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S I M U L T A N E O U S C O N F I G U R A L 

C L A S S I C A L C O N D I T I O N I N G 

Jeffrey C. Schlimmer and Richard H. Granger, Jr. 

D e p a r t m e n t  o f  Informatio n a n d C o m p u t e r  Scienc e 

Universit y o f  California ,  Irvin e 

ABSTRACT 

Humans and animals have the ability to learn complicated configurations of environ-
menta l  cue s tha t  ar e predictiv e o f  importan t  events .  I n cljissica l  conditioning ,  thi s tas k 

i s calle d configura l  conditioning .  Psychologist s hav e studie d thi s phenomeno n sinc e 

Pavlov' s time ,  ye t  severa l  o f  th e contemporar y learnin g model s provid e onl y partiall y 

satisfactor y explanations .  Mos t  model s provid e mechanism s whic h selec t  amon g pos -

sibl e predictiv e stimuli ,  bu t  the y fai l  t o explicitl y  identif y predictiv e combination s o f 

stimul i  an d ar e thu s restricte d t o learnin g onl y a  relativel y simpl e se t  o f  possibl e associ -

ations .  I n thi s pape r  w e discus s a  learnin g metho d whic h account s fo r  som e configura l 

conditionin g results .  Usin g a n implemente d system ,  w e demonstrat e th e effectivenes s 

of  thi s metho d b y modelin g configura l  conditionin g dat a fro m a  pai r  o f  representativ e 

experimenta l  studies . 

I N T R O D U C T I ON 

Consider the problem of trying to learn the precise configuration of weather cues that 

indicat e rain .  Th e appropriat e descriptio n m a y includ e fallin g baromete r  reading s an d 

hig h humidit y o r  a  hig h degre e o f  atmospheri c ionization .  Th e stud y o f  th e abilit y  o f  hu -

mans an d animal s t o associat e set s o f  stimul i  wit h a n importan t  even t  i s calle d configura l 

conditioning .  Fo r  example ,  i n on e cas e dog s wer e traine d t o associat e a  simultaneou s pre -

sentatio n o f  si x specifi c  cue s wit h deliver y o f  mea t  powde r  (Razran ,  1965) .  Th e anima l 

the n expectantl y salivate d onl y whe n al l  o f  th e si x cue s wer e presen t  an d no t  whe n an y 

subse t  o f  the m were .  Remarkabl y enough ,  a  do g ca n als o b e traine d t o expec t  foo d onl y 

when on e o f  tw o feature s occur s separatel y an d no t  whe n the y occu r  togethe r  (Woodbury , 

1943) .  Th e abilit y  t o for m association s wit h a  numbe r  o f  Boolea n combination s o f  feature s 

(conjunction ,  disjunction ,  exclusive-disjunction )  i s a  wel l  studie d phenomeno n i n experi -

ment s o n h u m a n abilit y  (Grings ,  1972 ;  Bruner ,  Goodnow ,  &  Austin ,  1965 )  an d i n anima l 

classica l  conditionin g (Whitlo w &  Wagner ,  1972 ;  Saavedra ,  1975) . 
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Several contemporary animal learning theories, however, have difficulty explaining these 

results .  T h e Rescorla-Wagne r  (1972 )  model ,  fo r  instance ,  expresse s th e strengt h o f  a  con -

figural  associatio n a s th e s u m o f  th e association s fo r  eac h cue .  B y adjustin g th e individua l 

strengths ,  i t  select s th e mos t  predictiv e stimulus .  A  configuratio n consistin g o f  an y o f  a 

number  o f  cue s i s easil y accommodated .  Conjunctio n an d exclusive-disjunction ,  however , 

requir e tha t  th e individua l  cue s hav e a  qualitativel y differen t  associativ e strengt h tha n 

thei r  combination .  Withi n a  sensor y dimension ,  thi s difficult y i s usuall y finessed  b y as -

sumin g tha t  th e co-occurrenc e o f  tw o stimul i  (sa y a  blu e ligh t  an d a  re d light )  result s i n 

some ne w resonan t  propert y o f  th e stimul i  (sa y a  purpl e light) .  Featur e selectio n model s 

lik e thi s on e rel y o n resonan t  feature s i n orde r  t o lear n association s involvin g conjunctiv e 

an d exclusive-disjunctiv e configurations .  However ,  tw o stimul i  m a y b e configure d fro m 

differen t  modalities ,  a s i n th e cas e wher e a  ton e an d a  ligh t  ar e reinforce d alon e bu t  no t 

together .  I t  i s  unclea r  tha t  an y additiona l  propert y o f  th e stimul i  i s  presen t  (thoug h per -

hap s on e migh t  wis h t o argu e tha t  som e propert y o f  "two-ness "  exists) .  Ye t  withou t  it , 

traditiona l  model s canno t  explai n th e effectua l  acquisitio n o f  thes e comple x CSs ;  the y as -

sume tha t  th e associatio n fo r  a  se t  o f  cue s i s simpl y th e su m o f  association s wit h eac h part . 

A exclusive-disjunctiv e configuratio n require s wea k learnin g o f  th e compoun d t o aris e ou t 

of  stron g learnin g o f  eac h component .  A n additiona l  difficult y o f  assumin g th e presenc e o f 

resonan t  propertie s i s tha t  th e numbe r  o f  thes e feature s mus t  increas e exponentiall y  wit h 

th e numbe r  o f  cue s i n th e environment . 

A numbe r  o f  artificia l  intelligenc e learnin g method s als o hav e difficultie s explainin g 

thes e experimenta l  data .  A  c o m m o n assumptio n i n concep t  attainmen t  work ,  fo r  instance , 

i s tha t  th e identit y o f  a n instanc e ca n b e determine d vi a a  conjunctiv e descriptio n o f  it s 

feature s (Mitchell ,  1982) .  A  simpl e disjunctiv e descriptio n canno t  b e learne d o r  represente d 

i n m a n y cases ,  m u c h les s th e exclusive-disjunctio n relationship .  I n thi s pape r  w e presen t 

a model ,  S T A G G E R,  whic h ha s th e functiona l  flavor  o f  a  featur e selectio n model ,  bu t 

goes beyon d thi s t o for m new ,  compoun d features .  W e furthe r  demonstrat e it s abilit y  t o 

correctl y mode l  th e result s fro m tw o representativ e experimenta l  studies . 

A LEARNING MODEL: STAGGER 

The foundation of STAGGER is a distributed representation of association, composed of 

a se t  o f  duall y weighte d predictiv e features .  Durin g eac h trial ,  a  cumulativ e expectatio n o f 

th e U S i s forme d b y utilizin g th e pai r  o f  weight s associate d wit h eac h feature .  Thes e weight s 

ar e easil y adjuste d a s learnin g progresses ,  an d thei r  mathematica l  interpretatio n mirror s 

basi c result s i n learning .  A  secondar y for m o f  learnin g come s int o pla y afte r  expectatio n o f 

th e U S fails ;  ne w feature s ar e introduce d int o th e representatio n whic h ar e mor e general , 

mor e specific ,  o r  inverte d Boolea n function s o f  existin g features . 

At  a  highe r  level ,  association s i n S T A G G ER ar e initiall y  forme d betwee n primary ,  per -

ceptua l  feature s i n a  simila r  manne r  t o th e processe s i n featur e selectio n models .  A s 

conditionin g progresses ,  compoun d feature s ar e forme d internall y whic h d o no t  hav e a n 
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immediate correlate to individual perceptions. These new features are then part of the 

selectio n process ,  enablin g S T A G G ER t o lear n comple x configuration s withou t  relyin g o n 

potentiall y  nonexisten t  resonan t  features .  Th e formatio n o f  effectiv e featur e compounds , 

then ,  i s a  centra l  par t  o f  th e proces s o f  configura l  conditionin g i n ou r  model .  I n th e fol -

lowin g sections ,  w e first  describ e STAGGER's associationa l  representatio n an d it s featur e 

selectio n processes .  W e the n explicat e it s configura l  learnin g mechanisms . 

Representation and Expectation 

Association s ar e represente d i n STAGGER a s a  se t  o f  duall y weighte d features .  Th e tw o 

weight s fo r  eac h featur e captur e positiv e an d negativ e implication :  on e weigh t  represent s 

th e sufficienc y o f  th e featur e fo r  th e U S ,  o r  [ C S = > U S ) ,  an d th e othe r  represent s it s 

necessity ,  o r  {-iC S => •  -lUS) .  Th e mathematica l  measure s chose n fo r  thes e weight s mirro r 

th e result s o f  contingenc y experiment s o n learnin g i n human s (Wasserman ,  Chatlosh ,  & 

Neunaber ,  1983 )  an d animal s (Rescorla ,  1968 ;  Colwil l  &  Rescorla ,  i n press) .  Specifically , 

a nove l  cu e come s t o b e excitatoril y  associate d wit h a n unpleasan t  stimulu s onl y i f  th e 

probabilit y  o f  th e U S i n th e presenc e o f  th e C S i s greate r  tha n it s probabilit y  i n th e absenc e 

of  th e CS :  p {US\CS )  >  p{US\-iCS) .  I n behaviora l  terms ,  thi s mean s tha t  i f  eithe r  th e 

CS o r  th e U S frequentl y occur s alone ,  th e subjec t  stil l  learn s a n associatio n betwee n th e 

tw o stimuli .  However ,  i f  the y bot h occu r  alon e eve n a  fe w numbe r  o f  times ,  learnin g abou t 

thei r  associatio n i s severel y impaired . 

Wit h thi s i n mind ,  S T A G G ER use s logica l  sufficienc y [LS) ,  o r  positiv e likelihoo d ratio , 

as a  measur e o f  sufficienc y (Duda ,  Gaschnig ,  &  Hart ,  1979) .  Similarly ,  logica l  necessit y 

{LN) ,  o r  negativ e likelihoo d ratio ,  serve s t o measur e necessity .  The y ar e define d as : 

^^^ p{CS\US) ^^^ p{^CS\US) 

p{CS\-^US )  p{-^CS\^US ) 

LS ranges from zero to positive infinity and is interpreted in terms of odds. (Odds may 

be easil y converte d t o probabilit y  p  =  odds/{ I  +  odds). )  A n L S valu e les s tha n unit y 

indicate s a  negativ e correlation ,  unit y indicate s independence ,  an d a  valu e greate r  tha n 

unit y indicate s a  positiv e relationship .  L N als o represent s odds .  However ,  a n L N valu e 

near  zer o indicate s a  positiv e correlation ,  whil e a  valu e greate r  tha n unit y indicate s negativ e 

correlation .  Fo r  bot h L S an d L N ,  unit y indicate s irrelevance .  Th e L S an d L N measure s 

adher e t o th e contingenc y law ,  fo r  i t  ca n b e show n vi a algebrai c manipulation s tha t  L S >  I 

and Li V <  1  i f  an d onl y  i f  p { U S \ N C )  >  p { U S \ ^ N C )  (Schlimmer ,  1986) . 

I n a  give n trial ,  al l  o f  th e individua l  featur e associatio n weight s infiuenc e U S expecta -

tion .  Followin g th e mechanis m use d b y Duda ,  Gaschnig ,  an d Har t  (1979) ,  expectatio n o f 

th e U S i s th e produc t  o f  th e prio r  odd s o f  th e U S ,  th e L S value s o f  al l  presen t  features , 

and th e L N value s o f  al l  absen t  ones . 

Odd5(US|CSs)=Odd5(US) X n ^^x n ^^ 
/̂presen t  >/abten t 

1 4 3 



S C H L I M M ER & :  G R A N G ER 

Tabl e 1 :  Possibl e C S - U S tria l  types . 

US Presen t 

Reinforce d 

US Absen t 

Nonreinforce d 

CS Presen t 

Confirmin g Positiv e 

(Cp ) 
Infirmin g Negativ e 

(In ) 

CS Absen t 

Infirmin g Positiv e 

(Ip ) 
Confirmin g Negativ e 

(Cn ) 

Th e resultin g numbe r  represent s th e odd s i n favo r  o f  th e U S occurring .  T h e effec t  o f  thi s 

multiplicativ e calculatio n i s tha t  learne d associativ e strength s hav e a  cumulativ e influenc e 

on U S prediction .  T w o feature s whic h ar e highl y predictiv e o f  th e U S caus e a  greate r 

expectatio n whe n bot h ar e presen t  tha n whe n onl y on e o f  the m is .  However ,  a s w e wil l  se e 

i n followin g sections ,  S T A G G ER i s no t  confine d t o implici t  representin g configuration s (vi a 

a summationa l  effec t  o f  components )  sinc e i t  formulate s new ,  explici t  compoun d feature s 

whic h develo p independen t  ajssociativ e strengths . 

Learnin g M e c h a n i s m s 

I n additio n t o computin g a  holisti c expectatio n fro m th e dua l  associationa l  weights . 

S t a g g e r  incrementall y modifie s th e featur e weight s an d generate s ne w features .  Thes e 

tw o latte r  abilitie s allo w S T A G G ER t o adap t  it s associationa l  descriptio n t o bette r  reflec t 

th e conditionin g environment . 

Feature selection 

Th e sufficienc y an d necessit y weight s associate d wit h eac h o f  th e feature s m a y b e easil y 

adjusted .  Conside r  th e possibl e situation s tha t  aris e durin g a  conditionin g trial .  Followin g 

th e terminolog y use d b y Bruner ,  Goodnow ,  an d Austi n (1956) ,  a  reinforce d tria l  i s  positiv e 

evidenc e whic h m a y eithe r  confir m th e predictivenes s o f  a  featur e (i f  i t  i s  presen t  i n thi s 

trial )  o r  infir m th e feature' s predictivenes s (i f  i t  i s  absent) .  Similarly ,  a  nonreinforce d 

tria l  i s  negativ e evidenc e whic h eithe r  confirm s a n absen t  featur e o r  infirm s a  presen t  one . 

Tabl e 1  summarize s thes e possibilities .  I n term s o f  thes e matchin g events ,  th e contingenc y 

la w implie s tha t  learnin g occur s i n case s involvin g a t  mos t  on e typ e o f  infirmin g evidence . 

I n situation s wit h eve n smal l  amount s o f  bot h positiv e an d negativ e infirmin g evidence , 

subject s fai l  t o lear n a n association . 

L S an d L N m a y b e calculate d b y keepin g count s fo r  eac h featur e o f  th e possibl e situ -

ation s liste d i n Tabl e 1 . 

L S = 
Cp(I n +  C n ) 

In(C p +  Ip ) 

r ^ _ Ip(I n +  Cn ) 

Cn(C p +  Ip ) 

Th e prio r  odd s fo r  th e U S ar e estimate d a s (C p +  Ip)/(I n +  C n ) .  Not e tha t  th e L N 

measur e wil l  ran k feature s wit h negativ e infirmin g evidenc e highly ,  bu t  feature s wit h bot h 
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Tabl e 2 :  Featur e formatio n heuristic . 

Expectatio n Reinforce d Erro r  typ e 

US -lU S Commissio n 

-.U S U S Omissio n 

— — Eithe r 

Featur e forme d 

AND [11.12 ] 

OR [11.12 ] 

NOT[11] 

type s o f  infirmin g evidenc e poorly .  Thi s reflect s learnin g i n partia l  reinforcemen t  situation s 

(Fitzgerald ,  1963 )  an d i s consisten t  wit h contingenc y experiment s (Rescorla ,  1968) . 

I f  S t a g g e r  limite d it s learnin g t o adjustmen t  o f  th e featur e weights ,  th e distribute d 

associatio n woul d b e sufficien t  t o accuratel y describ e th e clas s o f  "linearl y separable "  con -

cept s (Hampso n &  Kibler ,  1983) .  I n thi s respec t  S T A G G ER i s simila r  t o connectionis t 

model s o f  learnin g whe n thos e model s d o no t  hav e an y "hidden "  units .  Th e purpos e o f 

th e hidden ,  interna l  unit s i s t o allo w th e encodin g o f  mor e complicate d associations .  Fea -

tur e formatio n processe s i n S T A G G ER serv e a n analogou s purpose :  individua l  feature s ar e 

combine d int o mor e comple x Boolea n functions . 

Feature formation 

S t a g g e r  i s no t  limite d t o acquirin g summationa l  association s betwee n immediate , 

perceptua l  features .  New ,  interna l  compoun d feature s ar e introduce d b y th e model ,  allow -

in g i t  t o encod e th e potentiall y  comple x association s involve d i n configura l  conditioning . 

Becaus e i t  i s  abl e t o identif y effectiv e featura l  combination s internally ,  n o assumptio n re -

gardin g additiona l  resonan t  feature s i s required .  STAGGER follow s thre e level s o f  heuristic s 

i n it s formatio n o f  compound ,  interna l  features ,  an d i t  construct s the m usin g conjunction , 

disjunctio n an d negation . 

The first  heuristi c suggest s a  ne w compoun d featur e whe n S T A G G ER make s a n expec -

tatio n error :  eithe r  expectin g th e U S i n a  nonreinforce d tria l  o r  failin g t o predic t  th e U S 

i n a  reinforce d trial .  I n th e first  case ,  th e commissio n ha s admitte d on e to o m a n y possibl e 

situation s a s predictiv e o f  th e US .  A  compoun d featur e wit h a  restricte d applicatio n i s 

forme d usin g conjunction .  Thi s featur e wil l  b e tru e les s ofte n tha n it s component s an d ca n 

act  t o dampe n th e expectatio n process .  I n th e secon d case ,  S T A G G ER i s failin g t o includ e 

stimul i  whic h d o lea d t o th e U S ,  o r  makin g a n erro r  o f  omission .  A  mor e admitting ,  o r 

more general ,  featur e compoun d i s forme d usin g disjunction ;  i t  wil l  b e tru e mor e ofte n 

tha n it s component s an d thu s loosen s th e clas s o f  possibl e predictor s o f  th e U S .  I n eithe r 

case .  S t a g g e r  form s a  negate d featur e compound .  Tabl e 2  summarize s thi s heuristic . 

Choosin g appropriat e feature s fo r  ne w formation s i s accomplishe d vi a tw o additiona l 

heuristics .  On e heuristi c nominate s eithe r  presen t  o r  absen t  feature s fo r  combination ,  an d 

th e othe r  narrow s th e possibl e feature s dow n b y electin g on e o r  tw o o f  th e mos t  predic -

tive .  Stagger' s nominatio n heuristi c specifie s whethe r  presen t  o r  absen t  feature s ar e t o 

be use d i n formin g compoun d features ,  dependin g o n th e typ e o f  featur e combinatio n an d 

predictio n error .  Afte r  STAGGER ha s mad e a n erro r  o f  commission ,  feature s presen t  o n 
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Tabl e 3 :  Nominatio n heuristic . 

Erro r  typ e 

Commissio n 

Omissio n 

Functio n formatio n 

AND CI1.12 ] 

ORCll.12 ] 

NOTCH] 

ANDCl1.12 ] 

ORCll.12 ] 

NOTCH] 

Featur e nominatio n 

Present ,  Absen t 

Absent ,  Absen t 

Presen t 

Present ,  Presen t 

Present ,  Absen t 

Absen t 

thi s nonreinforce d tria l  m a y b e partiall y  necessary ,  bu t  ar e clearl y no t  sufficien t  fo r  rein -

forcement .  Conjunctio n nominate s tw o necessar y features ,  an d thu s a  presen t  featur e i s 

combine d wit h a n absen t  one .  Nominatin g a  presen t  featur e i s motivate d b y noticin g tha t 

some featur e wa ^  presen t  an d suggeste d tha t  thi s tria l  wa s likel y t o b e reinforced .  Disjunc -

tio n nominate s tw o sufficien t  features ,  s o tw o feature s absen t  i n thi s nonreinforce d tria l 

ar e chosen ;  n o sufficien t  feature s wer e present .  Negatio n i s use d t o identif y safety-signa l 

feature s (thos e which ,  whe n present ,  indicat e safet y fro m th e US )  an d thu s nominate s it s 

componen t  fro m th e collectio n o f  feature s whic h wer e present .  Th e appropriat e nomina -

tion s followin g a n erro r  o f  omissio n (a n unpredicted ,  reinforce d trial )  ar e derive d b y simila r 

reasoning .  Tabl e 3  summarize s th e nominatio n heuristic . 

T h e electio n heuristi c furthe r  narrow s th e possibl e feature s fo r  combination .  Conside r 

a situatio n leadin g S T A G G ER t o appropriatel y for m a  ne w conjunction .  Fo r  example ,  th e 

familia r  concep t  father :  a  paren t  an d a  male .  Th e tw o feature s (paren t  an d male )  ar e 

alway s reinforce d (father )  thoug h eac h i s separatel y nonreinforce d ( a brothe r  i s  male) . 

Thi s i s negativ e infirmin g evidenc e (Tabl e 1) ,  an d therefor e L N whic h tolerate s negativ e 

infirmin g evidenc e i s use d t o elec t  feature s fo r  a  conjunctiv e configuration .  B y a  simila x 

argumen t  L S elect s feature s t o b e use d i n formin g a  disjunction .  Feature s ar e electe d 

equall y b y bot h measure s fo r  negate d formations .  Tabl e 4  summarize s thi s thir d heuristic . 

Table 4: Election heuristic. 

Functio n 

ANDCll,12 ] 

OR Cl  1.12 ] 

NOTCl] 

Electio n measur e 

LN{f{ )  <  1 

LS{ii )  »  1 

LN{i )  »  1  o r  LS{t )  <  1 

Thes e thre e heuristic s m a y b e use d i n concert ,  eac h on e drivin g th e others .  Fo r  example , 

i n th e cas e o f  a n unexpected ,  reinforce d tria l  (a n erro r  o f  omission) ,  a  disjunctio n m a y b e 

forme d (se e Tabl e 2 )  t o combin e th e presen t  featur e (Tabl e 3 )  whic h ha s th e lowes t  L N 

valu e (Tabl e 4 )  wit h th e absen t  featur e wit h th e lowes t  L N value .  I n m a n y cases ,  thes e 

thre e heuristic s cooperat e i n jus t  thi s manner .  However ,  ther e ar e som e situation s (a s i n 
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Tabl e 5 :  Configura l  training . 

H L +,  H - ,  L -

H L - ,  H + ,  L + 

Positiv e patternin g o r  AND[H,L ] 

Negativ e patternin g o r  XOR[H,L ] 

Woodbury' s (1943 )  negativ e patternin g discusse d below )  i n whic h th e electio n heuristi c 

canno t  offe r  an y guidance .  Th e proces s o f  formin g effectiv e internal ,  compoun d feature s 

the n proceed s usin g th e remainin g tw o heuristics . 

The featur e formatio n proces s i s limite d b y prunin g ineffectiv e compoun d features . 

Specifically ,  L N i s use d t o asses s th e validit y o f  a  ne w conjunction .  Thi s mor e restrictiv e 

featur e i s tru e les s ofte n tha t  it s component s ar e (i t  i s  guarantee d t o hav e th e sam e o r  les s 

negativ e infirmin g evidence) ,  s o i f  i t  als o ha s les s positiv e infirmin g evidenc e (an d ha s a 

bette r  L N weight) ,  i t  i s  deeme d a n effectiv e feature .  L S i s use d t o tes t  a  mor e inclusiv e 

compoun d feature .  Inverte d feature s ar e teste d b y comparin g the m t o th e invers e o f  thei r 

Bayesia n measur e (e.g. ,  1/LS) .  Th e rol e o f  thes e prunin g measure s i s simila r  t o tha t  o f 

th e tes t  componen t  o f  a  generate-and-tes t  algorithm .  Th e thre e formatio n heuristic s serv e 

t o guid e th e generatio n o f  ne w featur e compound s whil e th e Bayesia n measure s ar e use d 

t o prun e ineffectiv e ones . 

STIMULUS PATTERNS 

Woodbury (1943) was one of the first American researchers to investigate learning 

of  configura l  cues .  I n classica l  conditionin g experiment s wit h dogs ,  h e studie d differen t 

configuration s o f  a  lo w an d a  hig h buzzin g soun d whic h serve d a s CS s fo r  th e deliver y 

of  a  foo d pellet .  H e investigate d tw o simultaneou s configurations :  positiv e patternin g (i n 

whic h onl y th e presenc e o f  bot h buzzin g sound s wa s reinforced) ,  an d negativ e patternin g 

(wher e onl y th e presenc e o f  eithe r  o f  th e buzzin g sound s wa s reinforced) .  I n th e first 

situation ,  a  Boolea n conjunctio n o f  th e tw o buzzin g sound s Wci s reinforced ;  i n th e second , 

a exclusive-disjunctio n wa s reinforced .  Tabl e 5  summarize s thes e tw o trainin g conditions . 

Figur e 1  depict s STAGGER's acquisitio n o f  th e positiv e patter n (conjunctive )  config -

uration .  Th e uppe r  heav y lin e represent s conditione d response s (CRs )  i n trial s whic h 

containe d bot h o f  th e buzzin g sounds .  Th e lower ,  light ,  soli d lin e represent s C R s t o trial s 

whic h containe d onl y th e lowe r  o f  th e tw o buzzin g sound s an d th e lower ,  dotte d lin e rep -

resent s response s t o th e highe r  o f  th e tw o buzzers .  Eac h poin t  represent s th e percentag e 

of  C R s i n th e las t  te n trial s an d i s a n averag e ove r  te n separat e progra m executions . 

A stric t  featur e selectio n mode l  coul d lear n t o correctl y predic t  reinforcemen t  i f  ther e 

wer e a  resonan t  featur e resultin g alway s an d onl y fro m th e co-occurrenc e o f  th e lo w an d 

hig h buzzer s (Rescorl a &  Wagner ,  1972 ,  p .  86 ,  fn .  2) .  Suc h a  resonan t  featur e i s plausibl e 

give n tha t  bot h o f  th e stimul i  ar e withi n th e sam e sensor y modality .  However ,  fo r  th e 

purpos e o f  demonstratin g th e capabilitie s o f  th e featur e formatio n processe s i n STAGGER, 
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Figur e 1 :  Conditionin g t o H L + ,  H —,  L —. 

thi s assumptio n abou t  resonan t  feature s wa s omitte d fro m th e tria l  specificatio n inpu t  t o 

th e program .  Distinctio n betwee n th e combinatio n o f  th e tw o buzzer s an d eithe r  separatel y 

i s facilitate d b y th e introductio n o f  th e compoun d featur e AN D [low-buzz ,  high-buzz ]  vi a 

th e heuristic s describe d i n sectio n :  th e L N measur e ranke d low-buz z an d high-buz z a s th e 

most  effectiv e individua l  predictor s i n a n expected ,  bu t  nonreinforce d trial .  A  conjunctiv e 

featur e wa s constructe d usin g th e low-buz z featur e whic h wa s presen t  an d th e high-buz z 

featur e whic h wa s absent . 

Figur e 2  depict s StagGER' s acquisitio n o f  th e negativ e patter n ( X O R )  configuration . 

Agai n th e heav y lin e represent s C R s t o a  co-occurrenc e o f  th e tw o buzzin g sounds ;  th e ligh t 

line ,  C R s t o trial s wit h onl y th e lo w buzzin g sound ;  th e dotte d line ,  C R s t o th e highe r 

buzzin g sound .  Afte r  approximatel y 20 0 trials ,  S T A G G ER i s effectivel y distinguishin g be -

twee n reinforce d an d nonreinforce d trials . 

I f  th e presenc e o f  a  resonan t  buzzin g featur e wa s assumed ,  a  stric t  featur e selectio n 

model  coul d mode l  thi s learning ,  fo r  th e resonan t  lo w an d hig h buzzin g featur e coul d 

hav e a  stron g negativ e associativ e strengt h whic h woul d overpowe r  eithe r  o f  th e positiv e 

strength s o f  eac h o f  th e individua l  buzzin g cues . 

S t a g g e r  forme d tw o compoun d feature s i n orde r  t o accuratel y predic t  reinforcement : 

AND [low-buzz ,  NOT [high-buzz] ]  an d AN D [NO T [low-buzz ]  .high-buzz] .  A  simpl e dis -

junctio n o f  thes e compound s capture s negativ e patterning .  However ,  th e formatio n o f 

thes e configuration s wa s no t  a s straightforwar d a s wa s th e cas e i n Figur e 1 .  A s w e inti -
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Figur e 2 :  Conditionin g t o H L - ,  H + ,  L + . 

mated previously, the LS and LN measures were unable to elect any effective features, for 

ther e wa s a n equa l  amoun t  o f  positiv e an d negativ e infirmin g evidenc e fo r  eac h o f  th e cues . 

Therefore ,  exploratio n fo r  predictiv e feature s occurre d withou t  Bayesia n guidance .  O n a n 

unexpectedl y reinforce d trial ,  fo r  instance ,  STAGGER adde d thre e ne w compoun d features : 

a ne w disjunctiv e featur e compose d o f  a  randoml y elected ,  presen t  featur e an d a  randoml y 

elected ,  absen t  feature ;  a  ne w conjunctiv e featur e mad e o f  a  pai r  o f  randoml y elected , 

presen t  features ;  an d a  negatio n o f  a  randoml y elected ,  absen t  feature .  Thi s potentia l 

explosio n o f  explorator y feature s wa s stil l  subjec t  t o prunin g vi a th e Bayesia n measures , 

though ,  an d i f  eac h di d no t  outperfor m th e component s fro m whic h i t  wa s composed ,  i t 

was pruned . 

BICONDITIONAL DISCRIMINATION 

Saavedr a (1975 )  ha s als o studie d simultaneou s configura l  conditioning .  However ,  unlik e 

Woodbury ,  i n eac h configuratio n al l  stimul i  wer e fro m differen t  sensor y modalities .  Assum -

in g th e presenc e o f  resonan t  feature s arisin g fro m th e co-occurrenc e o f  feature s i s therefor e 

les s recisonable .  Instea d o f  onl y tw o features ,  sh e utilize d four ,  i n pairwis e configuration s 

suc h tha t  eac h featur e wa s presen t  i n reinforce d a s wel l  a s unreinforce d trials .  N o propert y 

of  th e feature s suc h a s "two-ness "  woul d ai d i n predictin g reinforcement .  On e experimenta l 

grou p wa s give n reinforce d presentation s o f  a  ton e (auditor y cu e Ai )  an d flickering  ligh t  (Li ) 
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Tabl e 6 :  Biconditiona l  an d componen t  discriminatio n training . 

AiL i  + ,  A2L 2 + ,  A1L 2 - ,  A2L 1 -

AiL i  + ,  A1L 2 + ,  A2L 2 - ,  A2L 1 -

Biconditiona l 

Component 

% CONDITIONE D 
RESPONSES 

100 

50 

C O M P O N E NT + 

BICONDITIONAL + 

REINFORCED C O M P O U N DS 

NONREINFORCED C O M P O U N DS 

BICONDITIONAL -

C O M P O N E NT -

50 100 

TRIAL S 

150 

Figur e 3 :  Biconditiona l  versu s componen t  discrimination . 

or  a  clicke r  (A2 )  an d a  stead y ligh t  (L2) .  Th e alternat e combination s wer e nonreinforced . 

Thi s trainin g i s terme d biconditiona l  discriminatio n sinc e reinforcemen t  i s conditiona l  o n 

tw o cues .  Fo r  comparison ,  sh e als o teste d a  simpl e componen t  discriminatio n cas e wher e 

th e ton e wa s alway s reinforced .  Thes e trainin g schedule s ar e summarize d i n Tabl e 6 . 

Thi s experimenta l  manipulatio n taxe s th e feasibilit y  o f  a  stric t  featur e selectio n mode l 

sinc e i t  i s  unlikel y tha t  th e necessar y resonan t  feature s ar e available ;  thi s clas s o f  model s 

woul d predic t  tha t  suc h a n associatio n woul d b e unlearnable .  Anima l  subjects ,  however ,  d o 

lear n th e biconditiona l  discrimination .  Figur e 3  overlay s STAGGER's performanc e o n bot h 

th e biconditiona l  an d componen t  discriminatio n cases .  Eac h lin e represent s th e averag e 

percentag e o f  C R s ove r  te n separat e progra m executions .  Th e uppe r  line s represen t  re -

spondin g t o th e reinforce d configurations ;  th e lowe r  lines ,  th e unreinforce d configurations . 

Th e soli d line s represen t  conditione d respondin g i n th e biconditiona l  discriminatio n case ; 

th e dashe d line s correspon d t o componen t  discriminatio n training . 

Th e componen t  discriminatio n trainin g proceed s m u c h mor e rapidl y tha n th e bicondi -
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tional discrimination because the appropriate stimuli need only be selected in the former 

case ,  rathe r  tha n formed ,  a s i n th e latte r  cajse .  I n th e biconditiona l  discriminatio n task , 

S tagge r  first  form s th e compoun d feature s AND[Ai,Li ]  an d AND[A2.L2 ]  whic h ar e the n 

use d i n th e selectio n process .  Withou t  resonan t  feature s arisin g fro m th e co-occurrenc e 

of  A i  an d Li ,  an d A 2 an d L2 ,  a  stric t  featur e selectio n mode l  woul d b e unabl e t o acquir e 

th e biconditiona l  discrimination .  Associativ e strength s woul d hav e t o b e hig h enoug h fo r 

Ai  an d L i  t o su m fo r  a  positiv e predictio n whe n the y occurre d together ,  bu t  lo w enoug h 

so tha t  whe n A i  an d L 2 co-occurred ,  nonreinforcemen t  woul d b e expected .  Thi s i s clearl y 

impossible . 

DISCUSSION 

The two representative configural conditioning experiments of Woodbury (1943) and 

Saavedr a (1975 )  indicat e tha t  animal s ar e abl e t o for m Eissociation s betwee n comple x CS s 

and a  US .  T w o categorie s o f  model s hav e bee n propose d t o accoun t  fo r  thi s typ e o f  learning : 

featur e selectio n only ,  an d featur e selectio n plu s featur e formation . 

Featur e selectio n model s assum e tha t  th e associatio n accrue d t o a  stimul i  ar e s u m m e d 

when the y co-occu r  (Rescorl a &  Wagner ,  1972) .  Th e associativ e strengt h o f  a  configuratio n 

of  stimul i  i s simpl y th e su m o f  th e associativ e strength s o f  it s components .  A  secondar y as -

sumptio n i s tha t  whe n tw o stimul i  (sa y A  an d B )  ar e presen t  tha t  a  thir d resonan t  stimulu s 

i s presen t  whic h ha s som e o f  th e propertie s o f  bot h (represente d b y A B ) ;  thi s A B stimulu s i s 

presen t  alway s an d onl y whe n bot h A  an d B  are .  A  exclusive-disjunctiv e configuratio n lik e 

Woodbury' s negativ e patternin g i s represente d b y a  stron g negativ e associativ e strengt h 

fo r  th e resonan t  featur e an d weake r  positiv e association s fo r  eac h o f  th e components .  Thi s 

assumptio n extend s th e representationa l  abilit y  o f  featur e selectio n model s t o includ e al l 

possibl e Boolea n functions . 

Ther e ar e tw o unsatisfactor y consequence s o f  assumin g th e presenc e o f  resonan t  fea -

tures .  First ,  whil e i t  seem s plausibl e t o assum e tha t  th e simultaneou s presenc e o f  a  re d 

ligh t  an d a  blu e ligh t  add s a  featur e no t  presen t  whe n eithe r  ar e presente d separatel y (a -

purpl e light) ,  thi s assumptio n seem s tenuou s whe n th e stimul i  ar e fro m differen t  sensor y 

modalities .  Secondly ,  th e numbe r  o f  stimul i  fro m whic h th e mode l  mus t  selec t  grow s expo -

nentiall y  wit h th e numbe r  o f  stimul i  tha t  m a y b e configurall y associated .  Fo r  example ,  i f 

ther e ar e thre e stimul i  (A ,  B ,  C ) ,  ther e mus t  b e fou r  supplementar y stimul i  (AB ,  A C ,  B C , 

A B C)  i n orde r  t o selec t  an y configuration .  Razra n (1965 )  report s o n experiment s wher e si x 

simultaneou s feature s wer e conjunctivel y configured ;  5 7 additiona l  resonan t  feature s woul d 

be require d i f  a  featur e selectio n mode l  wer e applied .  I n genera l  th e numbe r  o f  resonan t 

stimul i  require d b y thes e model s i s 2 "  — 1  — n ,  wher e n  i s th e numbe r  o f  perceptual ,  stimuli . 

Requirin g th e mode l  t o choos e betwee n 0(2" )  stimul i  m a y b e computationall y infeasible . 

The alternativ e w e presen t  her e i s a  secondar y proces s whic h formulate s plausibl y pre -

dictiv e compoun d feature s a s the y eir e needed .  Th e numbe r  t o b e examine d i s therefor e 

limite d t o thos e necessar y an d ther e i s a  correspondin g reductio n i n computationa l  loa d o n 
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the feature selection process. The fact that both approaches rely on the ability to form an 

associatio n t o a  combinatio n o f  cue s i s no t  new .  However ,  unlik e th e stric t  featur e selectio n 

model ,  S t a g g e r  employ s a  featur e formatio n componen t  whic h ca n b e use d t o configur e 

individuall y perceptibl e cue s int o a n explici t  compoun d featur e usabl e fo r  learning .  Instea d 

of  assumin g tha t  thi s proces s i s alread y performe d b y th e perceptio n syste m vi a resonanc e 

(an d it s entailin g assumption s o f  cross-modalit y resonanc e an d exponentia l  requirements) , 

we prefe r  th e propert y o f  necessity-drive n featur e formation .  I n thi s w e concu r  wit h Razra n 

when h e notes : 

What  seem s mor e warrante d i s th e vie w that ,  inasmuc h a s configure s ar e forme d an d 
deforme d throug h learning ,  thei r  rol e i s muc h mor e a  functio n o f  th e organism' s condi -
tione d pas t  tha n o f  it s  sensor y present ,  and ,  moreover ,  tha t  thei r  learnin g reveal s th e 
dynami c essenc e o f  thei r  "becoming "  i f  no t  als o o f  thei r  bein g (Razran ,  1965 ,  p .  244 , 
fn .  3) . 

FUTURE WORK 

One phenomenon unexplained by previous work on feature selection is that of sequential 

configura l  conditioning .  I n thes e type s o f  experiments ,  effectivel y predictin g th e U S require s 

discernin g a  sequentia l  configuratio n o f  th e cue s i n th e environment .  Woodbur y (1943 )  als o 

traine d dog s t o expec t  a  foo d pelle t  onl y whe n th e lo w buzzin g soun d followe d th e hig h 

buzzin g sound .  Whil e w e hav e provide d som e explanatio n o f  mechanism s whic h coul d 

giv e ris e t o simultaneou s configura l  conditioning ,  w e hav e ye t  t o addres s th e large r  issu e 

of  associatin g sequence s wit h outcomes .  W e believ e tha t  a  featura l  formatio n approach , 

wher e sequence s ar e constructe d an d thei r  eflFectivenes s evaluated ,  wil l  prov e useful . 
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