 
not  followe d b y a  U S .  Th e tim e interval s ar e give n i n second s 
unde r  th e interpretatio n tha t  eac h tim e ste p correspond s t o .0 5 
seconds . 

i n a  simila r  manner . 

Figure 4 shows the ISI curves produced by the TD model in trace and delay condi-

tionin g experiments .  Thes e curve s sho w th e fina l  associativ e strengt h generate d b y th e 

T D mode l  afte r  8 0 CS-U S pairing s a s a  functio n o f  th e inter-stimulu s interva l  betwee n C S 

an d U S .  Th e genera l  shap e o f  thes e curve s i s independen t  o f  paramete r  settings ,  bu t  no t 

importan t  detail s suc h a s ho w rapidl y associativ e strengt h decline s a s th e IS I  increases . 

Roughl y speaking ,  ( 3 determine s th e rat e o f  declin e i n trac e conditioning ,  and ,  fo r  fixed 

J3,  7  determine s th e rat e o f  declin e i n dela y conditioning .  Th e paramete r  value s give n 

abov e wer e selecte d t o approximat e th e IS I  dat a fo r  rabbi t  N M R conditionin g show n i n 

Figur e 5 . 

The TD model exhibits complete blocking if first-stage training is conducted until 

asymptoti c zissociativ e strengt h i s achieve d an d i f  th e C S adde d i n th e secon d stag e ha s 
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TRACE CONDITIONING: 

CS 

US 

*  ̂  * > J-rtr t 

ISI 

1 
1 

:  . 1 se c 
• 

DELAY CONDITIONING: 

CS-

us-

ISI 

J L 

-».''4 -
. 1 se c 

1. 7 

W 

0 

D E L AY 

T R A CE 

B 

0 . 5 1  2 

C S - U S I S I  ( sec ) 

Figur e 4 .  Effec t  o f  th e C S - U S Inter-Stimulu s Interva l 
i n Trac e a n d Dela y Conditionin g o f  th e T D M o d e l . 
A)  Timin g relationship s betwee n stimul i  i n trac e an d dela y 
acquisitio n trials .  B )  Resultan t  C S weigh t  afte r  8 0 acquisitio n 
trial s a s a  fimctio n o f  ISI . 

exactl y th e sam e tim e cours e a s th e first  CS .  Thi s i s apparen t  fro m inspectio n o f  Equatio n 

5—the weights for the two CSs experience exactly the same increments during a second-

stage trial; if the weight of the first CS no longer experiences any net change, then neither 

will the weight of the added CS. 

Figure 6 shows the behavior of the TD model in a conditioned inhibition (CI) training 

regime. In CI, reinforced and unreinforced trials of the two types shown in Figure 6A are 
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100 

80 

60 

% C Rs 
40 

20 

0 

• —•  TRACE -  Smit h e t  al .  (1969 ) 
D—a DELA Y -  Schneiderma n e t  al .  (1964 ) 
+—•»-  TRACE -  Schneiderma n (1966 ) 

Inter-Stimulu s Interva l  (sec ) 

Figure 5. Effect of the CS-US ISI in Trace and 
Dela y Conditionin g o f  th e Rabb i t  Nictitatin g 
M e m b r a n e Respons e ( N M R ) .  Th e tim e cours e o f 
th e IS I  dependenc y varie s widel y betwee n specie s an d 
respons e systems .  Th e parcimete r  value s use d her e i n 
th e T D mode l  wer e chose n s o tha t  th e model' s IS I  de -
pendency ,  show n i n Figur e 4 ,  approximatel y matche s 
thi s rabbi t  N M R data . 

intermixed .  CS"* "  i s  followe d b y th e U S excep t  i n th e presenc e o f  C S ~ .  CS"* "  i s  foun d 

experimentally to become positively conditioned whereas CS~ becomes a conditioned in-

hibitor, that is, it tends to inhibit CRs. This result is also found in the simulation. In 

the extinction phase of the CI experiment shown in Figure 6, both stimuli were presented 

individually without the US. The result shown is also the same as that found experimen-

tally: The association to the excitor extinguishes, but the association to the inhibitor does 

not (Zimmer-Hart and Rescorla, 1974). Moore et al. (1986) showed that the SB model 

will reproduce the desired behavior if the output y is prevented from becoming negative 

(this corresponds to a particular choice for / in Equation 1), and this is essentially what 

we have done in the TD model by using a threshold operation in Equation 4. 

Ser ia l -Compoun d Result s 

Real-tim e conditionin g model s ar e interestin g primaril y becaus e the y mak e prediction s 

for a wide range of situations that cannot be represented by trial-level models. These 

situations involve conditionable stimuli that occur together but not strictly simultaneously. 
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TRIAL S 1-80 : 

CS* 

CS-

US 

TRIAL S 81-130 : 

CS* 

CS" 

US 

1. 5 

W 0 -

-1. 5 

1 •  •  -i — • -  •]— 1 

^  \  1 

\ " ~ '  1 

^ ^ ^ ^ - ^ . _ C S " 

1 1  -  - .  1  1 

B 

8 0 

T R I A L S 

13 0 

Figur e 6 .  Conditione d Inhibitio n a n d it s Extinctio n 
i n th e T D M o d e l .  A )  T im e trace s showin g th e tw o kind s o f 
trial s presente d alternatel y i n a  conditione d inhibitio n exper -
imen t  (trial s 1-80 )  an d i n a  subsequen t  attemp t  t o extinguis h 
th e resultan t  association s (trial s 81-130) .  B )  Behavio r  ove r 

trial s o f  th e weight s zissociate d wit h CS" ^  an d C S ~ .  Durin g 

acquisition ,  th e weigh t  fo r  CS"* "  become s positive ,  whil e th e 

weigh t  fo r  C S ~ become s negative .  Th e associatio n t o CS"'" , 

but  no t  t o C S ~ ,  i s  extinguishe d b y nonreinforcement .  Bot h 
CSs ar e . 2 second s i n duratio n an d th e U S i s . 1 secon d i n 
duration . 

Any suc h compoun d stimulu s whos e component s d o no t  bot h begi n an d en d a t  th e sam e 

time is called a serial-compound stimulus. It should be recognized that almost all learning 

involves serial-compound stimuli, either becaiise the animal distinguishes earlier and later 
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portion s o f  a  stimulu s tha t  m a y b e viewe d a s a  singl e stimulu s b y th e experimenter ,  o r 

becaus e th e animal' s behavio r  give s ris e t o a  predictabl e sequenc e o f  situation s leadin g 

t o reinforcement ,  a s i n mziz e running .  Keho e (1982 )  survey s th e theoretica l  issue s an d 

empirica l  result s relevan t  t o serial-compoun d conditioning . 

One of the theoretical issues arising in serial-compound conditioning concerns the fa-

cilitatio n o f  remot e associations .  I t  ha s bee n foun d tha t  i f  a n empt y trac e interva l  betwee n 

th e C S an d th e U S i s fille d wit h a  secon d C S t o for m a  seria l  compoun d stimulus ,  the n 

conditionin g t o th e first  C S i s facilitated .  Figur e 7 B show s th e behavio r  o f  th e T D mode l 

i n a  simulatio n o f  suc h a n experiment ,  th e timin g detail s o f  whic h ar e show n i n Figur e 7A . 

Consisten t  wit h th e experimenta l  results ,  th e mode l  show s facilitatio n o f  bot h th e rat e o f 

conditionin g an d th e asymptoti c leve l  o f  conditionin g o f  th e first  C S du e o f  th e presenc e 

of  th e secon d C S . 

CSA 

CSB 

US 

• 2 sec - ••'• « . 2 sec—•'•• -
.1 se c 

1. 3 

"{:s A 

. 0 

1 

CSB PRESENT^. ^ 

1 

•  T 

" " ' ' ' ' 

CSB ABSENT 

1 

B 

8 0 

T R I A L S 

Figur e 7 .  Facilitatio n o f  a  R e m o t e Associatio n b y a n 
Intervenin g Stimulu s i n th e T D M o d e l .  A )  Tempora l  re -
lationship s amon g stimul i  withi n a  trial .  B )  Th e behavio r  ove r 
trial s o f  CSA' s weigh t  whe n C S A i s presente d i n a  seria l  com -
pound ,  a s i n A ,  an d whe n presente d i n a n identica l  tempora l 
relationshi p t o th e U S ,  onl y withou t  th e presenc e o f  C S B . 
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The stimulu s contex t  effect s suc h a s blockin g an d conditione d inhibitio n tha t  th e 

Resc o r  la-Wagne r  mode l  i s s o successfu l  a t  reproducin g involv e effect s o n th e condition -

in g o f  on e C S du e t o th e presenc e o f  others .  However ,  sinc e i t  i s  a  trial-leve l  model ,  th e 

Rescorla-Wagne r  mode l  doe s no t  tak e int o accoun t  th e tempora l  relationship s betwee n th e 

CSs,  whic h ar e know n t o b e capabl e o f  producin g dramati c behaviora l  consequences .  O n e 

of  th e best-know n earl y demonstration s o f  thi s i s th e Egger-Mille r  (1962 )  experimen t  tha t 

involve d tw o overlappin g CS s i n a  dela y configuratio n a s show n i n Figur e 8A .  Althoug h 

C SB i s i n a  bette r  tempora l  relationshi p wit h th e U S ,  th e presenc e o f  C S A reduce s condi -

tionin g t o C S B substantiall y  a s compare d t o control s i n whic h C S A i s absent .  Figur e 8 B 

shows th e sam e resul t  bein g generate d b y th e T D mode l  i n a  simulatio n o f  thi s experiment . 

CSA 

CSB 

US 

2 sec - •  . 2 se c • -••'-4 -
.1 se c 

1. 6 

" t s B 

CSA ABSENT 

CSA PRESENT 

B 

8 0 

T R I A L S 

Figur e 8 .  T h e Egger-Mille r  o r  P r imac y Effec t  i n th e 
T D M o d e l .  A )  Tempora l  relationship s amon g stimul i  withi n 
a trial .  B )  Th e behavio r  ove r  trial s o f  CSB' s weigh t  whe n C S B 
i s presente d wit h an d withou t  C S A . 

I n Sutto n an d Bart o (1981) ,  w e presente d simulatio n result s wit h th e S B mode l  fo r  a n 

experimen t  simila j  t o th e Egger-Mille r  experimen t  discusse d above .  Th e experimen t  w e 

simulate d differe d fro m th e Egger-Mille r  experimen t  i n tha t  C S B wa s give n prio r  trainin g 

unti l  i t  wa s full y associate d wit h th e U S .  W h e n C S A wa s subsequentl y introduced ,  th e 

pre-establishe d associatio n t o C S B decrease d t o zer o a s trainin g continued .  Althoug h 
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we di d no t  realiz e i t  a t  th e time ,  thi s i s a  nove l  an d surprisin g predictio n o f  th e S B 

model .  W h y shoul d a  well-traine d C S tha t  continue s t o b e paire d wit h th e U S i n a  goo d 

tempora l  relationshi p los e associativ e strengt h jus t  becaus e a  ne w C S i s introduce d wit h 

no initia l  associatio n an d i n a  poo r  tempora l  relationship ? Thi s i s a  situatio n i n whic h 

on e migh t  expec t  th e origina l  C S t o bloc k an d limi t  associatio n t o th e ne w CS .  However , 

th e S B mode l  predict s a  decremen t  i n th e othe r  direction .  Recently ,  Kehoe ,  Schreurs ,  an d 

Graiiaj n (i n press )  hav e teste d an d confirme d th e predictio n tha t  C S B wil l  los e associativ e 

strengt h unde r  thes e conditions .  The y als o not e tha t  alternativ e theorie s d o no t  mak e thi s 

predictio n an d hav e considerabl e difficult y i n explainin g thi s result .  Th e behavio r  o f  th e 

T D mode l  unde r  thes e condition s i s show n i n Figur e 9 .  Thi s behavio r  i s i n slightl y bette r 

accor d wit h th e dat a tha n i s th e S B model' s behavior ,  i n tha t  th e associatio n t o C S B i s 

reduce d afte r  th e introductio n o f  C S A ,  bu t  no t  completel y eliminated . 

C SA 

UoB •  • • 

US 
^ 

-  . 2 se c -

i 

— • • - 4 — -  . 2 se c -

1 

1 
1 J. 

.1 se c 

1. 6 

"'cS B 

CSA ABSENT 

B 

CSA PRESENT 

8 0 

T R I A L S 

Figur e 9 .  T e m p o r a l  P r i m a c y Overridin g Blockin g i n 
th e T D M o d e l .  A )  Tempora l  relationship s betwee n stimuli . 
B)  Th e behavio r  ove r  trial s o f  CSB' s weigh t  whe n C S B i s 
presente d wit h an d withou t  C S A .  T h e onl y differenc e betwee n 
thi s simulatio n an d tha t  show n i n Figur e 8  wa s tha t  her e C S B 
starte d ou t  full y conditioned—CSB' s weigh t  wa s initiall y  se t 
t o 1.653 ,  th e final  leve l  reache d whe n C S B wel s presente d 
alon e fo r  8 0 trials ,  a s i n th e "CSA-absent "  cas e i n Figur e 8 . 
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Figur e 1 0 show s th e behavio r  o f  th e T D mode l  i n a  second-orde r  conditionin g experi -

ment .  I n th e first  phas e (no t  show n i n th e figure),  C S B i s pretraine d wit h th e U S .  I n th e 

secon d phase ,  C S A i s paire d wit h C S B i n th e sequentia l  arangemen t  show n i n Figur e lOA , 

i n th e absens e o f  th e US .  Experimentally ,  C S A i s foun d t o acquir e associativ e strengt h eve n 

thoug h i t  i s  neve r  paire d wit h th e U S .  I n th e T D model ,  C S A first  acquire s a  substantia l 

associatio n an d the n thi s associatio n an d th e origina l  on e t o C S B ar e extinguished .  Thi s 

i s th e sam e patter n see n experimentally . 

CSA 1 

CSB 

•  . 4 se c • -••'•4 - .4 sec -

1. 6 r 

w B 

5 0 

T R I A L S 

Figur e 10 .  Second-Orde r  Conditionin g o f  th e T D 
M o d e l .  A )  Tempora l  relationship s betwee n stimuli .  B ) 
Th e behavio r  o f  th e weight s associate d wit h C S A an d C S B 
ove r  trials .  Th e secon d stimulus ,  C S B ,  ha s a n initia l  weigh t 
of  1.65 3 a t  th e beginnin g o f  th e simulation . 

Figur e 1 1 show s th e IS I  curv e fo r  th e T D mode l  i n second-orde r  conditioning .  I t 

plot s th e associativ e strengt h afte r  10 0 trial s a s a  functio n o f  th e C S A - C S B ISI .  Thi s 

IS I  curv e differ s significantl y fro m th e C S - U S IS I  curv e show n i n Figur e 4  primaril y i n 

tha t  her e simultaneou s presentatio n result s i n th e formatio n o f  a  larg e negativ e associatio n 

instea d o f  a  smal l  positiv e one .  Recal l  tha t  th e T D mode l  treat s th e reinforcemen t  du e t o 

USs an d previousl y conditione d CS s differently :  U S signal s directl y caus e reinforcemen t 

wherea s change s i n th e signal s o f  previousl y conditione d CS s caus e reinforcement .  Thus ,  i n 

simultaneou s presentation ,  a  US' s reinforcemen t  i s delivere d thoughou t  th e presentation , 
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wherea s a  previousl y conditione d C S deliver s reinforcemen t  onl y a t  it s  onset ,  an d negativ e 

reinforcemen t  a t  it s  offset ,  s o tha t  a  simultaneousl y paire d C S wil l  b e muc h mor e affecte d 

by th e negativ e reinforcemen t  tha n b y th e positiv e reinforcement . 

CSA 

CSB 

.4 sec -

IS I 

. 4 sec -

. 7 -

"^CS A °  ' 

-. 7 -

B 

-. 3 0  . 4 1 

C S A - C S B I S I  ( s e c ) 

1. 5 

Figur e 11 .  Effec t  o f  th e C S A - C S B IS I  o n Second-Orde r  C o n -
ditionin g o f  T D M o d e l .  A )  Tempora l  relationship s betwee n stim -
uli .  B )  Resultan t  valu e o f  CSA' s weigh t  afte r  1 0 trial s a s a  fimctio n 
of  C S A - C S B ISI . 

Experimentally ,  second-orde r  conditionin g i s observe d t o occu r  wit h bot h simultzuieou s 

an d sequentia l  C S A - C S B pairings .  T o explai n thi s observatio n i n term s o f  th e T D mode l 

we mus t  appea l  t o indirec t  associations ,  whic h ar e outsid e th e scop e o f  th e mode l  pe r  se . 

Tha t  is ,  th e mode l  clearl y predict s tha t  n o direc t  C S A —*  U S associatio n wil l  develop ,  bu t 

does no t  preclud e th e developmen t  o f  bot h C S A —>•  C S B an d C S B —> U S associations ,  whic h 

togethe r  coul d hav e th e sam e effect .  Thi s explanatio n o f  second-orde r  conditionin g i s i n 

fac t  partiall y  confirme d experimentally .  On e observe d differenc e betwee n simultaneou s 

an d sequentia l  second-orde r  conditionin g i s tha t  th e associatio n t o C S A i s eliminate d 

by extinguishin g C S B i n simultaneou s second-orde r  conditioning ,  bu t  no t  i n sequentia l 

second-orde r  conditionin g (Rescorla ,  1980) .  Thi s suggest s tha t  simultaneou s second-orde r 

conditionin g i n fac t  doe s no t  resul t  i n a  direc t  C S A —> U S association . 
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Theoretica l  Basi s o f  th e T D M o d e l 

hi addition to providing an account of the range of classical conditioning phenomena 

describe d above ,  th e T D mode l  ha s a  theoretica l  basi s tha t  suggest s a n accoim t  o f  th e 

functionalit y o f  thes e phenomena .  Sutto n (1987 )  ha s develope d a  clas s o f  method s fo r 

adaptiv e predictio n calle d temporal-differenc e (TD )  method s an d ha s show n tha t  the y hav e 

certai n advantage s ove r  othe r  predictio n method s fo r  problem s havin g a  certai n structure . 

The advantage s o f  T D method s includ e reduction s i n memor y requirements ,  a  mor e eve n 

distributio n o f  computatio n ove r  time ,  an d bette r  generalizatio n fro m pas t  experienc e t o 

ne w situations .  I f  classica l  conditionin g involve s prediction ,  a s m a n y believ e i t  does ,  the n 

T D method s ar e likel y candidate s fo r  th e underlyin g learnin g procedure .  Her e w e provid e 

a brie f  introductio n t o th e theor y a s i t  relate s t o th e T D model . 

At each time step t, the subject receives a pattern of CSs represented by the stimulus 

vecto r  xt ,  fro m whic h i t  form s a  predictio n P(u; ,  xt) ,  usin g it s curren t  weigh t  vecto r  w . 

But  wha t  doe s P{w^xt )  predict ? Clearly ,  P{w,xt )  shoul d tel l  th e subjec t  somethin g 

abou t  th e value s o f  th e U S signa l  r  i n th e nea r  future .  Fo r  example ,  P{w y xt )  migh t 

predic t  somethin g lik e 

wher e N  i s th e numbe r  o f  step s remainin g i n th e curren t  trial .  Th e s u m i s a  natura l  wa y t o 

hav e th e idea l  predictio n var y wit h th e intensity ,  duration ,  an d numbe r  o f  US s occurrin g 

on th e trial ,  an d th e expecte d valu e provide s a  principle d wa y t o dea l  wit h statistica l 

variatio n fro m tria l  t o trial . 

However, the particular sum given above, in which all the rt+k values in the rest of 

th e tria l  ar e give n equa l  weight ,  i s  problemati c fo r  tw o reasons .  First ,  trial s an d tria l 

boundarie s ar e generall y i n th e min d o f  th e experimente r  an d unknow n t o th e subject . 

Second ,  experimentall y th e associatio n forme d t o a  C S depend s strongl y o n th e tim e 

elapsin g betwee n i t  an d th e U S — t h e mor e closel y th e U S follow s th e C S ,  th e stronge r  th e 

associatio n i t  wil l  support .  Thi s las t  observatio n suggest s tha t  subject s ar e predictin g a 

su m i n whic h greate r  weigh t  i s give n t o rt+ k value s fo r  smalle r  value s o f  k .  Althoug h 

ther e ar e man y way s o f  varyin g th e weightin g wit h time ,  th e T D mode l  i s base d o n a n 

exponentia l  weightin g i n whic h th e weigh t  o f  eac h rt+ k >  fc >  1 ,  i s  'y*~^ ,  fo r  0  <  ' y  <  1 . 

That  is ,  th e T D mode l  i s base d o n th e hypothesi s tha t  th e subjec t  attempt s t o adjus t  w 
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so that ,  a t  eac h tim e t : 

f  *  1 
P { w ,  x t ) ^ E l Y ,  'Y*rHik+ i  [ .  (6 ) 

U =o 

T h e paxamete r  ' y  i s calle d th e discoun t  rai t  becavis e i s determine s th e rat e a t  whic h late r 

value s o f  r  ar e discounted . 

Although the theorems so far obtained for TD methods (Sutton, 1987) do not apply to 

predictin g th e quantit y give n b y Equatio n 6 ,  T D theor y nevertheles s provide s a  method -

olog y fo r  constructin g a  T D learnin g metho d specialize d fo r  predictin g thi s quantity .  Th e 

distinguishin g featur e o f  T D method s i s tha t  th e erro r  ter m the y us e b  th e differenc e 

betwee n temporall y successiv e predictions .  P{w^xt-\ )  an d P[wyXt )  ar e temporall y suc -

cessiv e predictions ,  bu t  i t  i s  no t  appropriat e t o us e thei r  differenc e directl y a s a n erro r 

becaus e the y ar e prediction s o f  tw o differen t  quantities ,  P[w,xt-\ )  o f  -̂ ^  (13*1̂ )'Y*•"«+* }  » 

an d P(iy,xt )  o f  E  {Y^̂ =ol̂ t̂-\-k-\̂ \ )  •  However ,  thes e tw o prediction s ar e closel y relate d 

as follows : 

P {w ,x t - i ) ^E l J ^ ' ) ^ r t  +  k 

oo 

= E l r t  +  ^^' 'rt+ k 

ik= l 

^rt + ^P{wyXt). 

Thus ,  r t  +  ^P{WfXt )  i s  a  predictio n o f  th e sam e quantit y predicte d b y P{wyXt-i) ,  bu t  i t 

i s  availabl e on e tim e ste p late r  an d i s base d o n slightl y bette r  information—o n th e newly -

availabl e actua l  valu e o f  r t  an d o n th e ne w stimulu s vecto r  xt .  I t  i s  thu s th e differenc e 

betwee n thes e tw o predictions ,  tha t  is ,  {r t  +  7P(ty,Xf) )  — P{to,xt-i) ,  tha t  i s  use d a s a 

reinforcemen t  o r  erro r  i n th e T D model' s updat e rul e (Equatio n 5) . 

The TD model proposed here is not the first model of classical conditioning to be based 

on change s o r  tempora l  difference s i n ne t  associativ e strength .  Thi s mechanis m i s a  ke y 

par t  o f  th e S B model ,  an d als o o f  th e model s propose d b y Hawkin s an d Kande l  (1984) , 

Gelperin ,  Hopfiel d an d Tan k (1985) ,  Klop f  (1986 ,  i n prep.) ,  Moor e e t  al .  (1986) ,  an d 

Tesaur o (1986) .  W h a t  i s differen t  abou t  th e T D mode l  i s tha t  th e precis e wa y tempora l 

difference s ar e use d i s base d o n a  formal ,  engineerin g theor y o f  prediction ,  couple d wit h a 

specifi c  proposa l  fo r  th e quantit y bein g predicted . 
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Limitation s an d Conclusio n 

Neither the SB model nor the TD model are complete models of classical conditioning. 

Among th e majo r  classe s o f  phenomen a tha t  ar e beyon d th e scop e o f  thes e model s an d 

whic h hav e bee n treate d b y othe r  model s ar e configuratio n an d patternin g phenomen a 

(e.g. ,  Kehoe ,  1986 ,  an d Grange r  an d Schlimmer ,  1986) ,  attentiona l  an d stimulu s selec -

tio n effects ,  learnin g t o learn ,  an d learne d salience/associabilit y  change s (e.g. ,  Moor e an d 

Stickney ,  1980 ;  Schmaju k an d Moore ,  1986 ;  Kehoe ,  1986) ,  sensor y preconditionin g an d 

othe r  effect s o f  indirec t  association s (e.g. ,  Schmaju k an d Moore ,  1986) ,  C R topograph y 

(e.g. ,  Moor e e t  al. ,  1986 ;  Fre y an d Sears ,  1978) ,  an d stimulu s preprocessin g issue s (e.g. , 

Gelperin ,  Hopfield ,  an d Tank ,  1985) .  Som e o f  thes e phenomen a m a y b e addressabl e wit h 

connectionis t  mechanism s suc h a s baxrkpropagatio n (Rumelhart ,  Hinton ,  an d Williams , 

1985 )  learning-rat e adjustmen t  rule s (e.g. ,  Fre y an d Sears ,  1978 ;  Sutton ,  1986 ;  Bart o an d 

Sutton ,  1981 ,  Appendi x  C ) ,  an d recurren t  network s (e.g. ,  Sutto n an d Barto ,  1981a ;  Sutto n 

and Pinette ,  1985) . 

Although animal learning is complex and subtle, with different processes operating at 

differen t  level s an d tim e scales ,  it s  regularitie s ar e fa r  mor e strikin g tha n it s variations . 

Althoug h on e theor y tha t  explain s al l  anima l  learnin g remain s a  goal ,  mos t  progres s i n thi s 

are a ha s bee n mad e b y focussin g o n identifiabl e componen t  processe s o f  anima l  learning . 

Agains t  thi s background ,  th e T D mode l  actuall y represent s a  substantia l  integration ,  sinc e 

it s behavio r  subsume s nearl y al l  th e behavio r  o f  th e trial-leve l  Rescorla-Wagne r  mode l 

but  additionall y generate s prediction s an d explanation s fo r  within-tria l  phenomena .  Th e 

simulation s o f  th e T D mode l  describe d i n thi s paper ,  togethe r  wit h th e theoretica l  basi s 

of  th e T D model ,  sugges t  tha t  thes e phenomen a migh t  b e regarde d a s consequence s o f  a n 

adaptiv e proces s fo r  predictin g a  discoimte d s u m o f  futur e value s o f  th e U S signal . 
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