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R u l e I n d u c t i o n a n d In ter ferenc e i n th e A b s e n c e o f  F e e d b a c k : 

A Classifier System Model 

Lewis G. Roussel, Robert C. Mathews, and Barry B. Druhan 

Lx)uisiana State University 

Depanment of Psychology 

ABSTRACT 

This study extends the work of Druhan et al. (1989) and Mathews et al. (1989b) by applying their com-

putationa l  mode l  o f  implici t  learnin g t o th e tas k o f  learnin g artificia l  grammar s (AG )  withou t  feedback . 

The abilit y  o f  tw o inductio n algorithms ,  th e forgettin g algorith m whic h learn s b y inducin g ne w rule s 

from  presente d exemplar s an d th e geneti c algorith m whic h heuristicall y explore s th e spac e o f  possibl e 

rules ,  t o induc e th e gramma r  rule s throug h experienc e wit h exemplar s o f  th e gramma r  i s evaluate d an d 

compare d wit h dat a collecte d from  huma n subject s performin g th e sam e A G task .  Th e computationa l 

model ,  base d o n Hollan d e t  al.' s  (1986 )  inductio n theor y represent s knowledg e abou t  th e gramma r  a s a 

set  o f  partiall y  vali d condition-actio n rule s tha t  compet e fo r  contro l  o f  respons e selection .  Th e induc -

tio n algorithm s induc e ne w rule s tha t  ente r  int o competitio n wit h existin g rules .  Th e strength s o f  rule s 

ar e modifie d b y internall y generate d feedback .  Strengt h accrue s t o thos e rule s tha t  bes t  represen t  th e 

structur e presen t  i n th e presente d exemplars .  W e hypothesize d tha t  th e forgettin g algorith m woul d suc -
cessfull y lear n t o discriminat e vali d &t) m invali d exemplar s whe n th e se t  o f  exemplar s wa s hig h i n fam -

il y resemblance .  W e als o propose d tha t  th e geneti c algorith m woul d perfor m bette r  tha n chaiK e bu t  no t 

as wel l  a s th e forgettin g algorithm .  Result s supporte d thos e hypotheses .  Interestingly ,  th e Mathew s e t 

al .  (1989a )  subject s performe d n o bette r  tha n chanc e o n th e sam e A G learnin g task .  W e conclude d tha t 

thi s discrepanc y betwee n th e simulatio n result s an d th e huma n dat a i s cause d b y interferenc e fro m 

unconstraine d hypothese s generatio n o f  ou r  huma n subjects .  Suppor t  fo r  thi s conclusio n i s two-fold : 

(1 )  subject s ar e abl e t o lear n th e A G whe n th e tas k i s designe d s o tha t  hypothesi s geno t̂io n i s inhi -

bited ,  an d (2 )  informa l  inspectio n o f  verba l  protocol s bo m huma n subject s indicate s the y ar e generatin g 

and maintainin g hypothese s o f  littl e o r  n o validity . 

INTRODUCTION 

Some models have been proposed to account for learning in situations where external 
feedbac k i s eithe r  missin g o r  unreliabl e (eg. .  Frie d &  Holyoak ,  1984 ;  Billma n &  Heit , 

1988) .  Generally ,  thes e model s wor k b y detectin g environmenta l  regularit y i n th e for m 

of  eithe r  frequenc y cue s o r  featur e covariation .  Model s o f  implici t  learning ,  whic h 

als o operat e b y detectin g an d encodin g structura l  feature s i n th e input ,  woul d see m t o 

be perfectl y capabl e o f  learnin g i n suc h a n environment .  A  mode l  ( T H F Y O S )  base d o n 

a classifie r  syste m ha s bee n foun d usefu l  fo r  modelin g implici t  learnin g o f  artificia l 

grammar s whe n externa l  feedbac k i s presen t  (Mathews ,  Druhan ,  &  Roussel ,  1989) .  W e 
ar e encourage d b y thi s resul t  becaus e th e inductio n mode l  o f  Holland ,  Holyoak ,  Nis -

bett ,  an d Thagar d (1986 )  fro m whic h T H I Y O S i s derive d i s claime d t o b e relevan t  t o a 

wid e rang e o f  tas k domains ,  fi-om  conditionin g t o stereotyping .  Thi s pape r  wil l  presen t 

evidenc e tha t  T H r V O S ca n lear n i n th e absenc e o f  ex tem d feedback . 

Recently Mathews et al. (1989b) applied three different induction algorithms to learn-

in g artificia l  grammar s ( A G )  wit h T H I Y O S .  Th e A G tas k consiste d o f  a  serie s o f  tri -

al s i n whic h T H I Y O S attempte d t o selec t  th e vali d strin g fi-om a  lis t  o f  five  alterna -

tive s an d wa s give n feedbac k abou t  th e correc t  choic e afte r  eac h trial .  O n eac h tria l 

fou r  o f  th e string s containe d fro m on e t o fou r  violation s (incorrec t  letters) .  Th e simu -

latio n dat a suggeste d tha t  th e effectivenes s o f  th e algorith m depend s o n h o w dat a 
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drive n th e tas k is .  On e o f  th e algorithms ,  terme d "forgetting" ,  wa s show n t o b e supe -
rior  fo r  learnin g a n A G i n thi s multipl e choic e tas k becaus e i t  bes t  exploit s clue s t o th e 
underlyin g rul e structur e provide d b y ne w exemplar s acros s trials . 

Although the Mathews et al. (1989b) data were collected under conditions of continues 
feedbac k abou t  correctnes s o f  choices ,  w e hypothesize d tha t  th e forgettin g algorith m 
woul d operat e wel l  i n suc h a  dat a drive n tas k eve n withou t  feedback .  Give n tha t  al l  o f 
th e choice s contai n grammatica l  feature s (e.g. ,  vali d bigram s o r  trigrams) ,  eve n whe n 
wron g choice s ar e selecte d vali d rule s coul d b e generate d b y th e forgettin g algorithm . 
Further ,  vali d rule s shoul d wi n ou t  acros s trial s ove r  les s vali d rule s becaus e vali d 
feature s wil l  appl y mor e ofte n i n th e entir e populatio n o f  choices .  T o tes t  thi s 
hypothesis ,  T H I Y O S wa s modifie d t o operat e withou t  feedbac k an d the n applie d t o th e 
tas k o f  learnin g th e sam e tw o artificia l  grammar s studie d previousl y b y Mathew s e t  al . 
(1989b) .  Afte r  a  brie f  descriptio n o f  th e learnin g tas k an d T H I Y O S ,  di e experimen t 
and result s wil l  b e discusse d alon g wit h som e comparison s o f  simulatio n dat a wit h 
dat a collecte d fro m huma n subject s wh o als o trie d t o lear n th e grammar s withou t  feed -
back . 

THE LEARNING TASK 

On each trial a set of five letter-strings were presented. The strings on each trial con-
siste d o f  on e completel y vali d string ,  on e strin g wit h on e lette r  tha t  coul d no t  occu r  i n 
a particula r  position ,  on e strin g wit h tw o wron g letters ,  on e wit h three ,  an d on e wit h 
fou r  invali d letters .  Th e objec t  wa s t o selec t  whic h o f  th e five  choice s wa s th e correc t 
string .  N o feedbac k abou t  th e correcmes s o f  th e choic e wa s given .  Thi s procedur e 
continue d fo r  20 0 trial s an d wa s repeate d thre e time s wit h thre e set s o f  stimulu s items . 
Dat a fro m huma n subject s learnin g th e gramma r  unde r  identica l  condition s wer e col -
lecte d i n a  previou s smd y (Mathews ,  Buss ,  Stanley ,  Blanchard-Fields ,  Cho ,  an d 
Druhan ,  1989) .  Subject s i n tha t  stud y participate d i n thre e session s distribute d ove r  a 
thre e wee k period .  Eac h sessio n consiste d o f  20 0 trials .  Th e stimulu s item s use d i n 
th e simulation s wer e identica l  t o thos e i n th e Mathews ,  e t  al .  study .  Th e initia l  bloc k 
of  te n trial s eac h wee k containe d al l  ne w item s an d the n eac h successiv e bloc k o f  trial s 
containe d five  ol d item s repeate d fro m previou s trial s tha t  wee k an d five  ne w items . 
I n session s 2  an d 3 ,  mos t  item s (ol d o r  new )  occurre d i n previou s sessions . 

Both grammars used in the Mathews, et al. (1989a) study were used in this study. The 
finite  stat e gramma r  i s illustrate d i n figure  la .  A  vali d strin g i s an y sequenc e o f  letter s 
generate d b y followin g a  patter n o f  arrow s firom  lef t  t o right.  String s generate d b y thi s 
grammar  ten d t o shar e man y features ,  tha t  i s  the y hav e a  hig h leve l  o f  famil y resem-
blanc e amon g exemplars .  Th e biconditiona l  gramma r  i s illustrate d i n figure  lb .  I t 
contain s thre e lette r  associatio n rule s tha t  determin e wha t  pair s o f  letter s mus t  occu r  i n 
correspondin g position s i n th e first  an d secon d halve s o f  th e string .  A s illustrate d i n 
figure  lb ,  th e thre e associatio n rule s ar e S  goe s wit h V ,  C  goe s wit h P ,  an d T  goe s 
wit h X .  Th e firs t  fou r  letter s i n a  vali d strin g ca n b e an y combinatio n o f  th e si x 
letters ,  bu t  onc e the y ar e selected ,  the y completel y determin e wha t  th e secon d se t  o f 
fou r  letter s mus t  b e (se e figure  lb) .  Exemplar s o f  th e biconditiona l  gramma r  d o no t 
shar e an y commo n sequence s o f  initia l  o r  final  lette r  pattern s and ,  therefore ,  the y hav e 
a lowe r  leve l  o f  famil y resemblanc e amon g exemplars . 

THE MODEL 

The computational model described here is essentially a classifier system model with 
certai n modification s tha t  mak e i t  amenabl e t o modelin g artificia l  grammar s i n genera l 
and th e particula r  tas k specificall y (se e Hollan d e t  al. ,  1986) .  Classifie r  system s ar e a 
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CPCXPCPT 
CTPC.PXCP 
C\'= \  PTCS 
?—-  CXXX 
.-TT̂ CCXT P 
PVPXCSCT 
SV5TVSVX 
TCTPXPXC 
T?STXCVX 

Figur e l a an d lb . 

typ e o f  productio n syste m mode l  wit h som e specifi c  processin g assumptions .  First ,  th e 
productions ,  condition-actio n pairs ,  ar e compose d o f  string s o f  equa l  length .  Eac h 
condition-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 objec t  o r  even t  bein g describe d b y th e classifier . 

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 . 

Rules are represented as condition-action pairs, in which both the conditions and the 

action s ar e fixed  lengt h string s o f  letters ,  numbers ,  "#"s ,  an d "_"s .  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 string ,  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 

message t o a n action .  Conside r  th e followin g example :  th e rul e "i f  th e strin g begin s 

wit h S C T the n choos e it "  woul d b e represente d i n T H I Y O S as : 

"##SCT########0###0 0 

conditio n 

02CHOOSE_ 

actio n 

######" . 

The five  alternativ e string s ar e place d o n th e messag e lis t  i n a  simila r  format .  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 : 

"OISCTVPXVV #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 from  th e inpu t  interfac e from  thos e goin g t o th e outpu t 
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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 indi -

cat 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  contai 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 th e 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 )  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 . 

3)  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 . 

4 )  Selec t  th e w  highes t  bidder s an d allo w thes e classifier s t o pos t  thei r  mes -

sage s o n a n interi m messag e list .  (Th e siz e o f  th e se t  (w )  reflect s th e 

model' s assumption s abou t  workin g m e m o r y hmitations. ) 

5)  Recalculat e th e bid s fo r  al l  classifier s o n th e interi m lis t  an d pos t  thei r 

message s o n a  ne w messag e list .  Thi s rebiddin g i s necessar y becaus e som e 

classifier s los e th e suppor t  o f  classifier s tha t  faile d t o mak e i t  t o th e interi m 

Ust . 

6)  Al l  rule s o n th e n e w messag e lis t  loos e a  portio n o f  thei r  strengt h a s pay -

out  fo r  th e privileg e o f  postin g thei r  messages . 

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  outpu t  Th e highes t  bidde r  an d al l 

rule s whos e message s agre e wit h th e highes t  bidde r  ar e rewarde d b y incre -

mentin g thei r  strength . 

8)  Dependin g o n whic h learnin g algorith m i s bein g applied ,  a  n e w rule(s )  i s 

create d b y tha t  algorith m an d adde d t o th e system . 

9 )  Replac e th e ol d messag e lis t  wit h th e ne w one . 

10 )  Reduc e th e strengt h o f  al l  rule s i n th e system .  Thi s ste p simulate s th e 

forgettin g o f  rule s whic h seldo m o r  neve r  compet e an d apply . 

11 )  Retur n t o ste p 1 . 

This process continues until all trials have been completed. 

Within the Induction framework of Holland, et al. (1986) an algorithm termed the 

"bucke t  brigade "  i s use d t o allocat e activatio n o r  strengt h t o goo d rule s i n th e syste m 

acros s differen t  tim e step s base d o n strength ,  specificity ,  an d support .  A  simila r 

mechanis m i s use d her e wit h som e necessar y modifications .  I n th e curren t  mode l  eac h 

tria l  i s  processe d i n discret e fashion .  N o chainin g betwee n rule s take s plac e (e.g. ,  se e 

Hollan d e t  al. ,  1986) .  Therefor e th e calculatio n o f  suppor t  wa s modifiw i  t o represen t 

th e leve l  o f  agreemen t  a m o n g mle s o n a  singl e time-ste p rathe r  tha n th e relevanc e o f  a 

rul e t o th e contex t  o f  th e previou s time-ste p (se e D m h a n &  Mathews ,  1989 ,  fo r  a  mor e 

detaile d discussion) .  Strengt h i s a  numerical  measur e o f  th e leve l  o f  succes s a  rul e ha s 

ha d i n representin g th e environmen t  Specificit y i s a  measur e o f  h o w complet e tha t 

representatio n i s (Hollan d e t  al. ,  1986) .  Th e learnin g algorithm s 

We examined two algorithms for creating rules. The first, the genetic algorithm, is 

inspire d fro m genetic s an d involve s mutatio n an d crossove r  o f  differen t  part s o f  exist -

in g rules .  Th e second ,  th e forgettin g algorithm ,  make s ne w rule s fro m presente d 
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exemplar s b y retainin g a  subse t  o f  feature s o f  tha t  ite m an d creatin g a  n e w rul e tha t 

say s t o selec t  string s wit h thos e features . 

The genetic algorithm. The genetic algorithm uses two methods or "operators" for 

alterin g existin g rule s t o mak e ne w rules .  Th e first,  crossover ,  split s pair s o f  rule s int o 

tw o part s an d recombine s th e pan s t o mak e ne w rules .  Candidate s fo r  crossove r  ar e 

selecte d fro m thos e rule s postin g message s o n th e curren t  trial .  Thes e candidate s ar e 

copies ,  ranke d b y strengt h an d paire d of f  s o tha t  th e stronges t  tw o g o together ,  an d di e 

nex t  stronge s pair ,  etc. .  The n a  rando m spli t  poin t  i s  selecte d i n eac h pai r  o f  classifier s 

and th e copie s ar e spli t  an d recombine d b y exchangin g diei r  initia l  an d final  portions . 

Thu s tw o ne w rule s ar e create d fix>m  eac h pai r  o f  rule s an d th e origina l  o r  paren t  rule s 

ar e lef t  intac t  i n th e se t  o f  rules . 

The second genetic operator, mutation, creates a copy of a randomly selected ori^nal 

rul e an d randoml y change s on e character ,  makin g a  ne w rule .  Th e mutatio n rat e i s se t 

ver y lo w i n thi s simulation ;  eac h existin g rul e i n th e rul e se t  mutate s wit h a  probabil -

it y  o f  0.001 .  Th e purpos e o f  mutatio n i s t o kee p som e "ne w blood "  i n th e rul e system . 

Withou t  mutation ,  crossove r  migh t  ten d t o inbreie d certai n type s o f  rule s an d 

effectivel y loc k ou t  discover y o f  radica l  differen t  rules . 

The genetic algorithm is best characterized as top-down or conceptually driven. Its 

searc h throug h th e spac e o f  possibl e rule s i s guide d mainl y b y th e knowledg e con -

taine d i n it s existin g rul e se t  Inpu t  serve s onl y t o qualif y th e goodnes s o f  tiiat 

knowledg e b y strengthenin g thos e rule s create d b y di e algorith m tha t  hav e poste d thei r 

messages .  Therefor e w e hypothesize d that ,  i n th e absenc e o f  externa l  feedback ,  th e 

geneti c algorith m woul d eventuall y succee d i n inducin g a  representatio n o f  th e gram -

mar  bu t  woul d procee d slowly . 

The forgetting algorithm. The forgetting algorithm extracts features from the choice 

selecte d b y th e simulatio n o n th e curren t  tria l  an d make s i t  a  ne w rule .  I n thi s algo -

rithm  feature s o f  th e choic e ar e include d i n th e ne w rul e probabilistically .  A  seria l 
positio n curv e i s use d t o se t  th e probabilitie s o f  incorporatin g feature s int o th e n e w 

rule . 

One interesting aspect of the forgetting algorithm concerns the tradeoff between 

rememberin g to o m u c h versu s to o litti e o f  a n exemplar .  I f  al l  th e feature s o f  th e 

exempla r  wer e incorporate d int o th e n e w rul e i t  coul d onl y b e applie d t o tha t  on e 

exemplar .  O n th e othe r  han d rememberin g to o litti e abou t  a  pas t  exempla r  an d creatin g 

a ne w rul e base d o n onl y on e featur e o f  th e exempla r  woul d ten d t o produc e rule s tha t 

hav e litti e o r  n o validity .  Thus ,  i t  i s  bette r  t o forge t  par t  o f  th e exemplar s on e see s i n 
creatin g ne w rules--henc e th e n a m e forgettin g algorithm . 

The forgetting algorithm is data driven in that it induces rules based solely on the 

input .  Becaus e al l  item s t o choos e fro m ar e eithe r  vali d o r  distortion s o f  vali d items , 

al l  shar e feature s i n c o m m o n wit h vali d string s acros s trial s and ,  consequently ,  what -

eve r  structur e tiiat  exist s i n th e inpu t  wil l  b e capture d i n th e se t  o f  induce d rules .  Thi s 

suggest s tha t  "forgetting "  shoul d perfor m wel l  i n th e presen t  tas k eve n thoug h externa l 

feedbac k i s absent . 

THE SIMULATION 

The two algorithms were applied to the two grammars, finite state and biconditional. 

The geneti c algorith m need s rule s t o "mate "  an d produc e "offspring "  s o a  se t  o f  initia l 

rule s wa s constructe d an d entere d int o T H I Y O S a t  th e star t  o f  eac h run .  Thi s initia l  se t 
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of  rule s represent s th e basi c knowledg e tha t  an y subjec t  woul d brin g t o th e task .  Thi s 

knowledg e consist s o f  th e se t  o f  al l  possibl e rule s fo r  strin g selectio n base d o n singl e 

letter s i n a  specifi c  positio n (e.g. ,  "choos e string s dia t  hav e a n "S "  i n positio n 3") . 

Runs o f  th e forgettin g algorith m wer e initiate d wit h th e sam e se t  o f  initia l  rules . 

RESULTS 

The dependent variable is the number of errors (incorrect strings) selected in trials 11 

throug h 2(X )  o f  eac h sessio n (trial s 1  throug h 1 0 wer e no t  include d i n th e analyse s 

becaus e th e distributio n o f  ol d versu s n e w item s i n thos e trial s differe d from  al l  othe r 

trials) .  Sinc e eac h tria l  consiste d o f  five  choices ,  ther e i s a  0.8 0 probabilit y  o f  com -

mittin g a n erro r  b y chance .  Therefore ,  chanc e performanc e i s 15 2 error s pe r  session . 

The mean performance for each condition is plotted in figure 2. In an analysis of vari-

anc e ( A N O V A )  o f  th e erro r  dat a th e overal l  grou p (algorithm )  effec t  wa s significan t 

fo r  bot h grammar s wit h F(1.18)=56.26 ,  p<0.000 1 an d F(1.18)=11.23 ,  p<0.003 6 fo r  di e 

finite  stat e gramma r  an d th e biconditiona l  respectively .  Fo r  th e finite  stat e gramma r  th e 

forgettin g algorith m performe d bette r  tha n genetic .  Bot h wer e significand y bette r  tha n 

chanc e b y sessio n three .  Fo r  th e biconditiona l  grammar ,  th e sam e pattern ,  forgettin g 

bette r  tiian  genetic ,  wa s obtained .  Again ,  bot h wer e significand y bette r  tha n chanc e b y 
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Dat a fro m Mathews ,  e t  al .  (1989a ,  experimen t  1 )  wer e include d i n a  secon d analysi s t o 

determin e h o w wel l  th e simulatio n fit  th e huma n data .  Subject s ha d bee n traine d wit h 
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th e sam e stimulu s item s use d i n th e simulation .  Thes e subject s ha d performe d th e 

same multipl e choic e tas k unde r  no-fccdbac k conditions .  Th e huma n subject s per -

forme d a t  chanc e fo r  al l  thre e session s an d fo r  bot h grammar s (se e figure  2) . 

DISCUSSION 

Two general conclusions can be drawn. First, THIYOS combined with either of the 

tw o learnin g algorithm s studie d wa s abl e t o perfor m bette r  tha n chanc e i n th e gramma r 

learnin g tas k eve n thoug h th e simulatio n receive d n o feedback .  Thi s support s ou r 

hypothesi s tha t  th e forgettin g algorith m shoul d b e abl e t o operat e i n th e absenc e o f 

feedback .  Th e geneti c algorith m wa s als o successfu l  bu t  alway s performe d les s wel l 

tha n forgetting . 

The second conclusion to be drawn concerns the performance of our human subjects: 

the y wer e unabl e t o lea m abou t  thes e artificia l  grammar s whe n feedbac k wa s absent . 

Thi s i s a  puzzl e abou t  whic h on e ca n intelligentl y speculat e i n th e ligh t  o f  th e result s 

fro m othe r  artificia l  gramma r  ( A G )  learnin g experiments . 

A tentative explanation for this discrepancy between the simulation results and data 

fro m huma n subject s woul d b e tha t  th e performanc e o f  huma n subject s i s hampere d 

becaus e thei r  explicit ,  consciou s strategie s interfer e wit h implici t  learning .  Tha t 

interferenc e i s responsibl e fo r  th e poo r  performanc e o f  th e subjects ,  i s  supporte d b y 

severa l  studies .  Rebe r  an d hi s colleague s (e.g. ,  Reber ,  1976 ;  Reber ,  Kassin ,  Cantor ,  & 

Lewis ,  1980 )  demonstrate d tha t  subject s performe d poorl y i n a n A G learnin g tas k 

when give n instruction s t o searc h fo r  rules .  H e attribute d thi s interferenc e t o explici t 

processin g mechanisms .  I n th e Rebe r  e t  al .  (1980 )  study ,  presentin g th e stimul i  i n a 

structure d displa y tha t  revealed  th e famil y resemblance  o f  th e item s resulte d i n bette r 

performanc e wit h explici t  processin g wherea s presentin g th e item s i n a  rando m fashio n 

(unstructure d condition )  resulted  i n bette r  performanc e wit h implici t  processing .  Th e 

presen t  multipl e choic e tas k i s simila r  t o th e unstructure d conditio n becaus e th e five 

choice s o n a  particula r  tria l  ar e selecte d randoml y an d shar e littl e famil y resemblance . 

Therefor e i t  i s  reasonabl e t o expec t  tha t  explici t  processe s coul d interfer e wit h learnin g 

i n th e presen t  task . 

On going work in our laboratory using a different paradigm for studying implicit learn-

in g indicate s tha t  subject s ca n acquir e knowledg e abou t  th e Mathew s e t  al .  finite  stat e 

grammar  withou t  feedbac k durin g training .  Th e paradig m i s base d o n th e Heb b effect . 

Subject s wer e presente d lette r  strings ,  on e pe r  trial ,  an d aske d t o hol d eac h i n m e m o r y 

whil e performin g a  distracto r  task .  Afte r  th e distracto r  tas k the y attempte d t o recal l  a s 

many letter s o f  th e strin g a s possible .  Th e subject s wer e no t  tol d tha t  ever y thir d strin g 
was a  vali d strin g whil e al l  other s wer e rando m strings .  N o feedbac k wa s given . 

Result s indicat e dia t  subject s improve d i n recal l  o f  vali d string s relative  t o recal l  o f 

rando m string s acros s trial s (showin g a  Heb b effec t  o n vali d strings )  an d the y subse -

quentl y performe d abov e chanc e o n a  strin g discriminatio n task .  Thu s human s ca n 

lea m th e finite  stat e gramma r  withou t  feedbac k whe n the y ar e no t  explicitl y  formin g 

hypothese s durin g learning . 

Finally, when feedback is absent, there is little to guide the hypothesis generating 

processe s towar d solution .  Mor e importandy ,  withou t  feedback ,  th e hypothesi s gen -

eratin g mechanis m i s virtuall y unrestrained .  Completel y wron g hypothese s ca n b e 

generate d an d strengthene d acros s trials .  Verba l  protocol s o f  ou r  huma n subject s take n 

afte r  th e experimen t  suppor t  dii s  conclusion .  Typically ,  subject s generate d invali d 

rule s suc h a s "pic k string s tha t  loo k lik e words "  o r  pic k string s tha t  hav e letter s lowe r 

i n th e alphabet" .  W e ar e currentl y testin g th e notio n tha t  suc h invali d rule s ca n bloc k 
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th e implici t  learnin g mechanis m b y iniroductin g on e o r  mor e o f  thei r  ba d rule s i n a 

T H I Y O S simulation .  W e predic t  tha t  thei r  rule s m a y gai n strengt h an d preven t  th e 

generatio n o f  vali d rules . 

If such simple mechanisms as the forgetting algorithm are capable of exploiting struc-

ture d stimulu s domain s withou t  erro r  correctin g feedback ,  w e shoul d expec t  tha t  livin g 

system s woul d hav e evolve d simila r  capacities .  Th e fac t  tha t  th e proces s wa s com -

pletel y stoppe d b y unrestraine d hypothesi s testin g i n ou r  huma n subject s i s quit e 

interestin g an d i t  add s furthe r  impetu s t o th e postulatio n o f  tw o distinc t  learnin g 

mechanisms . 
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