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U C,  Sa n Dieg o 
LaJoUa ,  C A 92093-051 5 
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H a l i n e S c h e n d a n 
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U C,  Sa n Dieg o 
U J o U a.  C A 9209 3 
hschenda@igfad l  .ucsd.ed u 

Abs t rac t 

A connectionist model is presented that used a hebbian 
learnin g rul e t o acquir e knowledg e abou t  a n artiflcia l 
grammar  (AG) .  Th e validit y o f  th e mode l  wa s evaluate d 
by th e simulatio n o f  tw o classi c experiment s fro m th e 
A G learnin g literature .  Th e first  experimen t  showe d tha t 
human subject s wer e significantl y bette r  a t  learnin g t o 
recal l  a  se t  o f  string s generate d b y a n A G ,  tha n b y a 
random ,  process .  Th e mode l  show s th e sam e patter n o f 
performance .  Th e secon d experimen t  showe d tha t  huma n 
subject s wer e abl e t o generaliz e th e knowledg e the y 
acquire d durin g A G learnin g t o nove l  string s generate d b y 
th e sam e grammar .  Th e mode l  i s  als o capabl e o f 
generalization ,  an d th e percentag e o f  error s mad e b y 
human subject s an d b y th e mode l  ar e qualitativel y an d 
quantitativel y ver y similar . 

Overall ,  th e mode l  suggest s tha t  hebbia n learnin g i s a 
viabl e candidat e fo r  th e mechanis m b y whic h huma n 
subject s becom e sensitiv e t o th e regularitie s presen t  i n 
AG's .  F ro m th e perspectiv e o f  computationa l 
neuroscience ,  th e implication s o f  th e mode l  fo r  implici t 
learnin g theor y .  a s wel l  a s wha t  th e mode l  ma y sugges t 
abou t  th e relationshi p betwee n implici t  an d explici t 
memory,  ar e discussed . 

I n t r oduc t i o n 

An artificial grammar (AG) is produced according to a 
"Markovia n proces s i n whic h a  transitio n fro m a  stat e S i 

t o an y stat e S j  produce s a  letter "  (Reber ,  1967) . 

Experimenta l  psycholog y ha s extensivel y studie d th e 
learnin g o f  AG' s (Reber .  1989) .  Th e dat a revea l  severa l 
things .  I )  Subject s ca n lear n an d us e th e grammatica l 
structur e o f  th e string s t o facilitat e th e learnin g itself . 
Thi s ha s bee n show n b y comparin g th e learnin g tim e fo r 
grammatica l  an d rando m lette r  strings .  II )  Subject s ca n 
generaliz e th e knowledg e the y hav e acquire d t o nove l 
strings .  Thi s wa s foun d b y usin g a  discriminatio n tas k i n 
whic h previousl y unsee n string s wer e classifie d a s 
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grammatica l  o r  non-grammatical .  Ill )  Dependin g upo n 
th e insU^uctions ,  subject s hav e differin g degree s o f 
awarenes s o f  th e natur e o f  th e gramma r  an d o f  th e 
underlyin g rules .  Nevertheless ,  bot h th e processe s 
involve d i n A G learnin g an d th e resultan t  knowledg e 
structur e remai n largel y unknown .  Th e purpos e o f  ou r 
model  wa s t o she d ligh t  upo n bot h o f  thes e aspect s o f  A G 
learning . 

Ther e ar e severa l  way s i n whic h A G knowledg e ma y b e 
represented .  I )  Subject s coul d represen t  th e A G b y 
explici t  rule s tha t  correspon d t o th e Markovia n process . 
II )  Subject s ma y discove r  th e correlatio n betwee n 
symbols ,  combination s o f  symbols ,  an d thei r  strin g 
positions ,  a s wel l  a s th e frequenc y o f  occurrenc e o f  suc h 
correlations .  Ill )  Accordin g t o th e "distributiv e position " 
(Voke y an d Brooks ,  1991) ,  th e knowledg e tha t  subject s 
acquir e i s compose d o f  a  se t  o f  specifi c  instances .  Thes e 
instance s ca n b e use d t o categoriz e ne w stimul i  b y mean s 
of  a  similarit y evaluatio n process .  IV )  I n contras t  t o in , 
th e "abstractiv e position "  conclude s tha t  subject s lear n 
by mean s o f  a  nonconsciou s abstractio n syste m withou t 
retention  o f  specifi c  instance s (Reber ,  1989) .  Accordin g 
t o thi s position ,  bot h learnin g an d knowledg e ar e 
implicit . 

Whil e ther e i s evidenc e fo r  al l  o f  thes e positions ,  thi s 
may no t  b e problemati c becaus e ther e ma y b e multipl e 
learnin g mechanism s whic h thu s resul t  i n multipl e form s 
of  knowledg e representation .  Additionally ,  thes e 
position s ma y no t  necessaril y b e mutuall y exclusive . 
For  example ,  th e distributiv e positio n bear s som e 
resemblanc e t o exempla r  model s o f  perceptua l 
categorizatio n an d an d th e abstractiv e positio n resemble s 
prototyp e model s (Posne r  an d Keele ,  1968) .  Paralle l 
distribute d processin g (PDP )  model s hav e bee n propose d 
whic h resul t  i n representation s tha t  encompas s bot h 
exemplar s an d prototype s (Rumelhar t  an d McClelland , 
1986) .  P D P model s ar e a n attemp t  t o us e wha t  i s know n 
abou t  th e brai n t o constrai n psychologica l  explanation . 
Wit h regar d t o th e kin d o f  sequenc e learnin g tha t  ma y b e 
involve d i n A G learning ,  Cleereman s an d McClellan d 
(1991 )  use d a  simpl e recurren t  P D P mode l  t o explai n ho w 
human subject s coul d encod e th e tempora l  contex t  o f 
comple x sequentia l  material .  The y sugges t  tha t  "sequenc e 
learnin g ma y b e base d solel y o n associativ e learnin g 
processes. "  Th e mode l  presente d her e suggest s tha t 
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associativ e learning ,  a s m a y b e involve d i n A G learning , 
may tak e plac e accordin g t o a  hebbia n mechanism . 

Thoug h no t  a  P D P model ,  th e competitiv e chunkin g 
model  o f  Servan -  Schreibe r  an d Anderso n (1990) ,  on e o f 
th e fe w computationa l  model s o f  A G learning ,  i s als o o f 
interes t  becaus e i t  i s  base d o n th e notio n o f  hierarchica l 
chunking .  Chunk s withi n a  leve l  compet e wit h eac h 
other ,  whil e thos e betwee n level s d o not .  Th e mai n 
shortcomin g o f  th e model ,  however ,  i s  tha t  i t  suggest s 
littl e abou t  neurona l  mechanisms ,  failin g t o explai n h o w 
th e mind/brai n syste m ca n accomplis h A G learnin g b y 
chunking . 

One wa y i n whic h chunk s m a y b e forme d i s throug h a 
proces s tha t  cause s multipl e representation s t o b e 
connecte d together .  Th e mechanis m propose d b y ou r 
model  i s tha t  o f  hebbia n modificatio n o f  synapti c weight s 
betwee n neuron s i n a  network .  Th e Heb b rul e i s  a 
neurobiologicall y plausibl e mechanis m o f  learnin g (fo r 
review ,  cf .  Brow n etal ,  1990) .  I t  state s tha t  whe n cel l 
A excite s cel l  B  "som e growt h o r  metabolic "  chang e wil l 
tak e plac e i n bot h cell s suc h tha t  ther e i s a n increas e i n 
th e abilit y  o f  cel l  A  t o fir e cel l  B :  (Hebb ,  1949) .  Th e 
mai n point s o f  hebbia n plasticit y ar c tha t  (1 )  i t  i s 
activit y betwee n tw o neuron s whic h determine s plasticity , 
(2 )  th e leve l  o f  activit y i n cel l  B  mus t  b e hig h enoug h t o 
generat e actio n potentials ,  an d (3 )  th e chang e i n efficac y 
i s specifi c t o th e connectio n betwee n cel l  A  an d B .  I n 
othe r  words ,  correlate d firin g i n tw o neuron s enable s a n 
increas e i n efficac y o f  th e connectio n betwee n them . 

One o f  th e hallmark s o f  hebbia n plasticit y i s tha t  i t  i s a 
mechanis m whereb y correlation s i n th e environmen t  ar e 
th e parameter s whic h determin e learnin g an d memory . 
Correlation s betwee n environmenta l  stimul i  ar e a 
ubiquitou s characteristi c o f  bot h th e structur e o f  th e worl d 
and th e tempora l  sequencin g o f  events .  Th e P D P mode l 
presente d i n thi s pape r  incorporate s th e Heb b rul e sinc e 
i t  i s  th e appropriat e computationa l  functio n fo r  pickin g 
up th e correlation s presen t  i n A G strings .  I n thi s paper , 
we focu s upo n th e computation s an d product s o f  neurona l 
plasticit y whic h enabl e a  rapprochemen t  betwee n th e 
variou s dieorie s o f  A G learning .  Th e mode l  i s teste d o n 
th e semina l  learnin g experiment s conducte d b y Rebe r 
(1967) .  Additionally ,  ou r  mode l  m a y hav e genera l 
implication s fo r  ho w th e brai n acquire s an d structure s it s 
knowledg e o f  th e world . 

The mode l 

The model is a feedforward net composed of three layers, 
as show n i n Figur e 1 .  T h e inpu t  laye r  i s  a  6 X 8 tw o 
dimensiona l  arra y i n whic h th e row s correspon d t o th e se t 
of  symbol s tha t  m a y appea r  i n a  strin g plu s a  blan k 
symbol ,  an d th e column s correspon d t o th e positio n o f 
th e symbo l  withi n eac h string .  Eac h uni t  project s 
forwar d ont o severa l  unit s i n th e nex t  layer .  Th e 
dimension s o f  layer s 2  an d 3  ar e 10X8 .  Eac h uni t  i n 
layer s 2  an d 3  receive s projection s fro m al l  unit s i n th e 
previou s laye r  correspondin g t o it s  positio n an d t o 
position s immediatel y adjacen t  t o it . 

(Dttectora ) 
laye r  3 

(Detectors ) 
laye r  2 

lan k 
(Symbols ) 
laye r  1 

Positio n 

2 2 4 0 3 1 1 0 Strin g 

Figur e 1 .  Architectur e o f  th e network .  Onl y a  fe w 
connection s ar e depicte d fo r  simplicity .  Th e fiUe d 
ellipse s represen t  th e unit s i n th e inpu t  laye r  tha t  ar e 
activate d b y th e strin g -bottom . 

The training process can be divided into stages. First, 
a strin g wa s presente d an d th e activatio n o f  eac h uni t  wa s 
compute d i n a  feedforwar d fashio n b y takin g a  weighte d 
su m o f  th e incomin g inputs .  Th e formul a use d was : 

(1) Outpuii = B Zj wjj Inputj, where 6 is a 
scalin g factor . 

In order to prevent the activations from becoming too 
high ,  the y wer e clippe d a t  to p an d bottom .  Then ,  fo r 
eac h position ,  th e mos t  activ e uni t  wa s selecte d an d it s 
weight s update d accordin g t o a  hebbia n rule : 

(2) w = Inputj Output! Delta, where Delta is 
th e learnin g rate . 

After being updated, the weights were normalized in such 
a wa y tha t  th e su m o f  thei r  absolut e valu e remaine d 
constant .  Suc h a  normalizatio n ca n b e justifie d i n 
neurobiologica l  term s b y assumin g tha t  weight s hav e a 
metaboli c cost ;  ther e i s a  limi t  t o th e amoun t  o f 
connectio n weightin g tha t  a  neuro n m a y support .  Thi s 
proces s i s repeate d fo r  ever y strin g an d th e change s i n th e 
weight s ar e cumulative .  Th e valu e o f  Delt a wa s selecte d 
followin g pilo t  simulation s an d analysi s o f  th e develope d 
weight s an d activations .  Delt a o f  0. 2 wa s chose n becaus e 
thi s valu e resulte d i n mor e loca l  weigh t  representations , 
whil e allowin g mor e unit s t o develo p tha n di d highe r 
values .  Lowe r  value s o f  Delt a resulte d i n mor e 
distribute d weigh t  representations . 

Exper imen t  1 

The first experiment simulated experiment 1 of Reber 
(1967) .  I n thi s experimen t  ther e wer e tw o type s o f  6- 8 
lette r  strings,generate d eithe r  b y a  Markovia n 
(grammatical )  o r  a  rando m process .  Fig .  2  show s th e 
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P(0 ) 

I N OOT 

X(4 ) 

Figure 2. The artificial grammar used both in Reber 
(1967 )  an d i n ou r  experiments . 

Markovian process that was used both in our experiments 
and i n Rebe r  (1967) .  Subject s wer e traine d o n recal l  o f  4 
lette r  strings .  Fo r  eac h o f  7  set s o f  strings ,  trainin g 
continue d unti l  a  criterio n pe r  se t  wa s reached . 
Grammatica l  string s wer e learne d faste r  tha n random ,  a s 
reflecte d i n th e mea n numbe r  o f  recal l  errcw s pe r  se t  (ME) . 
Supposedly ,  th e acquisitio n o f  knowledg e abou t  th e A G 
m a de i t  easie r  t o recall ,  and /  o r  lear n t o recall ,  th e 
grammatica l  strings .  Analogously ,  th e mode l  wa s traine d 
on eithe r  grammatica l  o r  rando m strings ,  an d th e trainin g 
lis t  wa s divide d int o set s o f  4  strings .  Th e networ k 
learne d b y updatin g it s weight s followin g eac h 
presentatio n o f  a  string .  T o evaluat e performanc e o f  th e 
net ,  i t  wa s necessar y t o selec t  a  criterio n tha t  wa s 
analogou s t o M E .  Averag e mea n activatio n (avgMA )  pe r 
set ,  whic h i s invosel y relate d t o M E ,  wa s chose n becaus e 
i t  incorporate s th e value s o f  th e weight s tha t  develo p 
durin g training .  A v g M A wa s calculate d fo r  bot h 
grammatica l  an d rando m string s fo r  4  subjects . 

Results 

The graphs of the model's data for both layers 1 (Fig. 3a) 
and 2  (Fig .  3b )  q)proximat e Rebe r  (1967 )  well .  Fo r  bot h 
layer s 1  an d 2 ,  th e grap h fo r  grammatica l  string s rises 
wit h eac h set ,  whil e tha t  fo r  th e rando m string s remain s 
relativel y flat  Performanc e improve d wit h trainin g se t 
and grammatica l  string s wer e easie r  t o lea m tha n random . 
A two-wa y A N O V A wa s performed .  Fo r  laye r  1 ,  ther e 
was a  significan t  increas e i n a v g M A acros s set s fo r  bot h 
grammatica l  an d rando m string s [( F =  72.78) ,  p<0.001] . 
Strin g type ,  grammatica l  versu s random ,  wa s als o 
significan t  [( F =  225.37) ,  p<0.001] .  Additionally ,  ther e 
was a n into'actio n effec t  o f  strin g typ e wit h se t  numbe r 
[( F =  29.33) ,  p<0.001] .  Fo r  laye r  2  also ,  ther e wa s a 
significan t  increas e acros s trainin g set s fo r  bot h 
grammatica l  an d rando m string s [( F =  70.18) ,  p<0.(X)l] . 
Strin g typ e ,  grammatica l  versu s random ,  wa s als o 
significan t  [( F =  306.95) ,  p<0.001] .  Additionally ,  ther e 
was a n int^actio n effec t  o f  strin g typ e wit h se t  numbe r 
[( F =  22.63) ,  p<0.001] .  A  Tuke y tes t  fo r  th e a v g M A fo r 

s*t 

Figur e 3a .  Result s o f  Experimen t  1  fo r  laye r  1 . 

Oram. 

StI 

Figur e 3b .  Result s o f  E x p e r i m e n t  1  fo r  laye r  2 . 

sets 1 and 2 was not significant for both layers 1 and 2. 
Th i s accoun t s fo r  th e interaction .  T h e m o s t  strikin g 
differenc e b e t w e e n th e experimenta l  a n d simulatio n graph s 
correspond s t o th e stee p c h a n g e tha t  R e b e r  foun d betwee n 
set s 1  a n d 2  fo r  bot h strin g types .  Thi s i s missin g from 
bot h simulatio n graphs . 

D iscuss io n 

The absence of a steep rising phase during training on 
set s 1  an d 2  i s consisten t  wit h Reber' s explanatio n o f  thi s 
finding.  H e attribute d thi s rise  t o " a rathe r  complicate d 
warm-u p effect "  (Reber ,  1967) .  Thi s learnin g i s 
unrelate d t o th e stimuli .  Rather ,  i t  i s  a  kin d o f 
procedura l  learnin g o f  th e trainin g task ,  irrespectiv e o f 
th e stimuli .  I t  i s  o f  interes t  tha t  procedura l  learnin g i s 
als o a  kin d o f  implici t  learnin g (Squire ,  1987) .  Thu s 
ther e m a y b e a t  leas t  tw o form s o f  implici t  learnin g 
activ e tha t  ar e involve d i n A G learning .  On e tha t  i s 
stimulu s specifi c  an d on e tha t  i s tas k general .  I t  i s onl y 
th e forme r  whic h intereste d Rebe r  an d whic h th e mode l 
was designe d t o emulate . 

Experimen t  2 
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Experimen t  2  o f  Rebe r  (1967 )  wa s als o simulated . 
Here ,  subject s wer e traine d wit h 2 0 grammatica l  lette r 
string s unti l  a  criterio n leve l  o f  performanc e wa s reached . 
At  test ,  subject s classifie d nove l  string s a s grammatica l 
or  ungrammatical .  Thes e grammaticalit y judgment s wer e 
abou t  7 9 % correc t  (Reber ,  1967) . 

Whil e th e simulatio n trainin g procedur e wa s identica l 
t o tha t  use d i n experimen t  1 ,  th e trainin g string s differe d 
as pe r  Rebe r  (1967) .  20 .  a s oppose d t o 28 ,  grammatica l 
string s wer e learned ,  an d th e rang e o f  strin g length s wa s 
broader ,  3- 8 symbol s long .  Eac h sequenc e o f  2 0 
grammatica l  string s wa s presente d t o th e ne t  5  times ,  fo r 
a tota l  o f  10 0 trainin g trials .  Th e testin g phas e an d th e 
constructio n o f  grammatical ,  ungrammatical ,  an d 
rando m tes t  string s wer e identica l  t o tha t  o f  Rebe r  (1967) . 
The traine d ne t  wa s presente d wit h al l  4 4 tes t  string s 
twice .  5  subject s wer e simulate d b y usin g differen t  initia l 
weights.  I n experimen t  1 ,  a v g M A wa s use d a s th e 
dependen t  variabl e becaus e i t  wa s a  roug h inde x o f 
learning ;  i n experimen t  2 ,  fine  grammaticalit y judgment s 
wer e required ,  base d upo n subtl e irregularitie s presen t  i n 
th e strings .  W e therefor e use d a  mor e sensitiv e criterio n 
fo r  grammaticalit y judgment .  Th e criterio n wa s suc h 
that ,  afte r  bein g traine d wit h grammatica l  strings ,  th e 
net  classifie d suc h string s a s grammatical .  A t  th e en d o f 
training ,  th e ne t  wa s teste d wit h it s trainin g strings . 
Each strin g generate d differen t  activation s i n th e variou s 
units .  Fo r  eac h on e o f  th e eigh t  possibl e spatia l 
positions ,  th e m i n i m u m activatio n obtaine d ove r  th e 
whol e se t  o f  string s wa s take n a s criterio n fo r  tha t  spatia l 
position .  A  strin g wa s judge d a s grammatica l  b y a  laye r 
i f  an d onl y i f  th e activation s generate d b y tha t  strin g wer e 
abov e criterio n fo r  al l  th e eigh t  possibl e spatia l  positions . 
I f  ther e wa s a  conflic t  betwee n th e judgment s mad e b y th e 
tw o layers ,  th e choic e wa s m a d e a t  random .  I t  i s 
obviou s b y constructio n tha t  al l  th e trainin g string s wer e 
judge d grammatical . 

Results 

The frequencies of errors made by the network matched 
thos e o f  Rebe r  (1967) ,  a s show n i n Tabl e l a an d lb , 
respectively .  Th e typ e o f  error s m a d e b y th e networ k o n 
ungrammatica l  item s wa s analyzed .  A s i n Rebe r  (1967) , 
string s wit h multipl e error s ha d a  significantl y highe r 

detectio n rat e tha n an y o f  th e others ,  [x2(l )  =  6.21 , 
p<0.01] ,  th e detectio n rat e o f  string s wit h a  singl e erro r 
i n th e las t  positio n wa s highe r  tha n tha t  o f  string s wit h 

an erro r  i n th e middle ,  [X2(l )  =  6.42 ,  p<0.01] ,  an d th e 
detectio n rat e o f  string s wit h a  singl e erro r  i n th e first 
positio n wa s highe r  tha n tha t  o f  string s wit h a n erro r  i n 

th e las t  position ,  [X2(l )  =  6.94 .  p<0.01] .  T h e 
analysi s o f  th e weigh t  matrice s indicate d tha t  n-gra m 
detector s ha d developed .  N  varie d fro m 1- 3 symbol s fo r 
unit s i n laye r  1 ;  thi s mean s tha t  th e unit s coul d b e 
selectiv e fo r  a  singl e symbol ,  bigram ,  o r  trigram .  A n 
averag e o f  4 0 % o f  th e unit s i n laye r  1  becam e selectiv e 
fo r  a  singl e n-gram .  5 % o f  th e unit s becam e selectiv e fo r 

tw o n-grams .  Th e remainin g unit s ha d ver y smal l 
weights ,  non-selectiv e fo r  an y particula r  n-gram .  A n 

exampl e o f  a  singl e symbo l  detecto r  i s a  uni t  whic h wa s 
highl y activate d onl y b y a  "4 "  i n th e secon d position .  A n 
exampl e o f  a  singl e bigra m detecto r  i s a  uni t  whic h 
became selectiv e onl y fo r  th e bigra m "44 "  i n position s 3 
and 4 .  Example s o f  trigra m detector s ar e a  uni t  selectiv e 
fo r  th e trigra m "200 "  i n position s 1 ,  2 ,  an d 3 ,  an d a 
uni t  selectiv e f w th e trigra m "430 "  i n position s 4 ,  5 ,  an d 
6.  Unit s i n laye r  2  wer e alway s highl y activate d b y 
multipl e symbols ,  bigrams ,  trigrams ,  and /  o r  highe r  n -
grams . 

D i scuss io n 

The consistency of the model with Reber's data support 
th e hypotiiesi s tha t  th e learnin g principl e o f  th e mode l  i s 
analogou s t o tha t  use d b y huma n beings .  Assumin g this , 
the n th e structur e o f  th e weigh t  matrice s develope d 
accordin g t o thi s learnin g principl e m a y revea l  somethin g 
of  th e natur e o f  mental/brai n representatio n o f  A G 
knowledge .  Whil e Rebe r  (1967 )  foun d tha t  error s i n th e 
las t  positio n wer e mos t  consistentl y detected ,  ou r  mode l 
was mos t  consisten t  a t  detectin g error s i n th e firs t 
position .  Thi s discrepanc y betwee n Rebe r  (1967 )  an d th e 
model  aros e becaus e ther e wa s les s variabilit y  tha t 
positio n tha n i n an y othe r  position .  Specifically ,  whil e 
th e las t  symbo l  i n a  strin g wa s alway s a  '1 '  an d th e firs t 
symbo l  eithe r  a  '2 '  o r  '3' ,  th e positio n o f  th e fina l 
symbol  coul d appea r  i n position s 3-8 .  wherea s th e initia l 
symbo l  coul d onl y appea r  i n positio n 1 .  Thus . 
considerin g bot h variabilit y  i n symbo l  typ e an d position , 
symbol s i n th e firs t  positio n wer e mos t  determined . 
Additionally ,  unit s i n ̂ e firs t  an d las t  position s receive d 
inpu t  fro m onl y 2  column s o f  unit s i n th e previou s layer , 
wherea s al l  othe r  unit s receive d inpu t  from 3  columns , 
and th e constrain t  o n m a x i m u m tota l  weigh t  yielde d 
highe r  weight s pe r  connectio n betwee n unit s fo r  thos e 
receivin g 2  column s o f  input .  Sinc e symbol s a t  th e en d 
of  a  strin g coul d b e represente d b y a  uni t  i n position s 3-8 , 
string s wit h th e final  symbo l  i n eithe r  o f  position s 3- 7 
woul d hav e lowe r  connectio n strength s tha n fo r  symbol s 

i n eithe r  th e firs t  o r  S ^  position .  Thu s th e en d symbol s 

wer e disadvantaged ,  relativ e t o th e thos e i n th e firs t 
position ,  i n term s o f  th e strengt h o f  weight s tha t  m a y 
projec t  t o them .  Thi s furthe r  contribute d t o th e superio r 
erro r  detectio n fo r  symbol s i n th e fu-s t  position . 

Gr  U n g r 

Gr 

Judge d 

7 9 % 

2 2 % 

2 1 % 

7 8 % U n gr 

Tabl e la .  Frequencie s o f  error s obtaine d i n Rebe r  (1967) . 
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Gr  Ung r 

Gr 

Judge d 

7 3 % 

2 3 % 

2 7 % 

7 7 % Ungr 

Tabl e lb .  Frequencie s o f  error s obtaine d i n th e model . 

The analysis of the weight matrices confirmed that 
poolin g knowledg e presen t  i n bot h layer s 1  an d 2  i s a 
goo d strategy .  Bot h layer s develope d unit s tha t  preferre d 
certai n n-gram s t o others .  However ,  ther e wa s a  broa d 
rang e o f  n-gra m specificit y i n eac h layer .  S o m e unit s 
wer e specifi c  t o onl y on e n-gram ,  whil e other s responde d 
wel l  t o many .  I n general ,  thi s specificit y reflecte d tw o 
characteristic s o f  th e A G used .  O n e characteristi c i s th e 
frequenc y o f  occurrenc e o f  eac h n-gram .  Mor e frequent  n -
gram s ha d a  highe r  probabilit y  t o develo p responsiv e 
units ,  an d thos e unit s wer e als o mor e likel y t o respon d 
onl y t o tha t  n-gram .  Th e secon d characteristi c i s numbe r 
of  differen t  symbol s o r  n-gram s whic h m a y occu r  pe r 
position ,  o r  se t  o f  positions ,  respectively .  Th e mor e n -
grams ,  th e les s specificit y ther e wa s fo r  an y particula r  n -
gra m a t  tha t  position . 

O ne proble m v̂ it h th e representation  o f  n-gram s withi n 
layer s 1  an d 2  need s t o b e emphasized .  Becaus e o f  th e 
tw o characteristic s o f  th e A G mentione d above ,  th e broa d 
tunin g o f  som e unit s tende d t o m a k e suc h unit s mor e 
highl y activate d b y som e ungrammatica l  n-grams .  Thes e 
ungrammatica l  n-gram s wer e mixture s o f  th e multiple , 
grammatica l  n-gram s tha t  th e uni t  ha d com e t o prefer . 
For  example ,  a  uni t  tha t  preferre d lega l  n-gram s "444 " 
an d "002 "  i n position s 2 ,  3 ,  an d 4  coul d combin e thes e 
i n severa l  way s tha t  result  i n a  stron g activatio n fo r 
ungrammatica l  n-grams ,  suc h a s "404. "  Thi s propert y o f 
broadl y tune d unit s indicate s tha t  fo r  A G learning , 
distribute d rq)resentatio n ca n increas e erro r  rates .  Indeed , 
severa l  o f  th e error s mad e i n grammaticalit y judgment s 
wer e th e results  o f  this .  H a d ther e bee n mor e uni t 
specificity ,  th e accurac y o f  th e mode l  migh t  hav e bee n 
greatCT .  However ,  sinc e th e mode l  performe d abou t  a s 
wel l  a s Reber' s subjects ,  human s m a y als o us e broadl y 
tune d unit s t o cod e A G information .  Thu s th e successe s 
an d pitfall s  o f  hebbia n learnin g mirro r  thos e o f  implici t 
learnin g mechanism s i n humans . 

I t  shoul d als o b e mentione d tha t  laye r  2  unit s wer e 
mor e broadl y tune d tha n laye r  1  units .  Thi s follow s 
naturall y fro m th e fac t  tha t  laye r  2  mad e us e o f  di e unit s 
i n laye r  1 ,  m a n y o f  whic h themselve s wer e broadl y 
tuned .  Tha t  th e combine d informatio n fro m bot h layer s 
yielde d greate r  accurac y i s als o o f  relevanc e t o theorie s 
abou t  brai n processing .  Accordin g t o neuroscience ,  i t  i s 
th e mor e advance d th e level s o f  processin g ar e th e one s 
tha t  mos t  strongl y influenc e over t  behavior .  Assumin g 
th e mode l  capture s th e mos t  relevan t  aspect s o f  th e 
neurobiolog y o f  learning ,  the n th e simulatio n result s 

argu e agains t  thi s idea .  I t  i s  perhap s mor e realisti c t o sa y 
tha t  th e leve l  o f  processin g tha n i s mos t  relevan t  t o th e 
over t  respons e depend s upo n th e characteristic s o f  th e 
task .  I n th e cas e o f  A G learning ,  eac h laye r  contribute s 
differen t  factor s t o th e grammaticalit y judgments.  Laye r  2 
has unit s whic h prefe r  longe r  string s tha n an y laye r  1 
unit .  Fo r  strings ,  o r  n-grams ,  les s tha n si x symbol s long , 
ther e m a y b e a  uni t  i n laye r  1  tha t  prefer s i t  t o an y othe r 
string .  Thus ,  th e mos t  importan t  functio n o f  laye r  2  i s t o 
represen t  longe r  string s (tha n laye r  1) .  Th e mos t 
importan t  functio n o f  laye r  1 ,  however ,  ma y b e t o b e 
specifi c  t o onl y on e n-gram .  Thi s m a y counterac t  th e 
effect s o f  th e broadnes s o f  laye r  2  units .  Thu s i t  i s  a 
combinatio n o f  narro w an d broa d tunin g i n conjunctio n 
wit h distribute d representatio n tha t  constitute s th e usefu l 
structur e o f  A G knowledge . 

G e n e r a l  D i s c u s s i o n 

In this paper, a PDP model was presented Uiat used a 
hebbia n learnin g rul e t o acquir e A G knowledge .  T o 
evaluat e th e validit y o f  th e model ,  tw o experiment s from 
th e classi c pape r  b y Rebe r  (1967 )  wer e selected .  I t  wa s 
foun d tha t  di e mode l  simulate d di e Rebe r  result s well . 
The increas e i n a v g M A o f  th e ne t  parallele d th e decreas e 
i n M E tha t  human s exhibit .  Nove l  stimul i  tha t  displa y 
th e sam e invariant s a s learne d stimul i  elici t  simila r 
response s bot h i n th e mode l  an d i n huma n subjects . 
Thu s boti i  ar e capabl e o f  generalization .  Thi s wa s 
demonstrate d b y th e testin g phas e o f  experimen t  2 .  Thus , 
i n general ,  a  hebbia n learnin g mechanis m i s capabl e o f 
computin g di e correlation s betwee n aspect s o f  a  stimulu s 
and i s abl e t o us e tha t  knowledg e t o generaliz e an d mak e 
decisions .  Thes e ar e basi c cognitiv e abilities . 

The mode l  m a y hav e importan t  implication s extendin g 
beyon d di e domai n o f  A G learning .  Whil e di e mode l  ma y 
be presume d t o revea l  characteristic s onl y o f  implici t 
learning ,  ou r  result s ar e consisten t  wit h th e hypothesi s 
tha t  implici t  learnin g i s carrie d ou t  i n th e brai n b y mean s 
of  a  hebbia n mechanism .  Perh£^s .  di e representations 
forme d consis t  o f  unit s distribute d acros s area s o f  cortex . 
wit h bot h narro w an d broa d tunin g fo r  correlation s i n dt e 
stimuli . 

Thi s characterizatio n o f  th e structur e o f  knowledg e 
resulting  fro m implici t  learnin g m a y b e use d t o addres s 
issue s from  th e implicit/explici t  memor y literature ,  suc h 
as whethe r  o r  no t  ther e i s a  relationship  betwee n implici t 

and explici t  store s and .  i f  so ,  wha t  th e natur e o f  di e 
interactio n m a y be .  Specifically ,  a  grammaticalit y 
judgmen t  mus t  b e verbalized .  Thu s implici t  knowledg e 
must  b e accessibl e t o verbalization ,  o r  explici t  memory , 
systems .  Th e simulation s o f  Reber' s experiment s 
sugges t  h o w implici t  knowledg e m a y b e use d b y di e 
explici t  system . 

Once th e mode l  ha s bee n traine d o n a  se t  o f  A G strings , 
widii n i t  i s  store d th e leve l  o f  activatio n tha t  corresponde d 
t o acceptabl e sequraces.  Thi s informatio n exist s a s di e 
weight s connectin g unit s i n th e mode l  and ,  i)erhaps ,  a s 
th e relativ e efficac y o f  synapse s i n th e brai n o f  a  huma n 
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subject .  I n thi s typ e o f  neura l  representation ,  unit s 
codin g grammatica l  n-gram s hav e highe r  weight s fo r 
symbol s i n correc t  position s withi n a  string .  Thu s whe n 
a nove l  strin g i s presented ,  mainl y grammatica l  n-gra m 
unit s wil l  b e activated .  Thes e grammatica l  n-gra m unit s 
wil l  produc e highe r  activatio n ove r  th e ne t  tha n whe n 
ungrammatica l  string s ar e presented .  I n th e 
ungrammatica l  case ,  fewe r  o f  thes e highl y weighte d n -
gra m unit s ar e activated ,  resultin g i n relativel y lowe r  ne t 
activatio n fo r  suc h strings . 

Throug h training ,  system s involve d i n generatin g a 
respons e ma y lear n wha t  leve l  o f  activatio n tend s t o b e 
elicite d b y th e trainin g strings .  A n y nove l  strin g tha t 
elicit s a  simila r  leve l  o f  ne t  activation ,  it s  m in imu m 
determine d b y a  threshold ,  ma y ten d t o b e treate d i n th e 
same wa y b y th e respons e system .  Thi s ma y b e relate d 
t o perceptua l  categorizatio n (Posne r  an d Keele ,  1968) . 

That  thi s ma y b e a  consequenc e o f  A G learnin g i s 
su^wrte d b y th e Rebe r  e t  a l  (1980 )  finding  tha t  th e earlie r 
explici t  instruction s ar e presente d t o a  subjec t  durin g 
training ,  th e bette r  wil l  b e performanc e whe n teste d wit h 
a we U formednes s task .  Wel l  formednes s wa s substitute d 
fo r  grammaticalit y b y Rebe r  i n subsequen t  experiment s 
(Reber ,  1989) .  Th e implication s o f  thi s stud y fo r  th e 
result s o f  th e mode l  ar e twofold .  One ,  th e functio n o f 
th e explici t  instruction s m a y b e t o provid e th e learnin g 
syste m wit h feedback .  Thi s ma y enhanc e th e abilit y o f 
th e syste m t o categoriz e th e stimul i  a s belongin g t o on e 
kind .  Additionally ,  thi s ma y enabl e a  respons e syste m 
t o bette r  differentiat e betwee n th e level s o f  activation s 
tha t  correspon d t o th e categor y o f  trainin g stimuli .  Fo r 
example ,  i n term s o f  th e simulation ,  th e threshold ,  o r 
rang e o f  thresholds ,  ma y b e se t  mor e precisely . 

The secon d implicatio n o f  th e Rebe r  e t  a l  (1980 )  result s 
fo r  th e mode l  i s tha t  th e explici t  syste m i s capabl e o f 
interactio n wit h implici t  knowledg e systems .  Th e natur e 
of  thi s interactio n probabl y depend s upo n th e specifi c  tas k 
demands.  However ,  i t  i s  no t  clea r  i n wha t  way s the y 
interact .  Th e explici t  syste m m a y no t  interac t  wit h th e 
kin d o f  learnin g syste m modelle d here ,  bu t  rathe r  wit h a 
syste m involve d i n generatin g responses .  However , 
sinc e i n th e Rebe r  experiments ,  trainin g di d no t  involv e 
grammaticalit y feedback ,  th e huma n learnin g syste m ca n 
acquir e th e abilit y t o mak e accurat e wel l  formednes s 
judgment s withou t  bein g specificall y taugh t  t o d o so . 
Rather ,  huma n subject s ca n us e th e knowledg e gleane d 
from  exempla r  presentatio n t o influenc e suc h judgments . 
Our  mode l  support s thi s view .  Th e hebbia n learnin g 
mechanis m permit s knowledg e o f  correlation s withi n 
exemplar s t o b e store d i n a  for m tha t  ma y b e use d b y a n 
explicit ,  verbalization ,  o r  respons e syste m t o 
successfull y complet e task s lik e grammaticalit y o r  wel l 
formednes s judgments .  Th e mode l  suggest s als o tha t  th e 
learnin g syste m m a y functio n largel y i n isolatio n fro m 
one involve d i n determinin g th e over t  behaviora l 
response .  However ,  tha t  huma n subject s ar e abl e t o us e 
explici t  informatio n unde r  certai n condition s t o facilitat e 
thei r  performance ,  an d becaus e th e result s o f  ou r  simpl e 
model  di d no t  confor m perfectl y t o th e huma n dat a 
suggest s tha t  unde r  mos t  conditions ,  th e implici t  an d 

explici t  knowledg e system s m a y interac t  Thi s include s 
th e possibilit y  tha t  th e structur e o f  th e implici t 
knowledg e syste m m a y b e modifie d b y th e explici t 
system .  I n term s o f  th e model ,  i t  mus t  b e remembere d 
tha t  th e mode l  i s  restricte d t o codin g th e stimul i  i n 
isolatio n from  an y othe r  function s tha t  ar e performe d b y a 
rea l  neura l  net .  Therefore ,  i t  i s  possibl e tha t  system s 
outsid e tha t  modelle d her e ar e responsibl e fo r  th e effec t  o f 
explici t  instruction s foun d b y Reber ,  e t  a l  (1980) . 
Addin g suc h system s t o th e mode l  m a y allo w i t  t o 
explai n ho w implici t  an d explici t  system s interact .  Th e 
model  m a y bes t  b e describe d a s simulatin g bot h h o w 
knowledg e i s  store d implicitl y an d th e for m o f  suc h 
knowledge ,  whil e als o bein g suggestiv e o f  ho w implici t 
knowledg e ma y b e use d b y a  verbalizabl e knowledg e 
system . 
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