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ABSTRACT 

This study develops a computational model based on the Holland et al.'s (1986) induction theory to 

simulat e th e taci t  knowledg e o f  artificia l  grammar s acquire d fro m experienc e wit h exemplar s o f  th e 

grammar  (e.g. ,  Reber ,  1969 ,  1976) .  Th e initia l  applicatio n o f  thi s mode l  test s th e propositio n tha t  th e 

rule s acquire d abou t  a n artificia l  gramma r  consis t  o f  set s o f  partiall y  vali d rule s tha t  compet e agains t 

one anothe r  t o contro l  respons e selection .  Choice s ar e mad e an d th e strengt h o f  rule s i s adjuste d base d 

on curren t  level s o f  strength ,  specificity ,  an d suppor t  amon g rule s havin g thei r  condition s matche d o n a 

particula r  trial .  Verba l  instruction s generate d b y tw o huma n subject s wh o develope d expertis e i n 

discriminatin g vali d fro m invali d string s throug h extensiv e practic e o n a  multipl e choic e strin g discrimi -

natio n tas k serve d a s input s int o th e simulatio n model .  Result s sho w tha t  thes e set s o f  rule s verbalize d 

by subject s ca n b e represente d a s set s o f  condition-actio n rules .  Further ,  thes e rule s ca n compet e 

agains t  eac h othe r  t o selec t  vali d choice s o n th e strin g discriminatio n tas k a s describe d i n th e Hollan d e t 

al .  model ,  resultin g i n a  leve l  o f  performanc e ver y simila r  t o tha t  o f  huma n yoke d subject s wh o 

attempte d t o us e th e rule s provide d b y th e origina l  subjects .  Finally ,  whe n th e rule s ar e automaticall y 

tune d b y a n optimizatio n algorith m usin g feedbac k abou t  correcmes s o f  choices ,  performanc e o f  th e 

simulatio n £^proache s th e leve l  o f  th e origina l  subject .  I t  i s  conclude d tha t  a  considerabl e portio n o f 

implici t  knowledg e tha t  i s  no t  verbalize d t o yoke d partner s consist s o f  th e relativ e strength s o f  compet -

in g rules . 

INTRODUCTION 

Learning of artificial grammars has attracted attention in cognitive psychology for two 

mai n reasons :  First ,  knowledg e abou t  a  gramma r  i s acquire d a s wel l  o r  bette r  b y pas -

siv e observatio n o f  exemplar s a s compare d t o deliberat e attempt s t o deriv e th e rule s o f 

th e g ramma r  (e.g. ,  Reber ,  1976 ;  Rebe r  &  Allen ,  1978) .  Second ,  subject s w h o hav e 

acquire d knowledg e o f  th e gramma r  implicid y throug h observin g exemplar s hav e a 

difficul t  tim e verbalizin g wha t  the y hav e learne d (se e Reber ,  i n pres s fo r  a  revie w o f 

thi s research) .  Thu s researcher s hav e bee n intereste d i n determinin g whethe r  thi s for m 

of  learnin g reflect s a  unique ,  subconsciou s leamin g mechanis m capabl e o f  abstractin g 

regularitie s a m o n g exemplar s withou t  consciou s rul e generation . 

Recendy Mathews, Buss, Stanley, Blanchard-Fields, Cho, and Druhan (in press) per-

forme d a n extensiv e serie s o f  experiment s examinin g leamin g o f  artificia l  grammar s 

throug h practic e discriminatin g exemplar s fro m nonexemplar s o f  th e grammar .  Th e 

finite  stat e g ramma r  use d i n thes e experiment s i s illustrate d i n Figur e 1 .  Eac h vali d 

strin g represent s on e complet e pat h throug h th e grammar ,  followin g an y allowe d se t  o f 

transition s (arrows )  an d generatin g eac h lette r  correspondin g t o th e labe l  o n eac h tran -

sitio n chosen .  Th e g ramma r  generate s a  tota l  o f  17 7 uniqu e vali d strings .  Th e 

M a t h e w s e t  al .  (i n press )  experiment s use d a  nove l  teac h alou d procedur e i n whic h 

subjects ,  whil e leamin g abou t  th e gramma r  throug h practic e o n a  multipl e choic e strin g 

discriminatio n task ,  periodicall y attempte d t o verbaliz e instruction s fo r  anothe r  perso n 

(yoke d subject )  t o perfor m th e sam e strin g discriminatio n task .  O n eac h tria l  o f  th e 

strin g discriminatio n tas k origina l  subject s selecte d on e o f  five  alternative s whic h the y 
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Lette r  Se t  1 
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Example s 

SCPTVPS 

CVCPW 

CVCTSXXVV 

SCTXS 

Figur e 1 . 

thought was a valid string. Of the five strings presented, four of them contained "vio-

lations "  (incorrec t  letters) ,  an d on e wa s correct .  The y wer e the n give n feedbac k abou t 

whic h wa s th e correc t  string .  Thes e subject s practice d thi s tas k 20 0 trial s a  wee k fo r 

thre e weeks .  The y recorde d instruction s fo r  thei r  yoke d partne r  afte r  eac h sequenc e o f 

te n multipl e choic e trials .  Th e yoke d subject s attempte d t o perfor m th e sam e strin g 

discriminatio n tas k withou t  feedback ,  usin g onl y th e curren t  instruction s provide d b y 

thei r  partne r  fo r  tha t  tria l  block . 

Several findings from the Mathews et al. experiments are consistent with competitive 

rul e inductio n models .  Th e instruction s verbalize d durin g trainin g resemble d set s o f 

condition-actio n rule s suc h a s "selec t  string s tha t  begi n wit h S C T "  o r  "selec t  string s 

dia t  en d i n V V " .  Moreover ,  th e se t  o f  rule s acquire d b y differen t  subject s appeare d t o 

be differen t  (se e Dulany ,  Carlson ,  &  Dewey ,  1984 ,  1985) ;  an d ther e wa s n o tendenc y 

t o converg e o n a  c o m m o n se t  o f  rule s eve n afte r  experienc e wit h hundred s o f  exem -

plar s generate d b y th e gramma r  ove r  a n extende d perio d o f  practic e wit h th e task . 

Thus ,  a s predicte d b y th e Hollan d e t  al. ,  (1986 )  model ,  learnin g appeare d t o involv e 

finding  a  se t  o f  cue s t o distinguis h vali d from  invali d string s and ,  onc e a  sufficien t  se t 

of  cue s wa s acquired ,  learnin g di d no t  continu e (i.e. ,  n o additiona l  cue s wer e 

acquired) .  I n Hollan d e t  al .  term s learnin g i s  completel y failur e driven .  Thes e initiall y 

positiv e result s concemin g th e applicatio n o f  th e Hollan d e t  al. ,  (1986 )  framework  t o 

implici t  learnin g o f  artificia l  grammar s encourage d u s t o develo p a  forma l  mode l  t o 

furthe r  tes t  th e adequac y o f  thi s framewor k fo r  explainin g thi s typ e o f  learning . 

This paper reports our initial results using a computational model which simulates 

behavio r  o f  ou r  yoke d subjects .  Thi s mode l  i s  a n implementatio n o f  a  classifie r  sys -

te m i n whic h set s o f  condition-actio n rule s characterizin g origina l  subjects '  verbalize d 
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instructions compete against each other to control response selection in the string 
discriminatio n task .  Tha t  is ,  jus t  lik e ou r  huma n yoke d subjects ,  T H I Y O S (fo r  T H e 
Idea l  YOke d Subject )  receive s a  se t  o f  instruction s fro m a n origina l  subjec t  fo r  eac h 
bloc k o f  te n trial s an d the n i t  attempt s t o selec t  th e vali d strin g generate d b y th e gram -
mar  fro m amon g five  choices .  I n th e initia l  ru n o f  th e simulatio n T H I Y O S get s n o 
feedbac k abou t  correcmes s o f  it s choices ,  s o i t  ha s t o rel y entirel y o n th e se t  o f 
instruction s provide d b y th e origina l  subject .  T H I Y O S i s a n "ideal "  yoke d subjec t  i n 
th e sens e tha t  i t  make s n o attempt s t o generat e additiona l  rules ,  a s a  huma n yoke d sub -
jec t  migh t  d o eve n i n th e absenc e o f  feedbac k (Frie d &  Holyoak ,  1984) .  Also ,  b y giv -
in g T H I Y O S perfec t  memor y fo r  ever y rul e received ,  no t  onl y o n th e curren t  tria l 
bloc k bu t  o n al l  previou s tria l  blocks ,  w e ca n se e ho w goo d performanc e woul d b e i f 
al l  o f  th e origina l  subjects '  rule s wer e allowe d t o compet e fo r  respons e selection . 
Finally ,  b y usin g additiona l  run s o f  T H I Y O S wit h feedback ,  w e ca n determin e whethe r 
an optimizatio n schem e simila r  t o th e bucke t  brigad e algorith m i s capabl e o f  improv -
in g THIYOS' s performanc e b y tunin g th e relativ e strengt h o f  th e competin g rules . 
One hypothesi s teste d i n thi s simulatio n i s tha t  par t  o f  wha t  origina l  subject s d o no t 
verbaliz e i n thei r  instruction s fo r  thei r  yoke d partner s i s th e relativ e strength s o f  com -
petin g rule s whic h lea d t o optima l  performance .  I f  w e assum e tha t  th e origina l  sub -
jects '  rule s hav e bee n tune d fo r  optima l  application ,  bu t  th e yoke d subjects '  hav e not ; 
the n THIYOS' s performanc e migh t  improv e considerabl y whe n sufficien t  feedbac k ha s 
occurre d t o optimall y tun e th e strength s o f  competin g rules . 

THE MODEL 

Classifier systems are a type of production system model with some specific processing 
assumptions .  First ,  th e conditio n actio n pair s ar e compose d o f  string s o f  equa l  length , 
wher e th e element s o f  th e strin g ar e restricte d t o th e se t  {1 ,  0 ,  #} .  Thi s conditio n 
actio n pai r  i s  calle d simpl y a  "classifier" .  Eac h elemen t  ca n b e though t  o f  a s 
representin g a  uniqu e featur e o f  th e object ,  o r  even t  bein g describe d b y th e classifier . 
Withi n thi s representation ,  a  "1 "  represent s th e presenc e o f  a  feature ,  a  "0 "  represent s 
it s absence ,  an d a  "# "  i s a  typ e o f  wildcar d tha t  wil l  matc h eithe r  case .  Comple x 
object s o r  event s ca n b e code d b y addin g condition s t o th e conditio n sid e o f  th e 
classifier -  eac h classifie r  ha s onl y on e action .  Classifier s operat e o n "messages "  tha t 
ar e simila r  i n forma t  t o th e conditio n an d actio n side s o f  th e classifier .  Message s 
resid e o n a  "messag e list "  tha t  represent s th e curren t  stat e o f  th e worl d fo r  th e model . 
The syste m operate s b y cyclin g throug h th e foUowin g steps :  Proces s th e inpu t  inter -
fac e b y puttin g incomin g message s o n th e messag e list ;  compar e th e conditio n side s 
of  eac h classifie r  t o eac h messag e o n th e messag e lis t  an d recor d al l  matches ;  calcu -
lat e a  bi d fo r  eac h classifie r  tha t  matche d an d selec t  a  se t  o f  "highes t  bidders "  t o pos t 
thei r  message s o n a  ne w messag e list -  th e siz e o f  th e se t  selecte d reflect s th e models ' 
assumption s abou t  workin g memor y limitations ;  proces s th e content s o f  th e ne w mes -
sag e lis t  throug h a n outpu t  interfac e whic h strip s of f  message s tagge d fo r  output ; 
replac e th e ol d messag e lis t  wit h th e ne w one ;  retur n t o ste p one .  Simpl e classifie r  sys -
tem s suc h a s thes e ca n b e combine d b y couplin g inpu t  an d outpu t  interface s t o for m 
more comple x systems .  Th e performanc e o f  th e syste m i s regulate d b y th e biddin g 
system ,  i n whic h a  bi d i s equa l  t o a  constan t  multiplie d b y th e su m o f  th e classifier' s 
strengt h (pas t  effectiveness) ,  specificit y (numbe r  o f  non-"#'s") ,  an d suppor t  (numbe r  o f 
classifier s o n th e previou s time  ste p tha t  supporte d th e curren t  classifier) ,  (se e Hol -
land ,  e t  al. ,  1986) . 
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The computational model described here is essentially a classifier system model with 
certai n assumption s tha t  mak e i t  amenabl e t o modelin g artificia l  grammars .  Subjects ' 
rule s ar e represente d a s condition-actio n pairs ,  i n whic h bot h th e condition s an d th e 
action s ar e fixed  lengt h string s o f  letters ,  numbers ,  "#'s" ,  an d "_" •  Th e exemplar s o f 
th e gramma r  t o b e learne d ar e represente d i n a  simila r  fashio n suc h tha t  th e length s o f 
th e conditio n string ,  th e actio n string ,  an d th e exempla r  strin g ar e al l  equal .  I n orde r 
t o determin e whethe r  a  rul e applies ,  it s  conditio n sid e i s matche d positio n b y positio n 
agains t  th e exempla r  string .  Th e "#'s "  ar e a  sor t  o f  wildcar d characte r  tha t  wil l  matc h 
anything .  I n addition ,  th e "#'s "  ac t  a s variable s i n tha t  the y ca n pas s informatio n 
throug h fro m a  messag e t o a n action .  Conside r  th e followin g example :  i f  th e subjec t 
say s t o choos e string s tha t  begi n wit h "SCT" ,  the n th e correspondin g classifie r  rul e 
woul d be : 

"##SCT########0###OOI02CHOOSE ######". 

The pipe or "I" symbol separates the condition side from the action side of the 
classifier .  Th e five  alternativ e string s ar e place d o n th e messag e lis t  i n a  simila r  for -
mat .  Fo r  example ,  th e abov e rul e woul d matc h a n exempla r  o n th e messag e lis t  suc h 
as:  " O I S C T V P X V V #10###" .  Number s a t  th e beginnin g o f  th e string s ar e tag s 
whic h differentiat e string s comin g fro m th e inpu t  interfac e fro m thos e goin g t o th e out -
put  interface .  I n th e exempla r  string ,  th e "1 "  an d "0 "  i n th e 14t h an d 15t h position s 
indicat e tha t  i t  i s  choic e numbe r  1  fo r  th e give n trial ,  an d tha t  i t  ha s zer o violations . 
Sinc e th e correspondin g position s i n th e conditio n an d actio n sid e o f  th e classifie r  con -
tai n "#'s" ,  th e "1 "  an d "0 "  ar e passe d throug h fro m th e exempla r  t o th e action .  Sinc e 
th e actio n o f  thi s classifie r  i s  tagge d fo r  th e outpu t  interface ,  i t  woul d tel l  th e syste m t o 
choos e lette r  strin g numbe r  1 .  Th e executio n cycl e perform s on e tria l  pe r  cycl e b y 
iteratin g throug h tiie  followin g steps : 

1) Read in the five alternative exemplars from the input interface, and place 
the m o n th e messag e list . 

2)  I f  a t  th e beginnin g o f  a  tria l  block ,  rea d i n th e rule s give n b y th e origina l 
subjec t  fo r  tha t  tria l  block . 

3)  Compar e th e conditio n side s o f  al l  rule s t o eac h messag e o n th e messag e 
lis t  an d recor d al l  matches . 

4)  Selec t  th e se t  o f  w  matche s involvin g classifier s wit h th e highes t  strength s 
and allo w thes e classifier s t o pos t  thei r  message s o n a n interi m messag e list . 
(Th e siz e o f  th e se t  selecte d reflect s th e models '  assumption s abou t  workin g 
memory limitations. ) 

5)  Calculat e a  bi d fo r  eac h classifie r  o n th e interi m lis t  usin g th e parameter s 
of  strength ,  specificity ,  an d support . 

6)  Resolv e conflict s o n th e interi m lis t  o n th e basi s o f  th e bid s fro m ste p 5 , 
and plac e an y remainin g message s o n th e ne w messag e list . 

7)  Proces s th e content s o f  th e ne w messag e lis t  throug h a n outpu t  interfac e 
whic h strip s of f  message s tagge d fo r  output .  I f  feedbac k i s fume d on ,  the n 
correc t  choice s caus e payof f  t o b e rewarde d t o al l  rule s o n th e interi m mes -
sage lis t  supportin g th e sam e choic e mad e b y th e highes t  bidder .  Al l  rule s 
on th e interi m lis t  payou t  a  portio n o f  thei r  strength .  I f  feedbac k i s off ,  rule s 
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neither payoff nor payout. 

8)  Replac e th e ol d messag e lis t  wit h th e ne w one ;  retur n t o ste p one . 

This process continues until all trials have been completed. 

The performance of the system is regulated by the bidding system, in which a bid is 
equa l  t o a  constan t  multiplie d b y th e su m o f  th e classifier' s strengt h (pas t 
effectiveness) ,  specificit y (numbe r  o f  non -  "#'s") ,  an d suppor t  (numbe r  o f  classifier s 
tha t  agre e t o pic k th e sam e choice) . 

Hence, the bid is represented by the following formula: 

B = (b)[(sw)S+(rw)R+(vw)V] 

where b is a constant between 0 and 1; S, R, and V are strength, specificity, and sup-
po n respectively ;  sw ,  rw ,  an d v w ar e weight s associate d wit h eac h parameter .  I n 
classifie r  systems ,  a  rul e mus t  pa y ou t  a n amoun t  proportiona l  t o it s curren t  strengt h 
wheneve r  i t  i s  selecte d t o fire,  an d i t  receive s a  payof f  wheneve r  i t  i s  successful . 
Withi n th e Inductio n framework  b y Hollan d et .  al. ,  i t  i s  thes e tw o parameter s tha t 
implemen t  th e "bucke t  brigad e algorithm" .  Th e algorith m get s it s nam e from  th e fac t 
tha t  i t  implement s a  limite d sprea d o f  activatio n b y passin g strengt h bac k t o rules , 
whic h o n th e previou s tim e step ,  supporte d a  classifie r  i n it s attemp t  t o pos t  it s  mes -
sage .  I n doin g s o th e syste m implicitl y  couple s set s o f  rule s tha t  ten d t o wor k togethe r 
i n s o fa r  a s the y lea d t o a  successfu l  representatio n o f  th e environment . 

In the current model, since the goal was to simulate a yoked subject, we intended for 
th e rule s t o operat e wit h som e autonom y unles s explicitl y  couple d b y th e origina l  sub -
jec t  wh o state d th e rules .  Fo r  example ,  a  subjec t  migh t  sa y "string s tha t  su m wit h 
S CT ar e goo d rules ,  an d string s tha t  en d i n V V ar e goo d rules" .  Wherea s o n anothe r 
occasio n th e sam e subjec t  migh t  deliberatel y coupl e th e rules :  "choos e string s tha f 
begi n wit h S C T an d en d i n VV" .  Th e goa l  wa s t o hav e T H I Y O S strictl y adher e t o th e 
rule s o f  th e origina l  subject .  Fo r  tha t  reason ,  ther e i s onl y on e typ e o f  actio n (i.e .  t o 
choos e on e o f  th e alternatives )  an d al l  o f  th e action s ar e tagge d fo r  th e outpu t  inter -
face .  Th e resul t  i s  tha t  n o direc t  chainin g o f  rule s take s place .  Tunin g th e rule s whe n 
feedbac k i s o n change s onl y th e reladv e strength s o f  th e rules .  N o additiona l  explici t 
or  implici t  (coupled )  rule s ar e create d b y T H I Y O S .  Therefor e th e tune d rule s remai n 
litera l  representation s o f  th e rule s provide d b y th e origina l  subject . 

In order to benefit from the powerful use of support provided by the bucket brigade 
algorithm ,  whil e adherin g t o a  litera l  representation ,  th e curren t  mode l  attempt s t o 
emulat e th e algorith m b y measurin g suppor t  a s th e numbe r  o f  classifier s o n a  give n 
tim e ste p tha t  agree d t o pic k th e sam e choice ,  an d b y givin g feedbac k t o al l  classifier s 
tha t  supporte d eac h othe r  i n makin g a  correc t  selection .  Further ,  a n optima l  perfor -
mance measur e wa s sough t  throug h th e implementatio n o f  a  doubl e biddin g process . 
The parameter s o f  payof f  an d payou t  ten d t o operat e i n a  manne r  tha t  cause s th e 
strengt h o f  rule s wit h averag e cu e validit y t o remai n relativel y constant ,  whil e thos e 
wit h abov e averag e cu e validit y hav e thei r  strengt h increased ,  an d thos e wit h belo w 
averag e cu e validit y hav e thei r  strengt h decreased .  Th e doubl e biddin g process ,  th e 
algorith m assure s tha t  acces s t o th e final  competitio n i s limite d t o th e stronges t  se t  o f 
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applicable rules. Thus overly general rules can not repeatedly enter the final competi-
tio n throug h suppor t  b y stronge r  inor e specifi c  rules .  Step s thre e throug h si x o f  th e 
executio n cycl e describe d abov e implemen t  thi s two-stag e process .  I n th e first  stage , 
al l  matche s ar e recorde d an d ar e considere d fo r  placemen t  o n th e messag e list .  I n 
TH IYOS,  th e competitio n t o mov e o n t o th e nex t  stag e i s base d o n strengt h alone .  I n 
th e secon d stage ,  i f  ther e i s a  conflic t  betwee n message s tha t  hav e bee n presente d t o 
represen t  th e environment ,  the n thos e item s compet e o n th e basi s o f  strength , 
specificity ,  an d support .  I n thi s manne r  th e syste m i s assure d o f  adjustin g th e strengt h 
base d o n pas t  performanc e b y eliminatin g th e possibilit y  tha t  cluster s o f  ba d rule s wil l 
overcom e th e stronge r  rule s throug h mutua l  support .  A t  th e sam e time ,  weake r  rule s 
ar e no t  completel y locke d ou t  o f  th e syste m b y virtu e o f  th e fac t  tha t  no t  al l  o f  th e 
stronges t  rule s wil l  appl y a t  th e sam e time .  Also ,  th e doubl e biddin g proces s 
effectivel y implement s th e system' s assumption s abou t  th e siz e o f  workin g memor y 
(i.e .  th e numbe r  o f  rule s chose n t o ente r  th e secon d stage) ,  an d a t  sam e time ,  imple -
ment s th e system' s assumption s abou t  th e natur e o f  workin g memory .  Tha t  is ,  tha t 
rule s ente r  int o workin g memor y automaticall y base d o n thei r  strength ,  an d onc e there , 
can b e consciousl y manipulate d base d o n thei r  strength ,  specificity ,  an d support . 

Subjec t  1 

Tain d • — •  TbiT M A —A IMr ^  V  — V  IblT M O  — O  OH«ln» )  •  — • 

Subjec t  Z 

Figur e 2 . 
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THE SIMULATION 

The data from two human subjects in the Mathews et. al. (in press) letter string task 
wer e selecte d a t  rando m fo r  th e simulation .  Thei r  verba l  instruction s wer e translate d 
int o classifie r  rule s usin g th e aforementione d representatio n scheme .  Th e simulatio n 
proceede d tria l  b y tria l  i n th e sam e orde r  a s th e origina l  an d yoke d subjects ,  an d th e 
rule s wer e presente d bloc k b y block .  Ther e wer e 60 0 trial s tota l  divide d int o thre e 
weeks o f  20 0 trial s pe r  wee k fo r  eac h o f  th e origina l  an d yoke d subjects .  I n th e 
experiment ,  verba l  instruction s wer e give n b y th e origina l  subject s ever y 1 0 trial s 
yieldin g 6 0 set s o f  rule s tha t  wer e rea d i n t o T H I Y O S fo r  eac h subject .  Subject s 
number  on e an d tw o state d 10 4 an d 14 4 uniqu e rule s respectively .  Rule s tha t  wer e 
repeate d b y th e subject s wer e no t  store d a s additiona l  rules ,  bu t  ha d thei r  strengt h 
increase d b y a  diminishin g amoun t  proportiona l  t o thei r  curren t  strengt h (th e highe r  th e 
strength ,  th e les s th e increase) .  Th e se t  o f  rule s fo r  eac h subjec t  wa s ru n onc e withou t 
feedback ,  onc e wit h feedback ,  an d finally  i n a  "maximu m tuning "  ru n i n whic h th e 
syste m wa s allowe d t o continu e cyclin g fo r  thre e run s throug h th e experimen t  usin g 
th e sam e se t  o f  rule s unti l  th e increas e i n performanc e levele d off . 

RESULTS AND DISCUSSION 

The dependent variable on the string discrimination task is the number of violations in 
eac h se t  o f  choice s i n a  tria l  block .  Eac h multipl e choic e tria l  consiste d o f  five 
choice s includin g on e vali d strin g (n o violations) ,  on e strin g wit h on e violatio n (on e 
lette r  whic h coul d no t  occu r  i n a  particula r  position) ,  on e strin g wit h tw o violations , 
one wit h three ,  an d on e wit h fou r  violations .  Thus ,  chanc e performanc e i s approxi -
matel y 2 0 violation s pe r  tria l  Wock ,  an d bette r  performanc e consist s o f  fewe r  viola -
tions .  Th e mea n performanc e o f  th e tw o origina l  subject s an d thei r  huma n yoke d 
panner s i s plotte d i n th e uppe r  an d lowe r  panel s o f  Figur e 2  acros s th e thre e week s o f 
practice .  Performanc e o f  T H I Y O S withou t  feedback ,  wit h feedback ,  an d afte r  thre e 
run s wit h feedbac k i s als o plotte d o n eac h graph . 

The pattern of results is quite clear. Original subjects always perform better than their 
yoke d partners ,  bu t  bot h subject s perfor m muc h bette r  tha n chance ;  implyin g som e bu t 
not  al l  o f  a n origina l  subject' s knowledg e wa s successfull y transmitte d t o thei r  yoke d 
partner .  T H I Y O S perform s a t  abou t  th e leve l  o f  th e yoke d subjec t  withou t  feedback , 
bette r  wit h feedback ,  an d a t  nearl y th e leve l  o f  th e origina l  subjec t  o n th e thir d ru n 
wit h feedback . 

We conclude from this simulation that the original subjects' knowledge of the gram-
mar  ca n b e adequatel y represente d a s a  se t  o f  condition-actio n rule s whic h compet e fo r 
contro l  o f  respons e selectio n usin g strength ,  specificit y an d suppor t  t o determin e th e 
winners .  W e als o conclud e tha t  a  huma n yoke d subject' s behavio r  i s  reasonabl y wel l 
describe d a s attempt s t o appl y thes e rule s withou t  adequat e knowledg e o f  th e relativ e 
strength s necessar y t o optimall y emplo y th e se t  o f  rules . 

By allowing feedback to adjust the strengths of the rules using the optimization algo-
rithm,  performanc e o f  T H I Y O S cam e ver y clos e t o tha t  o f  th e origina l  subject .  Thi s 
resul t  implie s tha t  th e se t  o f  rule s verbalize d b y th e origina l  subject s wa s probabl y a n 
adequat e descriptio n o f  th e rule s actuall y use d b y tha t  subject .  However ,  subject s d o 
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not adequately verbalize information about the relative strengths of the competing 

rules .  Tha t  is ,  a  larg e par t  o f  th e nonverbalized ,  taci t  knowledg e acquire d abou t  a n 

artificia l  gramma r  appear s t o b e th e optima l  relativ e strength s o f  competin g rule s 

resultin g fro m th e nonconsciou s rule-tunin g implemente d b y th e optimizatio n algo -

rithm . 

REFERENCES 

Dulany, D. E., Carlson, R. A., & Dewey, G. I. (1984). A case of syntactical learning and judgment: 

How consciou s an d ho w abstract ? Journa l  o f  Experimenta l  Psychology :  General ,  113 ,  541-555 . 

Dulany ,  D .  E. ,  Carlson ,  R .  A. ,  &  Dewey ,  G .  1 .  (1985) .  O n consciousnes s i n syntactica l  learnin g an d 

judgment :  A  repl y l o Reber ,  Allen ,  &  Regan .  Journa l  o f  Experimenta l  Psychology :  General , 

114,  25-32 . 

Fried ,  L .  S. ,  &  Holyoak ,  K .  J .  (1984) .  Inductio n o f  categor y distributions :  A  framewor k fo r 

classificatio n learning .  Journa l  o f  Experimenta l  Psychology :  Learning ,  Memory ,  an d Cognition , 

10.  234-257 . 

Holland ,  J .  H. ,  Holyoak ,  K .  J. ,  Nisbett ,  R .  E. ,  &  Thagard ,  P .  R .  (1986) .  Induction :  Processe s o f  infer -

ence ,  learning ,  an d discovery .  Cambridge ,  M A :  Th e MI T Press . 

Mathews ,  R .  C ,  Buss ,  R .  R. ,  Stanley ,  W .  B. .  Blanchard-Fields ,  P. ,  Cho ,  J. ,  an d Druhan ,  B .  (i n press) . 

The rol e o f  implici t  an d explici t  processe s i n learnin g fro m examples :  A  synergisti c effec t  Jour -

nal  o f  Experimenta l  Psychology :  Learning ,  Memory ,  an d Cognition . 

Reber ,  A .  S .  (1976) .  Implici t  learnin g o f  artificia l  languages :  Th e rol e o f  instructiona l  set .  Journa l  o f 

Experimenta l  Psychology :  Human Learnin g an d Memory ,  2 ,  88-94 . 

Reber ,  A .  S .  (i n press) .  Implici t  learnin g an d taci t  knowledge .  Journa l  o f  Experimenta l  Psychology : 

General . 

Reber ,  A .  S. ,  &  Allen ,  R .  (1978) .  Analog y an d abstractio n strategie s i n syntheti c gramma r  learning : 

A functionalis t  interpretation .  Cognition ,  6 .  189-221 . 

ACKNOWLEDGEMENTS 

This research was supported in part by National Science Foundation Grant 

#BNS-850949 3 t o Rober t  C .  Mathews ,  Ra y R .  Buss ,  an d Willia m B .  Stanley , 

and i n par t  b y th e Louisian a Boar d o f  Regent s Gran t  #86-LBR(21) -  021-1 0 

throug h th e Louisian a Qualit y Educatio n Suppor t  Fun d t o Rober t  C .  Mathews . 

We would also like to acknowledge Bemardita Lasquety for her diligence in 

translatin g score s o f  verba l  transcript s int o regula r  expression s tha t  coul d b e 

parse d int o classifiers . 

73 


	cogsci_1989_66-73



