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ABSTRACT 

Networks composed of layers of adaptive elements provide a 
rigorou s explanatio n fo r  comple x associativ e learnin g 
phenomena .  I n part icular ,  a  networ k compose d o f  thre e 
adaptiv e element s ca n explai n previousl y intractabl e 
phenomena ,  namel y th e rapi d rat e o f  reacquisit ions , 
learning-to-learn ,  spontaneou s configuration ,  an d negativ e 
patternin g (th e exclusive-O R prob lem) .  Thi s pape r  wil l 
compar e th e result s o f  compute r  simulation s t o th e 
behaviora l  result s o f  classica l  conditionin g experiment s 
usin g th e rabbit' s  nictitatin g membran e response . 

INTRODUCTION 

Layered networks of adaptive elements have featured 

prominentl y i n contemporar y theorie s o f  biologica l  an d machin e 

cognit ion ,  particularl y wit h regard s t o patter n recognitio n 

(Bart o &  Anderson ,  1985 ;  Feldman ,  1985) .  Mos t  notably ,  layere d 

network s provid e a n elegan t  mean s fo r  solvin g problem s o f 

nonlinea r  representation ,  fo r  example ,  th e exclusive-O R proble m 

i n whic h th e syste m mus t  lear n t o respon d t o eac h o f  tw o input s 

bu t  no t  thei r  conjunctio n (Rumelhart ,  Hinton ,  &  Wil l iams ,  1985) . 

Rathe r  tha n bein g "prewired "  t o represen t  particula r  combination s 

of  inputs ,  layere d adaptiv e network s o f  th e appropriat e typ e 

posses s th e abilit y  t o "tune "  themselve s t o significan t 

combination s o f  input s (e.g. ,  Barto ,  1984 ;  Barto ,  Anderson ,  & 

Sutton ,  1982 ;  Rumelhar t  e t  a l . ,  1985 ) .  A  les s widel y note d 

featur e o f  layere d network s i s thei r  abilit y  t o explai n 

"learning-to-learn, "  tha t  i s  a  gai n i n th e flexiblit y o f  th e 

system' s outpu t  a s a  consequenc e o f  prio r  training .  A t  a  mor e 

genera l  level ,  a  capacit y fo r  learning-to-lear n ma y provid e th e 
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foundation for "insight" and other forms of "understanding" 

(Harlow ,  1949) .  Accordingly ,  a  majo r  purpos e o f  thi s pape r  i s t o 

demonstrat e tha t  som e o f  th e sam e feature s o f  layere d network s 

tha t  permi t  th e recognitio n o f  arbitrar y pattern s als o permi t 

learning-to-learn . 

Thi s pape r  wil l  presen t  compute r  simulation s o f  layere d 

network s tha t  ar e intende d t o duplicat e th e cours e o f  associativ e 

learnin g i n a  biologica l  system ,  namel y classica l  conditionin g o f 

th e rabbit' s  nictitatin g membran e (NM )  respons e (Gormezano ,  1966 ; 

Gormezano ,  Kehoe ,  &  Marshall ,  1983) .  I n th e N M respons e 

preparation ,  th e measure d respons e i s a n extensio n o f  th e thir d 

eyelid ,  whic h i s innatel y elicite d a s a n unconditione d respons e 

(UR)  b y a  brie f  (5 0 ms )  electrical-puls e unconditione d stimulu s 

(US)  administere d t o th e surfac e o f  th e ski n posterio r  t o th e 

eye .  Learnin g i s produce d b y sequentia l  presentation s o f  a 

conditione d stimulu s (CS )  an d th e US ,  and ,  afte r  a  numbe r  o f 

CS-US pairings ,  learnin g i s evidence d b y th e acquisitio n o f  a n N M 

conditione d respons e (CR )  t o th e C S i n advanc e o f  th e US . 

As a  biologica l  testbe d fo r  layere d networ k models , 

classica l  conditionin g procedure s hav e severa l  usefu l  features : 

(1) Animals can be brought to the learning situation in 

a relativel y naiv e state ,  thu s approximatin g th e 

initia l  stat e o f  a n untutore d network . 

(2 )  Animal s d o no t  requir e an y prio r  verba l 

instructions ,  thu s learnin g proceed s a s a  functio n 

of  th e stimulu s input s an d respons e output s tha t 

occu r  durin g th e trainin g task . 

(3 )  I n classica l  conditionin g procedures ,  i t  i s 

possibl e t o pos e learnin g problem s i n a  simplifie d 

way tha t  ca n b e duplicate d i n simpl e layere d 

networks .  Fo r  example ,  th e exclusive-O R proble m 

has it s behaviora l  counterpar t  i n Pavlov' s (1927 ) 

negativ e patternin g task .  I n tha t  task ,  th e anima l 

i s presente d a  mixtur e o f  thre e type s o f  learnin g 

trials :  (a )  a  ton e C S tha t  signal s th e US ,  (b )  a 

ligh t  C S tha t  als o signal s th e US ,  an d (c )  a 
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compound tone + light stimulus that never signals 

th e US .  Th e anima l  ca n b e sai d t o hav e solve d th e 

negativ e patternin g tas k whe n i t  generate s CR s t o 

th e ton e an d th e ligh t  bu t  no t  th e compound . 

(4 )  I n man y classica l  conditionin g procedures ,  th e C R 

appear s t o th e C S i n advanc e o f  th e arriva l  o f  th e 

US.  B y observin g thes e anticipator y CRs ,  i t  i s 

possibl e t o trac e th e cours e o f  learnin g o n a 

trial-by-tria l  basis .  Fo r  purpose s o f  testin g a 

networ k model ,  th e eventua l  achievemen t  o f  a 

solutio n i s perhap s les s interestin g tha n observin g 

th e intermediat e state s o f  th e syste m prio r  t o th e 

solutio n state .  Fo r  example ,  i n solvin g th e 

negativ e patternin g problem ,  animal s initiall y  sho w 

considerabl e C R acquisitio n t o th e compoun d a s wel l 

a s th e separat e ton e an d ligh t  st imuli ,  afte r  whic h 

respondin g t o th e compoun d graduall y decline s 

(e.g. ,  Bell ingham ,  Gil lette-Bell ingham ,  &  Kehoe , 

1985 ;  Whitlo w &  Wagner ,  1972 ;  Woodbury ,  1943 ) . 

In the remainder of this presentation, I shall describe in 

thre e stage s a  mode l  o f  classica l  conditionin g base d o n a  layere d 

networ k scheme .  Th e mode l  originate s i n thos e o f  Barto ,  Sutton , 

and thei r  associates ,  whic h i n tur n ar e base d o n Hebb' s (1949 , 

1972 )  theor y o f  synapti c facilitatio n (e.g. ,  Barto ,  1984 ;  Bart o 

et  a l . ,  1982 ;  Sutto n &  Barto ,  1981 ) .  I n brief ,  eac h stag e o f  th e 

model  wil l  encompas s a n increasin g numbe r  o f  conditionin g 

phenomena .  Th e first-stag e mode l  wil l  explai n simpl e C R 

acquisit io n t o on e C S an d a  primitiv e for m o f  learning-to-lear n 

evidence d b y progressiv e increase s i n th e rat e o f  successiv e 

acquisit ion s an d extinction s conducte d wit h th e sam e C S (Hoehler , 

Kirschenbaum ,  &  Leonard ,  1973 ;  Scavi o &  Thompson ,  1979 ;  Schmalt z 

& Theios ,  1972 ;  Smit h &  Gormezano ,  1965 ) .  Th e second-stag e mode l 

wil l  encompas s a  mor e advance d for m o f  learning-to-learn ,  namel y 

a facil itatio n o f  C R acquisitio n t o a  ne w C S (e.g. ,  l ight )  afte r 

prio r  trainin g wit h another ,  highl y distinctiv e C S (e.g. ,  tone ) 

(Hol t  &  Kehoe ,  1985 ;  Keho e &  Holt ,  1984) .  Finally ,  th e 
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third-stage model will explain a variety of simple pattern 

recognitio n phenomena ,  includin g negativ e patterning . 

STAGE I: SUCCESSIVE ACQUISITIONS AND EXTINCTIONS 

Figure 1 shows a schematic diagram of the network. The 

networ k contain s tw o "sensory "  elements ,  on e fo r  th e ton e C S (T ) 

and on e fo r  th e unconditione d stimulu s (US) .  Th e outpu t  fro m T 

project s t o a n intermediat e elemen t  ( X ) ,  an d th e outpu t  fro m X 

project s t o anothe r  elemen t  (R ) ,  whic h i n tur n give s ris e t o th e 

observabl e behavio r  (CR/UR) .  Bot h nonsensor y elements ,  namel y X 

and R ,  receiv e a n outpu t  fro m th e U S element . 

Initial CR Acquisition 

At  th e beginnin g o f  trainin g wit h a  naiv e animal ,  onl y th e 

output s fro m th e U S t o X  an d R  ar e effective .  Tha t  i s t o say , 

onl y th e U S elemen t  ca n trigge r  a n all-or-non e firin g o f  X  an d R . 

Initially ,  th e T  inpu t  i s unabl e t o trigge r  th e intermediat e 

element ,  bu t  th e T  inpu t  doe s rende r  it s connectio n wit h X 

eligibl e fo r  modificatio n b y th e U S inpu t  shoul d i t  occu r  durin g 

a brie f  eligibilit y  perio d tha t  follow s C S onse t  (Sutto n &  Barto , 

1981) .  Thus ,  a s th e T- X connectio n strengthen s ove r  successiv e 

CS-US pairings ,  T  wil l  begi n t o trigge r  X .  Then ,  th e X- R 

connectio n wil l  becom e eligibl e fo r  chang e b y th e US' s inpu t  t o 

R.  Observabl e CR s t o th e ton e wil l  onl y begi n t o appea r  whe n th e 

intervenin g connection s becom e stron g enoug h s o tha t  T  trigger s X 

and the n X  trigger s R .  Th e change s i n eac h o f  th e interio r 

connections ,  namel y T- X an d X-R ,  ar e governe d b y th e linea r 

operato r  proces s commonl y ure d i n curren t  model s o f  conditionin g 

(Sutto n &  Barto ,  1981) .  (Se e Appendi x 1  fo r  a  ful l  descriptio n o f 

th e implementatio n o f  th e mode l ) .  Th e firin g o f  bot h X  an d R  i s 

all-or-non e an d i s determine d b y a  normally-distribute d rando m 

threshol d variable .  Thus ,  o n a  give n tr ial ,  X  fire s i n respons e 

t o a n inpu t  fro m T  onl y i f  th e T- X connectio n weightin g exceed s 

th e threshol d valu e o n tha t  trial .  Likewise ,  R  fire s onl y i f  th e 

X- R connectio n weigh t  exceed s th e curren t  threshold . 
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C R / UR 

Figur e 1 .  A  minima l  networ k o f  tw o sensor y element s (T , 
US)  an d tw o adaptiv e element s (X ,  R )  fo r  successiv e 
acquisit ion s an d extinction s i n classica l  conditioning . 

Figur e 2' s  left-han d colum n o f  panel s show s th e change s 

acros s block s o f  CS-U S trial s i n (a )  th e T- X connection ,  (b )  th e 

X- R connection ,  an d (c )  th e percen t  C R measur e produce d b y a 

compute r  simulatio n o f  th e network' s activit ies .  A s ca n b e see n 

i n th e botto m panel ,  i t  i s  possibl e t o reproduc e a  typica l 

acquisit io n curve .  Th e threshold s an d growt h rat e parameter s fo r 

bot h connection s wer e selecte d s o tha t  th e simulate d curv e woul d 

approximat e th e acquisitio n curv e typicall y obtaine d i n th e 

rabbi t  N M respons e preparatio n unde r  a n 800-m s CS-U S interva l 

(se e Appendi x 1 ) .  A s ca n b e see n i n th e uppe r  tw o panels ,  th e 

T- X connectio n rise s t o a  hig h leve l  befor e th e X- R connectio n 

show s an y substantia l  change .  Fo r  example ,  i n th e secon d bloc k 

of  training ,  th e T- X connectio n wa s .6 9 whil e th e X- R connectio n 

was onl y .10 . 

Subsequent Acquisitions 

I n it s remainin g panels .  Figur e 2  show s th e simulate d 

change s fo r  th e interio r  connection s an d percen t  C R acros s a n 

initia l  ext inct ion ,  a  reacquisit ion ,  an d a  re-extinction .  Durin g 
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Figure 2. Simulation results for successive acquisitions 
and extinctions . 

th e initia l  extinction ,  th e T- X connectio n decline s a t  a  stead y 

rate ,  whil e th e X- R connectio n decline s t o a n asymptoti c leve l  o f 

.70 .  A s th e T- X connectio n weaken s an d X' s frequenc y o f  firin g 

declines ,  th e X- R connectio n i s eligibl e fo r  modificatio n les s 

and les s often .  I n thi s way ,  th e X- R connectio n i s largel y 

protecte d fro m extinctio n an d thu s remain s intact .  Wit h respec t 

t o th e simulate d percen t  CR ,  i t  ca n b e see n tha t  th e C R frequenc y 

reache s negligibl e level s whil e bot h th e T- X an d X- R connection s 

ar e stil l  appreciable .  Consequently ,  durin g reacquisitio n i n th e 

thir d stage ,  bot h th e T- X an d X- R connection s nee d relativel y fe w 

reinforcement s t o ris e t o thei r  asymptoti c levels ,  yieldin g a 

relativel y rapi d ris e i n C R likelihood . 

The secon d extinctio n doe s no t  appea r  particularl y mor e 

rapi d tha n th e firs t  extinction .  T o som e extent ,  thi s simulate d 

outcom e i s accurate ;  th e availabl e dat a sugges t  tha t  th e chang e 

i n extinctio n rat e i s considerabl y slowe r  tha n th e chang e i n 

acquisitio n rat e acros s alternation s o f  th e trainin g conditions . 
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T h u s ,  t h i s ve rs i o n o f  th e mode l  a p p e a r s t o b e a c c u r a t e t o a t 

leas t  a  f i r s t  a p p r o x i m a t i o n . 

STAGE II: LEARNING-TO-LEARN 

Figure 3 shows an example of a learning-to-learn effect that 

h a s bee n repea ted l y obse rve d i n cond i t i on i n g o f  th e rabb i t  N M 

r e s p o n s e (Hol t  &  K e h o e ,  1 9 8 5 ;  Keho e &  H o l t .  1 9 8 4 ;  K e h o e ,  M o r r o w , 

& H o l t ,  1 9 8 4 ) .  I n P h a s e I  o f  t h i s p a r t i c u l a r  e x p e r i m e n t ,  on e 

g r o u p o f  r abb i t s rece ive d CS-U S p a i r i n g s i n wh i c h th e in i t ia l  C S 

w as a n 8 0 0 - m s tone -  Ano the r  g rou p serve d a s a  res t  c o n t r o l .  A s 
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F i g u r e 3 .  Examp l e o f  in i t ia l  C R acqu i s i t i o n t o a  ton e C S 
(T+ )  an d subsequen t  t rans fe r  t o a  l igh t  C S ( L + ) .  Th e 
p o i n t  marke d X  i nd i ca te s th e in i t ia l  r espons e leve l s t o 
th e l igh t  C S . 
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expected, the former group showed CR acquisition to the tone, 

whil e th e res t  contro l  grou p showe d negligibl e responding .  A t 

th e star t  o f  Phas e I I ,  bot h group s receive d fou r  unreinforce d 

presentation s o f  a n 800-m s ligh t  t o determin e th e leve l  o f 

immediat e cross-moda l  generalization .  I n th e presen t  experimen t 

as i n al l  ou r  othe r  studies ,  immediat e transfe r  wa s no t 

detectable -  I n Figur e 3 ,  th e mea n respons e likelihoo d o n th e 

test s ar e show n abov e th e "X "  marke r  o n th e abscissa .  Onl y on e 

animal ,  whic h happene d t o b e i n th e pretraine d group ,  responde d 

twic e t o th e light .  However ,  onc e CS-U S trainin g wit h ligh t  wa s 

begun ,  th e pretraine d grou p showe d extremel y rapi d C R acquisitio n 

t o th e ne w CS .  Fo r  example ,  th e animal s i n th e pretraine d grou p 

achieve d a  mea n C R likelihoo d o f  36 % withi n th e firs t  bloc k o f 

reinforce d ligh t  trials .  B y wa y o f  comparison ,  th e naiv e animal s 

i n th e contro l  grou p achieve d a  mea n C R likelihoo d o f  onl y 2 % 

withi n th e firs t  bloc k o f  reinforce d ligh t  trials .  I n th e 

presen t  case ,  th e pretraine d grou p showe d a  highe r  leve l  o f 

respondin g t o th e ligh t  tha n th e contro l  grou p throughou t  Phas e 

II .  However ,  th e asymptoti c leve l  o f  respondin g i n th e contro l 

grou p usuall y converge s wit h tha t  o f  th e pretraine d group .  I n 

othe r  studies ,  w e hav e show n tha t  th e positiv e transfe r  betwee n 

ton e an d ligh t  i s  symmetric . 

I n orde r  t o explai n th e cross-moda l  learning-to-lear n 

effect ,  i t  i s  onl y necessar y t o ad d a n additiona l  sensor y elemen t 

fo r  th e ligh t  t o th e network ,  a s ca n b e see n Figur e 4 .  Th e inpu t 

fro m ligh t  (L )  project s t o th e intermediat e elemen t  X  jus t  a s th e 

inpu t  fro m ton e (T )  does .  Nothin g els e abou t  th e mode l  i s 

change d i n an y way . 

Figur e 5  show s th e result s o f  compute r  simulation s fo r  th e 

learning-to-lear n effect .  Th e simulatio n o f  initia l  C R 

acquisitio n wit h th e ton e proceed s i n th e norma l  wa y fo r  th e 

model .  I n particular ,  observabl e CR s t o th e initia l  C S (tone ) 

wai t  upo n th e successiv e strengthenin g o f  th e T- X an d X- R 

connections .  However ,  i n subsequen t  reinforce d trainin g wit h th e 

new C S ( l ight) ,  th e appearanc e o f  CR s require s onl y th e 

establishmen t  o f  th e L- X connection ,  becaus e th e X- R connectio n 

has bee n alread y full y strengthened .  Thus ,  a s soo n a s th e L- X 
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connection becomes strong enough to trigger X, any firings of X 

triggere d b y L  ar e immediatel y translate d int o observabl e CR s vi a 

th e previously-establishe d X- R connection .  Th e rapi d C R 

acquisitio n t o th e ligh t  i s  displaye d i n th e learnin g curv e fo r 

Phas e I I  labelle d a s PRE ,  whic h denote s pretraining .  I n th e wa y 

of  contrast ,  a  learnin g curv e fo r  a  naiv e contro l  conditio n i s 

als o displayed ,  labelle d a s REST .  Thus ,  b y relyin g o n a  common 

connectio n an d th e combinatio n o f  convergen t  C S inputs ,  a  layere d 

networ k ca n explai n th e learning-to-lear n effect . 

I n additio n t o demonstratin g th e learning-to-lear n effect , 

my associate s an d I  hav e foun d tha t  i t  survive s extinctio n o f  th e 

origina l  conditione d refle x (Keho e e t  a l . ,  1984) .  Figur e 6  show s 

th e result s o f  on e o f  ou r  experiments .  Th e ke y experimenta l 

grou p (4-E )  receive d initia l  trainin g a t  a  400-m s CS-U S interva l 

wit h on e C S (CSl-US) .  Betwee n CSl-U S trainin g an d transfe r 

trainin g wit h a  secon d C S (CS2-US) ,  th e animal s i n Grou p 4- E 

receive d a  CSl-alon e extinctio n procedure .  Anothe r  experimenta l 

grou p (4-H )  remaine d i n thei r  home-cage s durin g th e extinctio n 

procedure .  I n addition ,  tw o correspondin g contro l  group s (28- E 

and 28-H )  initiall y  receive d exposur e t o CS l  an d th e U S bu t  a t  a 

lon g 2,800-m s CS-U S interval .  Examinatio n o f  th e left-han d pane l 

of  Figur e 6  reveal s tha t  Group s 4- E an d 4- H showe d conventiona l 

CR acquisition ,  whil e Group s 28- E an d 28- H showe d negligibl e 

level s o f  responding .  Th e middle-pane l  show s tha t  th e Grou p 4- E 

displaye d considerabl e extinctio n o f  th e C R t o CSl ,  wherea s Grou p 

28- E continue d t o displa y littl e responding .  Finally ,  th e 

right-han d pane l  reveal s that ,  despit e th e nea r  eliminatio n o f 

th e initia l  conditione d refle x (CSl-CR )  i n Grou p 4-E ,  thos e 

animal s acquire d th e ne w conditione d refle x (CS2-CR )  a s rapidl y 

as thei r  counterpart s i n Grou p 4-H ,  bot h o f  whic h showe d positiv e 

transfe r  relativ e t o thei r  respectiv e contro l  groups . 

On th e theoretica l  side ,  th e compute r  simulation s 

successfull y reproduce d th e abilit y  o f  th e learning-to-lear n 

effec t  t o surviv e disruptio n o f  th e initia l  conditione d reflex . 

Accordin g t o th e compute r  simulations ,  th e learning-to-lear n 

effec t  survive s fo r  th e sam e reason s tha t  reacquisitio n afte r 

extinctio n i s mor e rapi d tha n initia l  acquisition .  Figur e 7 
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shows the results of computer simulations for the case in which 

ther e i s a n intervenin g extinctio n o f  th e origina l  conditione d 

reflex .  A s show n i n Figur e 7 ,  th e X- R connectio n i s largel y 

intac t  a t  th e en d o f  ton e extinction .  Wit h th e X- R connectio n 

stil l  i n place ,  pairing s o f  th e alternat e C S (L )  wit h th e U S ca n 

tak e advantag e o f  th e X- R connectio n an d rapidl y produc e CR s a s 

th e L- X connectio n begin s t o strengthen .  Th e lowe r  right-han d 

pane l  o f  Figur e 7  show s tw o simulate d percen t  C R curves .  Th e 

soli d lin e represent s acquisitio n t o th e ligh t  i n th e grou p tha t 

receive d ton e pretrainin g followe d b y ton e extinctio n (i.e. , 

Grou p 4 -E) .  Th e dotte d lin e represent s th e simulate d acquisitio n 

curv e fro m a  pretraine d grou p tha t  di d no t  underg o extinctio n o f 

th e origina l  conditione d refle x (i.e. ,  Grou p 4 -H ) .  I n agreemen t 

wit h th e behaviora l  data ,  th e tw o curve s overla p perfectly . 

STAGE III: CONFIGDRAL LEARNING 

The rabbit NM response preparation has expressed its 

sensitivit y t o pattern s o f  multipl e sensor y input s i n a  variet y 

of  ways .  Figur e 8  show s th e cours e o f  differentiatio n betwee n a 

compound an d it s component s unde r  thre e differen t  trainin g 

regimes .  Th e lowe r  pane l  show s th e learnin g curve s obtaine d 

unde r  a  negativ e patternin g schedule ,  whic h correspond s t o th e 

exclusive-O R problem .  A s ca n b e seen ,  differentiatio n proceede d 

slowly ;  respondin g t o th e compound ,  whic h wa s neve r  followe d b y 

th e US ,  decline d onl y afte r  extensiv e trainin g (Bellingha m e t 

al. ,  1985) .  Th e uppe r  right-han d pane l  reveal s tha t 

differentiatio n proceede d muc h mor e rapidl y i n a  positiv e 

patternin g procedure ,  i n whic h reinforce d presentation s o f  a  ton e 

+ ligh t  compoun d (TL+ )  wer e intermixe d wit h unreinforce d 

presentation s o f  th e separat e component s (T- ,  L- )  (Bellingha m e t 

al. ,  1985 ;  Keho e &  Schreurs ,  i n press) .  I n logica l  terms ,  th e 

positiv e patternin g schedul e correspond s t o a n AN D problem . 

Differentiatio n o f  a  compoun d fro m it s component s i s no t  confine d 

t o procedure s entailin g explici t  discriminatio n training .  A s 

shown i n th e uppe r  left-han d panel ,  pairing s o f  a  compoun d wit h 

th e U S ca n produc e spontaneou s differentiatio n o f  th e compoun d 
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from its components (Kehoe, 1986; Kehoe & Schreurs, in press). 

On th e b a s i s o f  bo t h exp l i c i t  an d imp l i c i t  d i f f e r e n t i a t i o n 

b e t w e e n a  compoun d an d i t s c o m p o n e n t s ,  n u m e r o u s theo r i s t s hav e 

p r o p o s e d tha t  th e ne rvou s sys te m e s t a b l i s h e s d i s t i n c t i v e 

e n c o d i n g s fo r  th e compoun d an d i t s c o m p o n e n t s ,  eac h w i t h i t s ow n 
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excitator y o r  inhibitor y associativ e strengt h (e.g. ,  Bell ingha m 

et  a l . ,  1985 ;  Hul l ,  1943 ,  1945 ;  Keho e &  Gormezano ,  1980 ;  Razran , 

1965 ,  1971 ;  Rescorla ,  1972 ,  1973 ;  Whitlo w &  Wagner ,  1972 ) .  Whil e 

negativ e patternin g clearl y represent s a  nonlinea r  combinatio n o f 

th e components ,  positiv e patternin g an d spontaneou s 

differentiatio n ma y represen t  case s i n whic h th e CR-evokin g 

capacit y o f  th e compoun d result s fro m a  linea r  combinatio n o f  th e 

CR-evokin g capacitie s o f  th e separat e components ,  ton e an d light . 

Nevertheless ,  a  histor y o f  reinforce d exposur e t o a  compoun d 

stimulu s engage s a  combinatio n process ,  linea r  o r  otherwise ,  tha t 

permit s th e subjec t  t o respon d t o th e compoun d a s a  functiona l 

uni t  distinc t  fro m it s components . 

Figur e 9  show s a  schemati c diagra m o f  a  networ k tha t  ca n 

explai n th e configura l  learnin g phenomena .  Th e networ k i s 

essentiall y  tw o paralle l  instance s o f  th e networ k use d i n th e 

Stag e I I  model .  Tha t  i s t o say ,  th e sensor y input s fo r  tone , 

light ,  an d th e U S projec t  t o a  secon d intermediat e elemen t  ( Y ) , 

whic h i n tur n project s t o th e R  element .  Fo r  purpose s o f 

triggerin g a n elemen t  b y a  join t  input ,  i t  wa s assume d tha t  th e 

su m o f  currentl y eligibl e connectio n weight s i s compare d t o th e 

element' s threshol d value .  Fo r  changin g th e inpu t  weights ,  th e 

presen t  mode l  followe d th e lea d o f  Sutto n an d Bart o (1981) .  I n 

\ 

CR/UR 

Figur e 9 .  A  networ k o f  thre e sensor y element s (T ,  L ,  US )  an d 
thre e adaptiv e element s (X ,  Y ,  R )  fo r  configura l  learning . 
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brief, when two inputs to either the X, Y, or R elements were 

simultaneousl y eligibl e fo r  modif icat ion ,  the n th e input s 

compete d fo r  th e availabl e connectio n weight s supporte d b y th e U S 

input .  Thus ,  i n trainin g wit h a  singl e CS ,  sa y th e tone ,  th e 

input s fro m X  an d Y  t o th e R  elemen t  woul d compet e wit h eac h 

other .  I n compoun d trainin g wit h th e ton e an d light ,  th e input s 

fro m T  an d L  t o th e X  elemen t  woul d compet e wit h eac h other . 

L ikewise ,  th e T  an d L  input s t o th e Y  elemen t  woul d compet e wit h 

eac h other . 

Thi s competit iv e proces s wa s originall y formulate d t o 

accoun t  fo r  stimulu s selectio n phenomena ,  i n whic h increase s i n 

th e weigh t  o f  on e stimulu s inpu t  woul d b e eithe r  blocke d b y prio r 

increase s i n th e weigh t  o f  anothe r  concurren t  inpu t  o r 

overshadowe d b y mor e rapi d increase s i n th e weigh t  o f  anothe r 

concurren t  inpu t  (e.g. ,  Rescorl a &  Wagner ,  1972 ;  Sutto n &  Barto , 

1 9 8 1 ) .  However ,  thi s competitiv e proces s ca n als o caus e element s 

t o becom e tune d t o th e combine d T  an d L  inputs .  Specifically , 

competit io n betwee n th e T  an d L  input s woul d ensur e tha t  neithe r 

inpu t  b y itsel f  woul d gai n sufficien t  connectiv e weigh t  t o b e 

abl e t o reliabl y trigge r  th e nex t  element . 

I n orde r  t o discove r  a  se t  o f  parameter s tha t  woul d 

accuratel y simulat e configura l  learning ,  I  manipulate d tw o group s 

of  parameters ,  namel y th e mea n threshol d valu e o f  eac h elemen t 

(TJ )  an d th e learnin g rat e paramete r  fo r  eac h elemen t  (a j ) . 

Figur e 1 0 show s th e result s o f  usin g th e Stag e II I  networ k t o 

simulat e th e result s o f  th e compoun d stimulu s experiments .  Th e 

curve s wer e obtaine d whe n (1 )  th e X  elemen t  ha d a  highe r  learnin g 

rat e tha n tha t  o f  th e Y  elemen t  (a x =  .100 ,  a y =  .001 )  an d (2 ) 

th e X  elemen t  ha d a  highe r  mea n threshol d tha n th e Y  elemen t  (T x 

= .65 ,  T y =  . 2 5 ) . 

Inspectio n o f  Figur e 1 0 reveal s tha t  th e propose d mode l  wa s 

abl e t o simulat e (a )  th e virtuall y complet e differentiatio n 

betwee n th e compoun d an d it s component s i n compoun d conditioning , 

and (b )  th e relativel y slo w acquisitio n o f  negativ e patternin g 

characterize d b y a n initia l  ris e i n respondin g t o th e 

unreinforce d compoun d stimulu s followe d b y a  gradua l  decline . 

The onl y detai l  missin g i n th e simulation s wa s th e initia l  ris e 
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Figur e 10 .  Simulation s o f  comp)Oun d conditioning ,  positiv e 
patterning ,  an d negativ e patterning . 

i n respondin g t o th e unreinforce d component s i n th e positiv e 

patternin g schedule .  However ,  i n th e rabbi t  N M respons e 

preparation ,  suc h a  ris e doe s no t  appea r  t o b e a  universa l 

featur e o f  positiv e patternin g (Bellingha m e t  a l . ,  1985) .  Whil e 

th e Stag e II I  networ k wa s constructe d t o simulat e th e 

quantitativ e outcome s o f  th e compoun d conditionin g an d patternin g 

schedules ,  furthe r  simulatio n run s usin g th e sam e paramete r 

value s hav e indicate d tha t  th e Stag e II I  networ k retain s th e 

basi c characteristic s an d limitation s o f  th e competitiv e model s 
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(Rescorla & Wagner, 1972; Sutton & Barto, 1981). In particular, 

th e Stag e II I  networ k reproduce s blockin g an d conditione d 

inhibi t ion ,  whil e bein g unabl e t o generat e laten t  inhibit ion . 

DISCUSSION 

The present simulations reveal that layered network models 

hav e considerabl e scop e fo r  explainin g a  variet y o f  distinctiv e 

learnin g phenomen a tha t  hav e previousl y prove d intractabl e t o 

r igorous ,  elegan t  explanation .  I n part icular ,  th e networ k mode l 

no t  onl y reache d th e sam e endpoint s a s th e behaviora l  phenomen a 

bu t  followe d muc h th e sam e cours e o f  acquisit ion .  Althoug h th e 

particula r  networ k mode l  use d i n thi s presentatio n wa s intende d 

t o b e a s a  nonspecialize d a s possible ,  i t  i s  nevertheles s onl y a n 

exampl e o f  a  large r  clas s o f  models .  Fo r  purpose s o f  explainin g 

rapi d reacquisit io n an d learning-to-lear n phenomena ,  a  larg e 

variet y o f  layere d networ k structure s woul d b e suitable .  I n a n 

earlie r  versio n o f  th e Stag e I I  model ,  ther e wer e direc t 

connection s fro m eac h sensor y inpu t  t o th e R  elemen t  a s wel l  a s 

t o th e intermediat e elemen t  X .  Simulation s o f  tha t  mode l 

reveale d tha t  i t  to o coul d generat e rapi d reacquisitio n an d 

learning-to-learn .  Thes e sam e phenomen a shoul d als o appea r  unde r 

a hug e rang e o f  rule s fo r  th e adaptiv e elements ,  provide d tha t 

th e interio r  connection s (e.g. ,  X-R )  d o no t  chang e considerabl y 

faste r  tha n th e connection s fro m th e sensor y element s t o th e 

interio r  element s (e.g. ,  T - X ) .  However ,  successfu l  simulatio n o f 

th e configura l  learnin g phenomen a ma y occu r  onl y unde r  a  narro w 

rang e o f  networ k structure s an d adaptiv e rules ,  becaus e thes e 

phenomen a requir e a  mor e delicat e balancin g o f  acquisitio n rate s 

and threshol d value s t o yiel d th e appropriat e connectio n weights . 
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APPENDIX 1 

SIMULATION O F TH E LAYERED NETWORK MODELS 

The computer simulation of the Stage I, II, and III 

network s wa s implemente d i n th e followin g fashion : 

1.  Th e outpu t  o f  eac h elemen t  (FIREj )  wa s eithe r  1  o r  0 .  Th e 

output s o f  sensor y element s T ,  L ,  an d U S wer e specifie d i n th e 

progra m o n a  tria l  b y tria l  basis ,  whil e th e output s o f  X ,  Y ,  an d 

R wer e determine d b y learnin g an d outpu t  rules . 
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2. Each point of connection between successive elements had a 

connectio n weigh t  designate d a s V i j .  Th e connectio n weight s wer e 

designate d a s Vtx ,  Vty ,  V lx ,  Vly ,  Vxr ,  an d Vyr ,  wher e th e firs t 

lette r  i n th e subscrip t  refer s t o th e origi n o f  th e outpu t  an d 

th e secon d lette r  refer s t o th e elemen t  receivin g th e output . 

Thes e connectio n weight s starte d a t  zer o an d wer e unbounde d i n 

bot h th e posit iv e an d negativ e directions .  Th e connectio n 

weight s fro m th e U S outpu t  t o th e X ,  Y ,  an d R  element s wer e fixe d 

at  1.00 . 

3.  Eac h tria l  wa s divide d int o tw o tim e steps ,  th e C S perio d 

and th e U S period . 

4.  Durin g th e C S period ,  th e followin g event s occurred : 

a.  Th e outpu t  o f  th e T  an d L  element s wa s determine d b y 

th e programme d tria l  sequence ,  an d th e appropriat e connection s 

wit h X  an d Y  becam e eligibl e fo r  change .  Fo r  example ,  o n a 

compoun d tr ia l ,  ther e wer e output s fro m T  an d L .  Accordingly , 

th e T-X ,  T-Y ,  L-X ,  an d L- Y connection s al l  becam e eligibl e fo r 

chang e -

b .  A  separat e threshol d (Tj )  wa s independentl y determine d 

fo r  X ,  Y ,  an d R  b y generatin g a  rando m numbe r  betwee n 0.0 0 an d 

0.99 .  Acros s tr ials ,  th e distributio n o f  threshold s wa s 

approximatel y normal .  T o alte r  th e threshold ,  a  constan t  wa s 

adde d o r  subtracte d fro m th e rando m number . 

c .  Th e outpu t  o f  X ,  Y ,  an d R  was : 

FIRE j  =  1  i f  su m o f  eligibl e inpu t  weight s >  T j 

FIRE j  =  0  otherwise . 

For  example ,  o n a  compoun d tr ial ,  th e outpu t  o f  X  wa s determine d 

by comparin g Vt x +  Vl x agains t  Tx .  A t  th e sam e time ,  th e outpu t 

of  Y  wa s determine d b y comparin g Vt y +  Vl y agains t  Ty -

d.  Afte r  th e output s o f  X  an d Y  wer e determined ,  the n th e 

outpu t  o f  R  wa s determine d b y sam e process .  Fo r  example ,  i f  onl y 

X fire d o n a  particula r  compoun d tr ial ,  the n th e outpu t  o f  R 

(FIREr )  wa s determine d b y comparin g Vx r  agains t  Tr . 

5.  Durin g th e U S period ,  th e eligibl e connectio n weight s 

throughou t  th e networ k wer e modifie d accordin g t o th e 
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Rescorla-Wagner model, where the change in a connection weight 

(dVij )  followe d th e formula : 

dVi J =  a j  (L j  -  I V i j ) , 

wher e 

a j  wa s th e rat e o f  chang e paramete r  fo r  th e targe t 
elemen t  o f  th e connection .  ( 0 <  a j  <  1 ) .  O n 
non-reinforce d trials ,  a j  wa s modifie d b y paramete r  B O 
( 0 <  B O <  1 )  (Se e Poin t  7  be low) . 

Lj  wa s th e tota l  connectio n strengt h o f  eligibl e 
connection s o n a  targe t  elemen t  tha t  coul d b e supporte d 
by th e U S inpu t  o n an y give n tria l  (L j  =  1. 0 o n 
reinforce d trials .  L j  =  0. 0 o n nonreinforce d trials. ) 

i  Vi j  wa s th e ne t  su m o f  th e associativ e strength s o f 
al l  concurren t  eligibl e input s t o th e jt h element . 

6. In order to compute the CR likelihood for the tone CS, 

ligh t  CS ,  an d compoun d C S fo r  eac h bloc k o f  trainin g trials ,  a 

serie s o f  3 0 "phanto m C S periods "  wa s conducte d a t  th e en d o f 

eac h block .  Thus ,  th e C S perio d fo r  eac h typ e o f  tria l  wa s 

repeatedl y conducte d an d th e likelihoo d o f  a  C R wa s determined . 

However ,  th e chang e formul a applicabl e durin g th e U S perio d o f 

trainin g trial s wa s no t  used .  Effectively ,  thes e phanto m C S 

period s serve d a s repeate d tes t  trial s bu t  withou t  th e extinctiv e 

effec t  tha t  a  prolonge d serie s o f  tes t  trial s woul d hav e ha d i n a 

behaviora l  experiment . 

7.  Th e simulation s o f  successiv e acquisitions ,  extinctions , 

and learning-to-lear n (Figure s 2 ,  5 ,  7 )  use d th e followin g 

paramete r  values :  a x =  a r  =  0.02 ,  mea n T x =  0.75 ,  mea n T r  =  0.50 , 

BO =  0.15 .  Th e simulation s fo r  compoun d conditioning ,  positiv e 

patterning ,  an d negativ e patternin g (Figur e 10 )  use d th e 

followin g paramete r  values :  a x =  0.100 ,  a y =  0.001 ,  a r  =  0.004 , 

mean T x =  0.65 ,  mea n T y =  0.25 ,  mea n T r  =  0.50 ,  B O =  0.33 . 
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