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Abstract 

Determinin g whic h feature s i n a n environmen t  ar e salien t  give n a  task ,  salienc e (usignment ,  i s  a  centra l 
proble m i n machin e learning .  A  relate d phenomenon ,  contingenc y (th e condition s unde r  whic h relativ e 
salienc e amon g environmenta l  feature s i s  acquired) ,  i s  centra l  t o learnin g an d memor y i n anima l  psychology . 
Thi s pape r  present s a n analysi s o f  a  se t  o f  empirica l  dat a o n contingenc y an d a n algorith m fo r  th e salienc e 
assignmen t  problem .  Th e algorith m presente d i s implemente d i n a  workin g compute r  progra m whic h 
interact s wit h a  simulate d environmen t  t o produc e contingen t  associativ e learnin g correspondin g t o relevan t 
behaviora l  daU;a .  Th e mode l  als o make s specifi c  empirica l  prediction s tha t  ca n b e experimentall y tested . 

1 Introduction 

A rat in a laboratory cage hears a tone. It also hears the air conditioning system start, and sees a 

la b assistan t  takin g notes .  Shortl y zifterwards ,  i t  feel s a n unplezisan t  electri c shock .  Th e animal' s 

tas k correspond s t o a  salienc e assignmen t  problem :  whic h o f  th e man y possibl e cue s ar e th e 

predictiv e o r  salien t  ones ,  i.e. ,  th e one s t o b e learned ? Rat s solv e th e salienc e eissignmen t  proble m 

unde r  constraint s mor e sever e tha n thos e face d b y mos t  A I  systems .  Fo r  instance ,  learnin g mus t 

be incremental ,  fo r  th e ra t  i n a  natura l  settin g mus t  mak e goo d us e o f  th e experientia l  dat a alread y 

gathere d whil e gatherin g more .  Moreover ,  th e environmen t  i s 'noisy '  an d ma y no t  provid e perfec t 

predictors ;  th e euiima l  mus t  mak e prediction s a s bes t  i t  ca n whe n cue s indicat e onl y a  chang e i n 

th e probabilit y  o f  a n event . 

Usin g th e C E L framewor k (Component s o f  Experientia l  Lejirning )  [Granger ,  1983 ;  Grange r  an d 

McNulty ,  1984] ,  w e presen t  a  metho d o f  determinin g whic h feature s o f  a n even t  ar e predictiv e o f 

other s an d distinguishin g usefu l  cue s from  contex t  an d backgroun d noise .  Th e metho d determine s 

th e relevainc e o f  individua l  predefine d features ,  zin d form s ne w featur e description s b y conjoinin g 

Thi s researc h wa s supporte d m par t  b y th e Offic e o f  Nava l  Researc h unde r  gran t  N00014-84-K-0391 ,  th e Nationa l 
Scienc e Foundatio n unde r  gran t  IST-81-20685 ,  an d b y th e Nava l  Ocea n System s Cente r  unde r  contrac t  N66001 -
83-C-0255 . 
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or  negatin g existin g features .  Th e effectivenes s o f  th e metho d i s du e t o takin g int o account ,  i n 

additio n t o successfu l  prediction s an d error s o f  conunission ,  als o error s o f  omissio n an d event s i n 

whic h th e absenc e o f  a  cue  correctl y prevente d predictio n o f  a  secon d event .  Thi s extensio n t o 

th e simple r  ide a o f  'strengthening '  an d 'weakening '  o f  association s correspond s t o th e distinctio n 

i n psycholog y betwee n learnin g base d o n numbe r  o f  pairing s an d learnin g base d o n contingency . 

Usin g thi s metho d th e C A P - C E L (Contingen t  Associativ e Processe s i n C E L )  [Granger ,  Schlimme r 

and Young ,  1985 ;  Grange r  an d SchUnuner ,  1985 ]  progra m exhibit s contingency-base d learnin g 

behavior ,  modelin g th e learnin g behavio r  o f  animal s an d human s i n classica d conditionin g tasks . 

Th e progra m i s abl e t o functio n correctl y eve n wit h a  larg e numbe r  o f  erroneou s trainin g instances . 

O ne o f  th e basi c findings  o f  th e mode l  i s  th e identificatio n o f  categorie s o f  nois e tha t  eithe r  wil l 

or  wil l  no t  interfer e wit h associativ e contingen t  learning .  I n classica l  conditionin g terms ,  learnin g 

shoul d procee d i n th e presenc e o f  spuriou s CS s o r  US s mixe d wit h pairing s bu t  shoul d b e blocke d 

when bot h spuriou s CS s an d US s occur .  Leau'nin g i n th e presenc e o f  spuriou s CS s i s equivalen t 

t o 'partia l  reinforcement '  i n classica l  conditioning ;  learnin g i n th e presenc e o f  spuriou s US s ha s 

not  bee n systematicall y studie d o r  reporte d o n i n th e psychologica l  literature .  W e ar e currentl y 

runnin g anima l  experiment s i n ou r  la b a t  U C Irvin e t o tes t  th e specifi c  experimenta l  prediction s 

tha t  aris e fro m th e model . 

2 Contingency 

2.1 The data 

A ra t  i n a  classica l  conditionin g tas k mus t  attemp t  t o decide ,  ove r  trials ,  whic h o f  severa l  envi -

ronmenta l  feature s o r  event s shoul d b e learne d t o b e a  predicto r  o f  a  recurrin g shoc k event .  W e 

ca n vie w th e animal' s tas k Ji s hypothesizin g potentia l  causa l  relationship s betwee n th e shoc k an d 

variou s features ,  individuall y an d i n variou s combinations ,  an d weighin g thes e relation s agains t 

eac h other . 

We migh t  initiall y  assum e tha t  a  particula r  featur e o r  even t  woul d b e inferre d t o b e th e pre -

dicto r  o f  th e shoc k dependin g o n th e numbe r  o f  time s tha t  featur e actuall y occurre d immediatel y 

befor e th e shock .  Eac h tim e th e featur e i s paire d wit h th e shock ,  th e 'association '  betwee n th e 

featur e an d th e shoc k migh t  b e strengthene d (se e e.g.,[Anderson ,  1983]) .  Extensiv e experimenta l 

evidenc e i n th e psychologica l  Uteratur e show s thi s t o b e fabe .  Ove r  time ,  a  particulei r  feature ,  sa y 

a Ught ,  ma y b e peiire d wit h th e shoc k mor e ofte n tha n i s som e othe r  featur e (e.g. ,  tone) .  However , 

thi s conditio n i s no t  b y itsel f  sufficien t  t o W£irr2in t  th e aqimal' s inferenc e tha t  th e Ugh t  i s mor e 

likel y t o predic t  th e occurrenc e o f  shock .  I n particular ,  eve n i f  i t  happen s ove r  a  numbe r  o f  trizd s 

tha t  th e ligh t  precede s th e shoc k mor e ofte n tha n th e ton e precede s th e shock ,  sa y 7  time s versu s 4 

times ,  bu t  th e shoc k als o occur s a  Izurg e numbe r  o f  time s withou t  havin g bee n precede d b y th e ligh t 

(sa y 8  times )  whil e th e shoc k onl y rzirel y occur s withou t  th e ton e (sa y 3  times) ,  the n a n anima l 

wil l  lear n t o predic t  tha t  th e tone ,  an d no t  th e Ught ,  i s  th e bette r  predicto r  o f  th e occurrenc e o f 
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shock .  Hence ,  th e narr e ide a tha t  th e numbe r  o f  pairing s alon e determine s th e predictirenea s (o r 

salience )  o f  candidat e predictiv e features ,  o r  tha t  'strengthening '  alon e coul d b e th e medianis m 

fo r  learnin g aasociatioiis ,  i s false . 

Thi s resul t  require s a  somewha t  counterintuitiT e computatio n o n th e par t  o f  th e animal :  th e 

anima l  mus t  b e computin g th e probabilit y  o f  th e shoc k occurrin g givo i  th e Ugh t  an d give n th e tooe . 

Rescorla' s [1966 ,  1967 ,  1968 ]  formulatio n o f  th e necessar y computatio n i s tha t  th e probabilit y  o f 

th e shoc k outcom e (th e U S )  give n th e conditiona l  stimulu s featur e (th e C S ,  e.g. ,  th e tone )  mus t 

be greate r  tha n th e probabilit y  o f  th e outcom e occurrin g withou t  tha t  featur e havin g occurred , 

or  p{US\CS )  >  p{US\CS) . 

Thi s meuuremen t  o f  relativ e probabilitie s i s referre d t o a s contingency ;  animab ,  an d human s 

i n analogou s circumstances ,  exhibi t  contingency-drive n learnin g i n th e sens e tha t  the y someho w 

maintai n incrementally-update d knowledg e o f  th e relativ e predictivenes s o r  seJienc e o f  features . 

Throug h experienc e th e anima l  mus t  pic k ou t  th e relevan t  (salient )  feature s from  th e backgroun d 

of  uncorrelate d feature s aoi d us e onl y thes e salien t  feature s t o predic t  futur e events . 

2.2 Required computation 

We ter m th e proble m describe d her e a s aaliene e asaignment ,  i.e. ,  th e differentia l  assignmen t  o f 

predictiv e valu e t o candidat e predictiv e feature s (o r  combination s o f  features) .  Al l  tha t  th e anima l 

hei s availabl e t o i t  a s inpu t  from  th e environmen t  i s th e presenc e o f  feature s sense d ove r  time . 

What  i t  mus t  comput e from  thes e input s i s th e relativ e probabilit y  o f  som e feature s relationship s 

t o other s ove r  time . 

Ther e as e fou r  logica l  categorie s o f  thes e relationship s tha t  ca n b e computed :  positiv e pre -

dictions ,  negativ e predictions ,  uncorrelate d cues ,  an d context ;  eac h ha s a  behaviora l  correlat e i n 

animzds .  First ,  ther e ar e tw o type s o f  wha t  w e ter m predictiv e cues :  positiv e sm d negativ e pre -

dictions .  Positiv e predictiv e cue s ar e thos e tha t  accuratel y predic t  th e occurrenc e o f  a n outcome . 

Negativ e cue s accuratel y predic t  th e absenc e o f  a n outcom e (e.g. ,  thes e 'saJ'et y signals '  migh t  pre -

dic t  tha t  th e shoc k wil l  no t  follo w th e cue ,  an d therefor e tha t  th e anima l  nee d no t  fea r  it s coming) . 

Uncorrelate d cue s ar e irrelevan t  an d therefor e no t  necessar y fo r  predictio n o f  a n event .  FinjJly , 

an anima l  canno t  readil y evaluat e th e predictiv e importanc e o f  a  contex t  cue ,  i.e. ,  on e tha t  occur s 

constantl y i n th e backgroun d o f  a  trainin g session .  I t  i s impossibl e t o kno w whethe r  suc h a  cu e i s 

a necessar y preconditio n fo r  predictin g a  shock ,  unles s th e shoc k ha s bee n predicte d a  fe w time s i n 

th e absenc e o f  th e contex t  cue .  W h e n thi s happens ,  eithe r  th e contex t  cue  wil l  becom e a  positiv e 

predictiv e cu e (i f  th e predictio n wa s successful) ,  o r  a n uncorrelate d cu e (i f  th e predictio n failed) . 

The input s t o b e categorize d a s positive ,  negative ,  contex t  o r  uncorrelate d ar e occurrence s 

of  features .  Fo r  simplicity ,  w e ca n categoriz e th e logicall y possibl e pairwis e combination s o f  tw o 

featur e event s F l  an d F2 :  eithe r  F l  occur s an d the n F 2 occur s {prediction) ,  F l  occur s an d the n 

F2 doe s no t  occu r  (erro r  o f  commission) ,  F l  doe s no t  occu r  an d the n F 2 doe s occu r  (erro r  o f 
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onCUnon) ,  o r  F l  doe s no t  occu r  an d neithe r  doe s F 2 {non-prediction) }  Th e first  an d las t  o f  thes e 

combination s strengthe n th e predictiv e value ,  o r  association ,  betwee n F l  an d F2 ,  whil e error s o f 

commissio n an d o f  omissio n weake n th e association . 

Fl  presen t 

Fl  absen t 

F2 presen t 

+ + 

Predictio n 

- + 

Erro r  o f  Omissio n 

F2 absen t 

+ -

Erro r  o f  Commissio n 

Non-predictio n 

Tabl e 1 :  Possibl e combination s o f  F l  an d F 2 

The proposed algorithm for the csJculation of contingent predictiveness essentially just keeps 

a runnin g coun t  o f  eeic h o f  thes e fou r  categorie s o f  psdrwis e events; ^  thes e count s ar e use d t o 

calculat e a n estimat e o f  th e Ukelihoo d tha t  on e o f  thes e tw o feature s predict s th e other . 

3 An algorithm and implementation for contingent learning 

3.1 The basis of the algorithm: sufficiency and necessity 

Bayesie m statistic s (se e e.g. ,  [Dud a e t  al. ,  1979] )  provid e formulat e fo r  th e calculatio n o f  tw o value s 

i n inductiv e logic :  Logica l  Sufficienc y (LS) ,  whic h indicate s th e exten t  t o whic h th e presenc e o f 

one even t  predicts ,  o r  increase s th e expectatio n of ,  anothe r  particula r  event ;  and ,  reciprocally , 

Logica l  Necessit y  (LN) ,  whic h represent s th e exten t  t o whic h th e absenc e o f  a n even t  decrease s 

expectatio n o r  predictio n o f  th e secon d event .  L S an d L N ar e define d t o be : 

L S = 
_p (F2 |F l ) 

L N = 
_ P{F2\F\ ) 

p(F2|Fl )  p{F'2\F'̂ ) 

Thes e ma y b e approximate d b y a  pai r  o f  simpl e formula e compose d o f  precisel y th e fou r  possibl e 

categorie s o f  pairwis e feature s occurrence s give n above . 

c{ n +  o ) 

0{ 8 +  C ) 
L N = 

n{ s +  c ) 

wher e s  i s th e coun t  o f  successfu l  predictions ,  c  i s error s o f  conunission ,  o  i s error s o f  omission , 

and n  denote s non-predictions . 

*Not e tha t  w e mak e th e simplifyin g assumptio n tha t  even t  occurrence s ma y b e describe d i n term s o f  discret e tim e 

and trials .  Thi s i s a  common assumptio n i n th e learnin g literatur e [Rescorl a an d Wagner ,  1972 ;  Mackintosh , 

1975;  Pearc e an d Hall ,  1980] . 

'Althoug h a  non-predictio n wil l  onl y b e considere d t o happe n whe n F 2 ha s bee n predicte d bu t  di d no t  occur . 

Thi s i s becaus e al l  non-prediction s woul d otherwis e giv e ris e t o a  huge ,  ongoin g numbe r  o f  counts .  Hence ,  i n thi s 

algorithm ,  non-prediction s ar e systematicall y 'undercounted' . 
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Our  propose d algorith m make s us e o f  th e calculatio n o f  L S an d L N value s t o categoriz e th e 

relationship s betwee n a  pai r  o f  cues .  Th e categorizatio n i s base d o n th e interpretatio n o f  L S 

and L N values .  L S value s rang e fro m 0  t o oo ,  wit h hig h LS s correspondin g t o a  featur e F l 

strongl y predictin g a  secon d featur e F2 ,  (sinc e hig h L S implie s a  hig h rati o o f  successe s t o error s 

of  commission) ;  an d ver y lo w LS s correspondin g t o th e cas e wher e F l  implie s tha t  F 2 wil l  no t 

occu r  (lo w rati o o f  successe s t o commissions) .  Hence ,  fo r  a  hig h L S value ,  F l  i s  a  positiv e predicto r 

of  F2 ;  fo r  lo w LS ,  F l  i s  a  negativel y predictiv e cue ,  i.e. ,  th e presenc e o f  F l  predict s tha t  F 2 wil l  no t 

occur .  A n L N valu e nea r  1  indicate s tha t  th e absenc e o f  a  cu e ma y b e ignored ,  whil e a  lo w L N valu e 

(nea r  zero )  indicate s tha t  a  presenc e cu e i s quit e necessar y fo r  prediction .  Not e tha t  whe n L S > 

1 i t  i s  als o tru e tha t  p{F2\Fl )  >  p{F2\7l) .  Furthermore ,  L N <  1  sinc e p(F2\Fl )  =  l -p{F2\Fl ) 

and p(J2 |  J I )  =  1  -  p{F2\'Fi) .  However ,  i t  i s  no t  tru e i n genera l  tha t  L S =  LN . 

W h en th e valu e o f  L S i s approximatel y 1 ,  i.e. ,  neithe r  ver y hig h no r  ver y low ,  the n th e cu e F l 

may b e eithe r  a  contex t  cu e o r  uncorrected .  I n suc h a  case ,  i f  ther e ar e mor e error s o f  commissio n 

tha n o f  omission ,  i.e. ,  mor e faile d prediction s tha n unexpecte d shocks ,  the n th e cue  i s categorize d 

as a  contex t  cu e sinc e i t  i s  ofte n present ,  i t  ofte n fail s  t o predic t  th e shock ,  bu t  th e shoc k doesn' t 

ofte n occu r  i n it s absence .  I f  ther e ar e mor e error s o f  omissio n tha n commission ,  however ,  the n 

th e cu e i s categorize d uncorrected . 

Positiv e cu e L S »  1 

Negativ e cu e L S < < 1 

Contex t  L S m 1 ,  omission s <  commission s 

Uncorrelate d L S »  1 ,  omission s >  commission s 

3. 2 Ga the r i n g evidenc e 

Al l  count s i n CAP-CEL' s memor y ar e initiall y  1 .  Thes e count s ar e update d onl y whe n a n inde x 

nod e (correspondin g t o a  featur e complex )  i s triggere d b y matchin g cue s i n th e environment ,  a t 

whic h poin t  on e o f  th e relevan t  long-ter m memor y trace s organize d belo w thi s inde x nod e i a chose n 

fo r  reconstruction ;  i.e. ,  th e trac e contain s prediction s o f  wha t  wil l  happe n an d whic h behavio r  i s 

associate d wit h thes e predictions . 

Thi s trac e i s matche d agains t  ne w events .  W h e n a  predictio n succeeds ,  th e succes s score s o f 

matche d feature s i n th e environmen t  ar e incremented .  Cue s faiUn g t o matc h receiv e incremente d 

omissio n scores .  I f  a  predictio n fails ,  eac h cu e featur e tha t  matche d th e environmen t  score s a 

commission ;  eac h cu e featur e tha t  wa s absen t  fro m th e environment ,  a  non-prediction .  Nove l 

feature s presen t  i n th e environmen t  ar e adde d wit h a n initia l  scor e o f  1  commission ,  1  prediction , 

1 omission ,  an d 1  non-prediction . 
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Cage 

Tone 

Ligh t 

Buzi 

Whir r 

And[Tone,Light ] 

+ + 

52 

52 

52 

19 

43 

48 

+ -

11 

7 

8 

4 

10 

3 

- + 

1 

1 

1 

34 

10 

1 

— 

1 

5 

4 

8 

2 

5 

LS 

1.6 5 

5.2 9 

4.3 3 

1.0 2 

0.9 7 

5.6 5 

LN 

0.3 5 

0.1 4 

0.1 7 

0.9 1 

1.1 3 

0.0 7 

Tabl e 2 :  Positiv e Contingenc y 

3. 3 A  detaile d e x a m p l e 

Assume C A P - C E L i s i n a  situatio n wher e tones ,  lights ,  noises ,  an d shock s ar e occurring .  C A P -

CEL' s tas k i s t o construc t  a  memor y recor d whic h wil l  allo w i t  t o predic t  th e occurrenc e o f  th e 

shoc k accuratel y (presumabl y i n orde r  t o avoi d it) .  Specifically ,  give n a  situatio n wher e th e shoc k 

i s reliabl y precede d b y a  conjunctio n o f  feature s (e.g. ,  ton e an d light) ,  a  positiv e contingency ,  a 

tabl e representin g a  portio n o f  CAP-CEL' s memor y abou t  th e shoc k wil l  loo k simila r  t o tabl e 2 . 

(Not e tha t  successe s ar e indicate d b y *++' ,  commission s b y 'H—' ,  omission s b y '—t-' ,  an d non -

prediction s b y '  — ' .  Th e figures  i n tabl e 2  ar e take n fro m run s o f  a n earl y versio n o f  ou r  compute r 

model. ) 

Th e L S (logica l  sufficiency )  valu e indicate s th e degre e t o whic h a  cue  i s sufficien t  t o caus e 

expectatio n o f  a  resul t  feature ,  wit h value s greate r  tha n 1  indicatin g a  positiv e contributio n t o 

expectation .  Th e L N (logica l  necessity )  valu e indicate s th e degre e t o whic h absenc e o f  a  cu e 

preclude s expectatio n o f  a  resul t  feature .  A n L N valu e nea r  on e indicate s tha t  absenc e o f  a 

cue  ma y b e ignored ,  whil e e m L N valu e nea r  zer o indicate s tha t  a  cue  i s quit e necessar y fo r 

expectation .  Th e conjunctio n o f  ligh t  an d ton e ha s bee n propose d b y th e C A P - C E L progra m 

itsel f  (se e discussio n i n sectio n 3.4) . 

Thi s char t  illustrate s importan t  difference s betwee n contingenc y learnin g an d mor e intuitiv e 

notion s o f  strengthenin g base d o n numbe r  o f  pairings .  Cag e an d ton e receiv e th e sam e numbe r  o f 

pairing s wit h shock ,  bu t  ton e i s a  muc h bette r  predicto r  o f  shock .  Moreover ,  ton e wa s involve d i n 

a greate r  numbe r  o f  mistake n prediction s (error s o f  commission )  tha n wa s buzz ,  bu t  ton e i s stil l 

recognize d a s th e bette r  predictor . 

3.4 Combining features 

Leairnin g i n comple x environment s necessitate s notin g usefu l  combination s o f  features .  Fo r  in -

stance ,  a  conjunctio n o f  a  ton e an d a  ligh t  ma y indicat e a  shoc k whil e neithe r  th e ton e no r  th e 

ligh t  alon e do .  C A P - C E L use s curren t  association s betwee n feature s t o for m combination s o f 

features . 

Th e introductio n o f  ne w featur e combination s i s feulur e driven .  W h e n C A P - C E L make s a n 
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eiTO T o f  ccMnmiasion ,  a  ne w clause '  ma y b e introduce d from  lunon g th e predJctir e clauses .  A  claus e 

wit h a  lo w L S valu e act s a s a  negativ e predictor ;  i f  satisfie d i n a  negativ e instance ,  i t  i s  a  candidat e 

fo r  negation .  A  pai r  o f  clause s wit h lo w L N value s ac t  a s require d positiv e predictors ;  i f  on e i s 

satisfie d i n a  negativ e instanc e an d th e othe r  i s  not ,  the y ar e candidate s fo r  conjunction .  W e ca n 

thin k o f  L S an d L N value s a s guidanc e fo r  a  plausibl e mov e generzito r  searchin g throug h th e spac e 

of  conditions. ^ 

Propos e 

Not[A ] 

And[A,B ] 

When erro r  o f  commissio n 

LS(A )  «  1 ,  A  satisfie d 

LN(A )  «  1 ,  A  satisfie d 

LN(B )  «  1 ,  B  unsatisfie d 

C A P - C EL doe s no t  expem d it s representatio n o f  clause s withou t  bound .  T w o mechanism s 

serv e t o limi t  thi s growth .  Th e first  i s  simpl y tha t  ne w clause s ar e onl y introduce d followin g a 

failure .  I n a n environmen t  withou t  erroneou s trainin g instance s thi s alon e cei n b e quit e effective . 

Secondly ,  C A P - C E L utilize s competitio n betwee n a  newl y introduce d claus e am d it s compo -

nents .  W h e n a  ne w claus e i s mor e predictiv e tha n it s components ,  th e latte r  ar e deactivate d an d 

ar e isolate d fro m retrieva l  processes .  C A P - C E L measure s th e relativ e predictivenes s o f  clause s b y 

comparin g L S an d L N V2ilues .  W h e n a  ne w claus e i s introduce d i t  i s  assigne d a n L S threshold ^ 

set  a t  th e m a x i m u m o f  th e L S value s o f  th e components .  Th e competin g componen t  clause s ar e 

deactivate d whe n th e L S valu e o f  th e ne w claus e exceed s it s threshold .  Unti l  thi s tim e th e ne w 

claus e canno t  b e combine d wit h othe r  clauses . 

Utilizin g thi s mechanis m ha s th e additiona l  advantag e tha t  C A P - C E L ca n correc t  som e erro -

neou s claus e formation s whethe r  the y aris e fro m mistake n action s o n th e par t  o f  th e progra m o r 

ar e a  resul t  o f  environmenta d changes .  W h e n a  claus e fall s belo w it s threshold ,  th e clause s tha t 

le d t o it s formatio n ar e reactivate d an d no w compet e wit h th e ineffectiv e clause .  Eac h reactivate d 

claus e i s assigne d a  threshol d tha t  i s  th e coimterpar t  o f  it s  rival ;  i f  th e ineffectiv e claus e ha s au i  L S 

threshold ,  eac h reactivate d claus e wil l  hav e a n L N threshol d se t  a t  th e L N valu e o f  th e ineffectiv e 

clause .  W h e n eithe r  reactivate d claus e surpasse s it s threshold^ ,  th e ineffectiv e claus e i s de2icti -

vate d an d th e clause s ar e fre e t o for m ne w combinations .  Thi s allow s th e progra m t o recove r  fro m 

mistake s an d follo w change s eimon g effectiv e predictor s i n th e environment . 

'We wil l  us e th e ter m claus e t o refe r  t o bot h individua l  feature s an d combination s o f  feature s i n th e discussio n 

tha t  foUows . 

*I t  i s  desirabl e t o allo w bot h discriminatio n (throug h conjunction s o f  clauses )  an d generalizatio n (throug h disjunc -

tion) .  A t  thi s time ,  however ,  th e CAP-CE L mode l  propose s onl y conjunction s an d negations .  A  weake r  for m o f 

generalizatio n i s achieve d b y droppin g clause s wit h lo w predictiv e value . 

^An L S threshol d i s chose n sinc e a  mor e restrictiv e claus e i s fal»ene$ » prtaervin g [Mlchalski ,  1983 ]  an d thu s L N i s 

guarantee d t o b e a s good . 

*L N threshold s ar e satisfie d i f  th e L N valu e fall s  belo w th e threshold . 
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Figur e 1 :  A n exampl e m e m o r y inde x structure . 

3.5 Organization of indexed memory 

Th e edgorithm s describe d her e fo r  th e incrementa l  calculatio n o f  L S an d L N an d th e us e o f  thos e 

value s t o successfull y categoriz e featur e cue s ar e grounde d i n th e operatio n o f  a n indexe d networ k 

memory.  Long-ter m memor y i n C A P - C E L i s organize d a s a  networ k o f  node s an d link s accesse d vi a 

paralle l  matchin g processes .  Beside s providin g a  degre e o f  pjiralle l  processin g ou r  mode l  provide s 

a principle d metho d o f  limitin g th e sprea d o f  activatio n durin g retrieval ,  b y diagnosticit y o f  test s 

applie d durin g activation . 

Link s i n ou r  mode l  ar e simpl e one-wa y transmissio n channel s capabl e o f  communicatin g a  singl e 

non-symboli c valu e (magnitude )  betwee n nodes .  Thes e ar e categorize d accordin g t o th e interpre -

tatio n o f  th e signa l  the y carr y a s on e o f  fou r  type s o f  signal :  prob e Unks ,  trigge r  links ,  expectatio n 

links ,  o r  confirmatio n links .  Node s ax e o f  tw o types :  featur e o r  featur e combinatio n node s (hence -

fort h nodes )  an d intermediat e node s (hencefort h internodes )  whic h recor d relationship s betwee n 

featur e nodes . 

I f  a  featur e F l  i s  indexe d a s a  cue  whic h ma y lea d t o a n expectatio n o f  featur e F4 ,  the n a n 

internod e wil l  h e betwee n nod e F l  an d nod e F4 ,  si s illustrate d i n figure  1 .  Lon g ter m memor y 

trace s whic h recor d occurrence s o f  bot h F l  an d F 4 ar e accesse d vi a th e internod e betwee n them . 

Featur e F l  ma y b e triggere d b y incomin g sensor y dat a an d i n tur n sen d a  signa l  t o II ,  whic h 

adjust s th e signa l  strengt h base d o n th e predictiv e valu e o f  F l  fo r  F4 ,  an d passe s i t  on . 

Suppos e tha t  F l  an d F 2 ar e necessar y fo r  a n expectatio n o f  F4 ,  bu t  F 3 i s no t  highl y correlate d 

wit h F4 .  Conside r  wha t  happen s whe n onl y F l  i s  present .  Activatio n fro m F l  wil l  trigge r  internod e 

I I  whic h wil l  scal e expectatio n b y L S an d pas s i t  t o F 4 alon g th e expectatio n link .  F 4 wil l  the n 

sen d signal s alon g eac h o f  it s outgoin g prob e Unks .  1 2 receive s a  prob e and ,  finding  th e L N valu e 

relatin g F 2 t o F 4 i s quit e smal l  (i.e. ,  th e presenc e o f  F 2 i s quit e necessar y fo r  an y expectatio n o f 

F4) ,  1 2 send s a  prob e signa l  t o F2 .  Sinc e F 2 i s no t  presen t  a t  thi s time ,  F 2 doe s no t  retur n a  signa l 

alon g a  trigge r  lin k an d 1 2 send s a n inhibitor y signa l  alon g th e expectatio n lin k t o F4 ,  reducin g 
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Figure 2: Performance of CAP-CEL as a function of noise. 

the expectation of F4. (Values are multiplied together by the receiving node; hence, the LN value 

whic h ha s a  valu e les s tha n on e act s a s a n inhibitor y signal. )  1 3 als o receive s a  prob e signa l  from 

F 4 .  Sinc e th e L N valu e relatin g F 3 t o F 4 i s abou t  1  (indicatin g tha t  F 3 i s no t  strongl y correlate d 

t o F 4 ) ,  1 3 doe s no t  sen d a  prob e signa l  o n t o F 3 an d th e sprea d o f  activatio n i s attenuated . 

Featur e node s m a y a b o represen t  combination s o f  features .  N o d e F 8 i s triggere d w h e n F 5 an d 

F 6 jir e bot h present ,  s o F 8 function s a s th e boolea n A N D operator .  I f  F 8 i s triggere d b y eithe r  F 5 

or  F 6 ,  i t  send s prob e signal s t o both .  W h e n i t  i s  triggere d b y both ,  i t  trigger s 18 .  Othe r  boolee m 

combination s ca n b e similarl y represented .  T h e dashe d Une s i n figure 1  indicat e th e competitio n 

betwee n th e recentl y introduce d 1 8 in temod e an d th e c o m p o n e n t  in temode s 1 5 an d 16 . 

T h e principl e adveintag e o f  th e inde x networ k a s describe d abov e i s tha t  tes t  diagnoaticity ,  a s 

expresse d b y L S aji d L N vjilue s store d i n intemodes ,  provide s natura l  contro l  fo r  paralle l  retrieva l 

processes ;  th e sprezi d o f  activatio n i s Umite d i n a  principle d w a y b y thes e test s o n link s betwee n 

nodes ,  rathe r  tha n b y a  pursui t  strengt h deca y o f  link s ove r  time .  T h e n u m b e r  o f  node s neede d t o 

represen t  comp le x pattern s i s moderate ,  an d th e networ k ca n b e modifie d incrementall y a s n e w 

relation s betwee n feature s ar e discovered . 
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3. 6 E x p e r i e n c e w i t h th e C A P - C E L s y s t e m 

3.6. 1 Robustnes s 

Real-worl d environment s invariabl y entai l  som e degre e o f  noise ,  s o a  learnin g engin e mus t  b e abl e 

t o tolerat e erroneou s trainin g instances .  W e hav e bee n pleasantl y surprise d b y th e performanc e o f 

th e C A P - C E L progra m i n thes e circumstjuices .  Figur e 2  depict s th e asymptoti c performanc e o f 

C A P - C EL whe n traine d fo r  a  conjunctio n o f  ton e an d ligh t  wit h variou s rate s o f  spuriou s trials . 

Th e lin e plotte d wit h circle s i n figure  2  show s performanc e unde r  condition s o f  'uniform '  noise , 

tha t  is ,  a n equa l  numbe r  o f  spuriou s C S trizil s  an d spuriou s U S trial s hav e bee n substitute d fo r 

paire d jui d non-paire d trials ,  respectively .  A s th e rati o o f  spuriou s C S trial s t o al l  trial s tha t 

includ e a  C S (o r  spuriou s U S trial s t o al l  trial s tha t  includ e a  US )  approache s 0.3 ,  CAP-CEL' s 

performanc e fall s  towar d a  chanc e leve l  (50%) .  A s on e woul d expect ,  spuriou s tria l  rate s i n exces s 

of  0. 5 caus e C A P - C E L t o acquir e th e opposit e associatio n an d perfor m a t  les s tha n chanc e level . 

Th e triangle s i n figure  2  plo t  th e performance  o f  C A P - C E L whe n ther e ax e spuriou s C S trial s 

but  n o spuriou s U S triads .  Thi s i s simila r  t o partia l  reinforcemen t  i n conditioning .  CAP-CEL' s 

performanc e remain s wel l  abov e chanc e i n thi s cas e eve n fo r  level s o f  nois e i n exces s o f  5 0 % 

becaus e th e ton e an d hgh t  ar e i n a  positiv e contingenc y relatio n wit h shoc k eve n whe n th e absolut e 

probabilit y  o f  shoc k followin g th e cue s i s low .  CAP-CEL' s leve l  o f  performeuic e i s simila r  whe n 

onl y spuriou s U S trial s ar e introduce d (se e sectio n 4  fo r  furthe r  discussion) . 

CAP-CEL' s toleranc e o f  erroneou s trainin g instamce s i s partl y du e t o th e smoot h weightin g 

function s L S an d LN .  I n addition ,  though ,  w e foun d tha t  robustnes s depend s criticall y o n th e 

introductio n o f  combine d feature s (sectio n 3.4) .  Wit h n o nois e i n th e data ,  C A P - C E L cji n achiev e 

perfec t  performanc e fo r  simpl e conjunctiv e classification s eve n whe n th e combinatio n propose r  i s 

disabled ,  sinc e th e extrem e value s o f  L S em d L N ar e sufficien t  t o expres s logica l  necessit y an d logica l 

suflficiency .  Bu t  whe n eve n a  smal l  numbe r  o f  erroneou s instance s ar e introduced ,  performemc e 

fall s of f  precipitousl y unles s combination s ar e proposed .  Th e predictiv e valu e o f  a  combinatio n 

of  feature s i s highe r  tha n tha t  o f  an y o f  it s  componen t  features ,  an d th e influenc e o f  erroneou s 

instance s o n tha t  valu e i s correspondingl y less .  Method s whic h rel y o n a n impUci t  encodin g o f 

featur e combination s wil l  no t  perfor m a s wel l  i n th e presenc e o f  nois e a s thos e tha t  us e a n explicitl y 

combine d representation . 

3.6.2 Annotated run-time output of the CAP-CEL program 

We hav e implemente d C A P - C E L i n Fran z Lis p o n a  V A X 11/75 0 runnin g unde r  Unix .  I n th e 

followin g trainscript ,  C A P - C E L learn s tha t  th e conjunctio n o f  ton e an d hgh t  i s a  positivel y con -

tingen t  cue  fo r  th e onse t  o f  shock .  Annotation s ar e separate d from  actua l  progra m outpu t  b y 

semicolons . 
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Receiving :  cage ,  light ,  whirr ,  buz x 
strongl y expectin g shoc k (odd s -  7.8 1 

Receiving :  nothin g 
Updatin g expectation s 

•arkin g coamission s 
rkln g non-prediction s 

Deactivatin g clause : 
andCwhirr,light ] 

Introducin g ne w clause : 
and[light,tone ] 

Thes e ar e externa l  cues . 
» 1) . 
CAP-CEL predict s th e shock , 

but  doesn' t  ge t  one . 
Satisfie d cue s ge t  a  coaaission . 
Unsatisfie d cue s ge t  a 

non-prediction . 
Thi s claus e isn' t  provin g 

effective . 

The ligh t  cu e i s satisfie d (present )  i n thi s instanc e 
and ha s a  L N «  1 .  Th e ton e cu e i s no t  satisfie d 
(missing )  an d als o ha s a  L N «  1 .  Thei r  conjunctio n 
i s suggeste d a s a  ne w clause . 

Receiving :  cage ,  light ,  tone ,  whir r 
strongl y expectin g shoc k (odd s =•  31.4 9 »  1 )  . 

Receiving :  shoc k 
Updatin g Expectation s 

markin g successe s 
markin g omission s 

Establishin g clause : 
and[light,tone ] 

Deactivatin g clause : 
ligh t 

Deactivatin g clause : 
ton e 

; Long-term memory looks like this now: 

shock predicted by: 

Thi s claus e i s no w abov e it s 
threshol d an d it s rival s 
ar e deactivated . 

Patter n 

and[light,tone ] 

buz z 

whir r 

cag e 

++ 

8 

5 

11 

13 

+-

1 

2 

7 

8 

- + 

1 

9 

3 

1 

~ 

3 

7 

2 

1 

I s 1 

3.5 6 1 

1.2 7 1 

1.0 2 1 

1.2 4 1 

1 I n 1 

1 0.1 5 

1 0.6 5 

1 0.9 7 

1 0.7 6 

1 

1 

1 

1 

3.6. 3 Explanatio n o f  p rog ra m behavio r 

Confidence in CAP-CEL is calculated by multiplying together the LS vzdues of ezich satisfied 

featur e an d th e L N value s o f  eac h unsatisfie d feature .  Thi s confidenc e measur e i s the n interprete d 
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i n term s o f  odds :  muc h les s tha n 1  indicate s tha t  F 2 i s no t  expected ;  abou t  1  indicate s uncertainty ; 

much greate r  thz m 1  indicate s tha t  F 2 i s expected . 

CAP-CEL introduce s ne w clause s onl y o n error s o f  commissio n an d avoid s endlessl y makin g 

proposal s whe n i t  reztche s proficiency .  Possibl e ne w clause s ar e propose d fro m th e satisfie d an d 

unsatisfie d feature s o n th e basi s o f  L S an d L N values .  I n th e exampl e above ,  ligh t  ha s a n L N valu e 

belo w wel l  belo w 1 ,  a s doe s tone ,  an d a n erro r  o f  commissio n occur s wher e ligh t  i s  presen t  an d 

ton e i s absent ;  CAP-CE L hypothesize s tha t  ligh t  an d ton e togethe r  migh t  b e a  bette r  predicto r 

tha n eithe r  alone . 

4 An experimental prediction 

In review, contingency theory [Rescorla, 1972] states that a necess2iry condition for the formation 

of  a n associatio n betwee n a  CS-U S pai r  i s  p{US\CS )  >  p{US\CS) .  Thi s characterizatio n aros e ou t 

of  Rescorla' s origina l  anima l  experiment s [1966 ,  1967,1968 ]  wher e on e grou p o f  subject s wa s give n 

rando m presentation s o f  th e C S an d rando m presentation s o f  th e US :  p(US\CS )  =  p{US\CS) .  A 

secon d grou p receive d th e sam e rando m sequenc e excep t  tha t  th e U S wa s no t  give n £i s schedule d 

unles s i t  ha d bee n preceede d b y a  CS .  Usin g th e term s o f  sectio n 3.6.1 ,  thi s grou p wa s presente d 

wit h spuriou s C S trial s substitute d int o CS-U S trials :  p(US\CS )  >  p{US\CS) . 

A surve y o f  th e relevan t  Uteratur e indicate s tha t  2inima l  researcher s hav e faile d t o tes t  th e situ -

atio n wher e spuriou s US s ar e substitute d int o CS-U S trials .  p{US\CS )  i s greate r  tha n p{US\CS ) 

i n thi s situatio n a s well ,  s o th e mode l  predict s tha t  learnin g shoul d occur .  Usin g th e measure s o f 

LS an d LN ,  th e CAP-CE L progra m acquire s a  significan t  associatio n betwee n th e CS-U S pairin g 

give n spuriou s U S substitution s i n a  serie s o f  pairings .  Thi s lead s t o th e predictio n tha t  anima l 

subject s i n a  simila r  situatio n als o will ;  a n experimen t  t o tes t  thi s prediction ,  followin g Rescorla' s 

design ,  i s currentl y bein g ru n i n th e authors '  la b a t  U C Irvine . 

Rescorla' s origina l  characterizatio n woul d als o mak e thi s prediction ,  thoug h hi s experiment s 

didn' t  tes t  fo r  it .  However ,  i f  associationa l  strengt h i s take n t o b e a  functio n o f  th e magnitud e o f 

th e inequalit y p{US\CS )  >  p{US\CS) ,  the n i t  ma y fai l  t o b e abov e som e significanc e threshold . 

The us e o f  th e rati o o f  th e conditiona l  probabiUtie s (LS )  an d th e rati o o f  thei r  algebrai c dual s 

(LN )  yield s measure s whic h ar e toleran t  o f  spuriou s C S substitution s o r  spuriou s U S substitution s 

but  no t  bot h (se e figure  2) . 

5 Related work 

Each development and refinement of the CEL framework is driven by an attempt to accurately 

model  experimenta l  data .  Th e mode l  o f  contingenc y describe d i n thi s pape r  wer e motivate d 

by result s fro m animz d behavio r  experiments .  Anima l  learnin g theorists ,  notabl y Rescorl a an d 

Wagner  [1972] ,  Wagne r  [1981] ,  Mackintos h [1975] ,  an d Pearc e an d Hal l  [1980] ,  hav e propose d 
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model s o f  associativ e learnin g whic h accoun t  fo r  contingency .  Thes e theorie s predic t  th e strengt h 

of  associativ e learnin g a s a  functio n o f  experience ,  bu t  d o no t  describ e th e detaile d processin g 

necessar y t o form ,  retrieve ,  an d modif y associations .  Ou r  mode l  i s  intende d t o suppl y thi s furthe r 

leve l  o f  detail . 

Othe r  researcher s hav e als o formulate d system s fo r  th e purpos e o f  modellin g experimenta l  data . 

One o f  th e mos t  coiî >rehensiv e noodel s o f  learnin g behavio r  i s  th e A C T *  famil y o f  program s wer e 

develope d b y Joh n Anderso n (Anderson ,  1983] .  A C T *  use s production s system s a s a  framewor k 

fo r  describin g th e processin g underlyin g comple x behavior .  A C T *  create s ne w productio n rule s 

throug h processe s o f  composition ,  proceduraJization ,  generalization ,  an d discrimination .  O f  these , 

generalizatio n aai d discriminatio n addres s th e proble m o f  discoverin g whic h feature s ar e relevan t 

fo r  determinin g whe n a n operato r  shoul d b e appUed .  A C T *  create s a  generalize d rul e b y omittin g 

a conditio n fro m th e anteceden t  par t  o f  anothe r  rule .  Discriminatio n add s a  ne w claus e eithe r  t o 

th e anteceden t  o r  t o th e consequen t  par t  o f  a  rule .  Rule s i n A C T *  ar e strengthene d whe n the y 

ar e reinvente d an d whe n the y ar e activate d throug h th e sprea d o f  activatio n i n memory .  The y ar e 

weakene d b y negativ e feedback . 

The A C T *  framework  ha s bee n use d t o accoun t  fo r  a  wid e variet y o f  dat a fro m th e psycholog y 

of  huma n learning .  Th e schem e fo r  strengthenin g an d weakenin g rules ,  however ,  doe s no t  appea r 

t o b e consisten t  wit h th e basi c psychologica l  dat a concernin g contingency . 

Anothe r  cognitivel y oriente d artificia l  intelligenc e progra m employ s learnin g whil e parsin g 

Englis h stories :  IP P [Lebowitz ,  1983] .  Storie s rea d b y IP P ar e use d t o for m group s o f  stor y 

feature s tha t  frequently  occu r  together .  Thes e group s o f  feature s provid e top-dow n directio n fo r 

IPP' s parsin g mechzmism .  Th e numbe r  o f  feature s i n commo n betwee n tw o group s o f  feature s 

i s use d t o determin e whe n a  ne w featur e grou p shoul d b e introduced .  Thes e featur e group s ar e 

strengthene d an d weakene d b y a  unar y amoun t  give n positiv e o r  negativ e evidence .  Individua l 

feature s withi n a  grou p tha t  increas e expectatio n o f  othe r  feature s i n th e sam e grou p ar e terme d 

predictive ]  thos e tha t  d o no t  ar e terme d predictable .  Th e degre e t o whic h a  featur e i s predictiv e i s 

base d o n ho w infrequentl y i t  ha s occurre d i n featur e groups . 

IP P successfull y improve s it s parsin g o f  text s withi n th e domai n o f  newspape r  stories .  However , 

th e mechanism s fo r  determinin g predictivenes s d o no t  appea r  t o b e consisten t  wit h th e findings 

of  contingenc y experiments .  Secondly ,  a s Lebowit z notes ,  IP P ha s som e difiicult y whe n a  se t  o f 

feature s i n a  grou p ar e predictiv e whil e zui y singl e one  isn't .  Lackin g a  representatio n fo r  explici t 

conjunction s prohibit s IP P fro m assignin g predictivenes s t o onl y a  subse t  o f  features . 

Resejircher s i n cognitiv e psycholog y hav e als o outline d constraint s fo r  mechanism s tha t  attemp t 

t o Eiccoun t  fo r  experimenta l  results .  Barsalo u an d Bowe r  hav e expresse d thre e concern s ove r  th e 

formulatio n o f  memor y models :  eliminatio n o f  tes t  contingency ,  paralle l  traversal ,  an d storag e 

requirement s [1984] .  Th e first  i s  th e chau-acteristi c  o f  som e memor y model s tha t  allow s o r  inhibit s 

retrieva l  o f  item s store d i n a  networ k base d o n th e succes s o f  som e distantl y relate d test .  Barsalo u 

and Bowe r  argu e tha t  partia l  matchin g shoul d b e allowe d i n memor y retrieva l  an d tha t  ther e 
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shoul d b e a  meanin g relate d orderin g o f  test s i f  any .  Secondly ,  experimenta l  evidenc e tha t  huma n 

memory i s paralle l  hav e lea d Barsalo u an d Bowe r  t o criticiz e inherentl y seria l  model s o f  memory . 

Thirdly ,  Barsalo u an d Bowe r  doub t  th e validit y o f  memor y scheme s tha t  requir e exponentia l 

memory space ,  fo r  huma n memor y system s d o no t  appea r  t o b e limite d i n th e way s predicte d b y 

suc h schemes . 

CAP-CEL addresse s eac h o f  thes e concern s i n tha t  i t  employ s a  memor y schem e whic h allow s 

peirtia l  matchin g (long-ter m memor y trace s ar e retrievabl e b y an y o f  th e predictiv e cue s i n tha t 

trace) ,  a  paralle l  retrieva l  scheme ,  an d a  memor y containmen t  schem e whic h display s a  growt h 

bounde d o n th e averag e b y n '  (wher e n  i s th e numbe r  o f  nove l  stimul i  i n th e environment )  sinc e 

ther e ai e a t  mos t  n ? pairwis e associations .  I n th e mos t  pathologica l  case ,  expUci t  representatio n 

of  boolea n combination s require s a  boun d o f  2" . 

6 Conclusions 

The importance of contingency is well known in animal learning theory, and the extensive ex-

perimenta l  dat a concernin g contingenc y provid e a  clea r  se t  o f  computationa l  requirement s fo r  a 

proces s mode l  o f  learning .  We hav e expresse d thi s se t  o f  requirement s algorithmicall y a s a  salienc e 

assignmen t  problem ,  aai d w e hav e show n ho w thi s proble m i s solve d withi n th e CE L framework , 

vi a formula e base d o n Bayes '  algorithm .  Th e CAP-CE L progra m demonstrate s tha t  th e eiccoun t 

we hav e offere d i s i n fac t  adequat e t o distinguis h useful ,  predictiv e cue s fro m contex t  an d uncor -

relate d cues .  Moreover ,  th e performjinc e o f  CAP-CE L comprise s a  se t  o f  detaile d prediction s o f 

our  hypothese s tha t  may'b e confirme d o r  rejecte d o n th e basi s o f  experiments . 

Ther e i s a  wealt h o f  empirica l  behaviorei l  dat a waitin g t o b e «u:counte d for .  Fo r  instance ,  ther e 

i s a n interestin g bod y o f  dat a concernin g th e respons e latencie s o f  classicall y an d instrumentall y 

conditione d subjects .  We hav e begu n t o addres s thes e issue s an d hop e t o integrat e ou r  findings 

wit h previou s result s [Granger ,  Schlimme r  an d Young ,  1985] .  We inten d t o continu e t o concentrat e 

on betsi c phenomen a o f  auiims J lejirnin g rathe r  tha n followin g th e curren t  artificia l  intelUgenc e ein d 

cognitiv e scienc e fashio n o f  buildin g compute r  model s o f  comple x humz m proble m solvin g tasks ; 

we believ e thes e basi c phenomen a she d mor e ligh t  o n th e fundamenta l  propertie s o f  learnin g i n 

humans a s wel l  a s animals . 
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