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A b s t r a c t 

H u m an languag e an d m e m o r y ar e onl y quasi-system -
atic .  The y ar e compose d o f  contex t  fre e 
(systematic )  niappings ,  contex t  sensitiv e mappings , 
and idiosyncrasies .  Consequently ,  generalization s t o 
nove l  stimul i  m a y b e systemati c i f  ihe y resul t  fro m 
th e contex t  fre e mapping s o r  m a y Ixxom e 
"regularized "  towar d know n stimul i  i f  the y resul t 
fro m th e contex t  sensitiv e mappings .  T w o factor s 
tha t  affec t  th e degre e o f  systematicit y ar e th e su-uc -
tur e o f  th e trainin g corpu s an d th e amoun t  o f  atten -
tio n o r  vigilanc e pai d t o th e task .  Mor e systemati c 
uainin g corpor a an d mor e attentio n produc e mor e 
systemati c response s an d fewe r  specifi c  contex t  sen -
sitiv e regularizations .  A  simpl e P D P mode l  i s  use d 
t o demonstrat e thes e phenomena .  A  3-laye r  feedfor -
war d networ k learn s a n auto-associativ e mapping . 
Untraine d stimul i  ar e teste d t o se e i f  th e mode l 
wil l  respon d wit h th e systemati c generalizatio n o r 
wit h a  specifi c  regularizatio n b y activatin g th e out -
put  patter n fo r  th e neares t  traine d neighbor . 

For the learning of most cognitive skills, 
generalizatio n i s  criticall y important .  Languag e 
learnin g i s th e paramoun t  case .  Base d o n learnin g 
fro m a  finite  corpus ,  childre n mus t  generaliz e t o th e 
infinit e se t  o f  sentence s i n thei r  language .  Fodo r  & 
Pylyshy n (1988 )  argue  tha t  thi s massiv e generaliza -
tio n abilit y  i s du e t o th e natur e o f  language :  it s  sys -
tematicity .  Systematicit y i s her e define d a s th e qual -
it y tha t  eac h wor d refer s t o th e sam e concep t  regard -
les s o f  context .  A  systemati c languag e i s compose d 
of  independen t  form-meanin g pairs .  Nove l  sentence s 
and proposition s ca n b e mad e simpl y b y recombinin g 
thes e independen t  pairs .  So ,  i f  a  chil d ca n under -
stan d "Rick y playe d a  tric k o n Lucy, "  the n sh e 
shoul d b e abl e t o understan d "Luc y playe d a  tric k o n 
Ricky. "  T o lear n a  systemati c languag e i s t o lear n 
th e form-meanin g pair s an d a  gramma r  fo r  relatin g 
th e structur e o f  th e form s t o th e structur e o f  th e 
concepts .  H o w migh t  suc h learnin g tak e place ? I f 
inductio n o f  suc h function s i s  eve n possible ,  wha t 
sort s o f  processin g architecture s an d stimul i  ca n in -

duc e them ? I f  i t  i s  onl y possibl e t o a  degree ,  wha t 
ar e th e limit s an d wha t  factor s modulat e tha t  limit ? 

I n spit e o f  th e eleganc e o f  th e systematicit y 
characterizatio n o f  language ,  m a n y argu e tha t  rea l 
languag e i s  systemati c onl y t o a  first  approxima -
tion .  A t  a  close r  inspection ,  m a n y aspect s o f  lan -
guag e ar e unsystematic .  Fo r  example ,  Goldber g 
(1992 )  an d Pinke r  (1989 )  idenUf y a  numbe r  o f  verb s 
tha t  ar e unsystemati c ye t  productiv e i n th e construc -
tion s the y permit .  Fo r  example ,  "Luc y tol d Ethe l 
th e news "  i s  acceptable ,  bu t  "Luc y whispere d Ethe l 
th e news "  i s  not ,  despit e th e semanti c similarit y o f 
th e verbs .  Pinke r  (1989 )  ha s pointe d ou t  tha t  ther e 
ar e discernibl e semanti c subclasse s o f  verb s tha t  d o 
or  d o no t  permi t  th e ditransitiv e construction ,  an d 
nove l  verb s i n thes e subclasse s ar e productive . 

Simila r  point s hav e bee n m a d e wit h regar d 
t o formin g th e pas t  tens e o f  Englis h verb s 
(Rumelhar t  an d McClelland ,  1986 )  an d pronouncin g 
regularl y an d irregularl y spelle d Englis h wcH^d s 
(Seidenber g an d McClelland ,  1989) . 

A comple x relationship ,  suc h a s Englis h 
spellin g t o pronunciatio n o r  Englis h sentence s t o 
meanings ,  ca n b e characterize d a s a  se t  o f  contex t 
free  (systematic )  mappings ,  contex t  sensitiv e map -
pings ,  an d idiosyncrasies .  I  wil l  cal l  suc h relation -
ship s quasi-systematic .  Perh^ s al l  level s o f  lan -
guag e ar e bes t  characterize d i n thi s way . 

One concer n i s h o w quasi-systemati c rela -
tion s ar e learne d an d h o w traine d example s ar e pro -
cessed .  Doe s i t  requir e learnin g a  systemati c func -
tio n an d a  se t  o f  restrictions ,  o r  ca n th e complexit y 
be learne d al l  o f  a  piece ? A  secon d concern ,  an d th e 
concer n t o b e addresse d here ,  i s  h o w generalizatio n 
case s ar e processed .  Sj)ecifically ,  give n a  nove l  exam -
ple ,  wil l  a  contex t  free ,  contex t  sensitive ,  o r  idio -
syncrati c mappin g b e chose n t o produc e a  response ? 
What  factor s o f  training ,  processing ,  an d cognitiv e 
architectur e affec t  th e response ? 

I n a  distribute d processin g model ,  suc h a s a 
P DP model ,  processin g depend s o n similarity :  nove l 
tes t  instance s ar e processe d lik e th e traine d instance s 
t o whic h the y ar e mos t  similar .  I n sophisticate d 
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models ,  al l  traine d instance s contribut e t o pixKess -
in g th e nove l  instanc e accordin g t o thei r  similarity . 
Systemati c trainin g material s produc e systemati c 
generalization s becaus e eac h o f  th e feature s o f  a  tes t 
instanc e wil l  b e simila r  t o th e feature s o f  m a n y 
trainin g instances .  Therefore ,  eac h featur e wil l  b e 
familia r  an d wel l  supporte d fo r  processin g an d re -
membering .  Th e us e o f  a  similarit y metri c durin g 
processin g an d generalizatio n i s wel l  worke d ou t  i n 
researc h o n concep t  categorizatio n an d recognitio n 
(Medi n &  Schaffer .  1978 ;  Shepard ,  1987 ;  Nosofsky , 
1988) . 

Brouss e an d Smolensk y (1989 )  examine d th e 
effect s o f  trainin g corpu s systematicit y o n generali -
zatio n i n a  P D P model .  The y showe d Uia t  a  highl y 
systemati c trainin g corpu s coul d produc e generaliza -
tion s t o a  hug e tes t  corpu s tha t  maintaine d tha t  sys -
tematicity .  The y als o showe d tha t  nove l  stimul i 
tha t  violate d stron g contex t  sensitiv e dependencie s 
foun d i n th e trainin g corpu s woul d b e misprocesse d 
t o bette r  correspon d wit h Uios e dependences .  Fo r 
example ,  a  networ k wa s traine d t o associat e Englis h 
4-lette r  word s wit h themselve s throug h a  narro w in -
formauo n channe l  (a n autoencoder) .  Nove l  tes t  pat -
tern s tha t  violate d Englis h orthograph y wer e ofte n 
"regularized "  t o fit  English . 

"Regularization "  i s use d i n th e literatur e t o 
describ e th e modificatio n o f  tes t  example s t o fit  pre -
viousl y learne d regularitie s whic h correspon d t o 
what  1  a m callin g th e contex t  sensitiv e mappings . 
W h at  i s ofte n missin g i n thes e discussion s i s th e re -
alizatio n tha t  ther e ar e othe r  possibl e mappings ,  i n 
particular ,  th e contex t  free ,  systemati c mapping . 
Th e systemati c mapping ,  i n th e spellin g autoencode r 
woul d b e veridica l  reproductio n o f  eac h nove l  exam -
ple ,  rather  tha n regularizatio n t o k n o w n examples . 

A simila r  phenomeno n arise s i n stor y com -
prehension .  Durin g recall ,  detail s ar e partl y remem -
bere d an d partl y reconstructe d fro m backgroun d 
knowledg e (Se e Graesser ,  198 1 fo r  a  review) .  Eve n 
thoug h atypica l  detail s sho w bette r  discriminatio n 
i n recognitio n tests ,  reconstrucdo n fro m experienc e 
an d guessin g produc e bette r  overal l  recal l  an d recog -
nitio n fo r  typica l  details .  Accordin g t o systematici -
ty ,  an y nove l  stor y shoul d b e represented ,  stored , 
2md recalle d equall y well .  Accordin g t o quasi-syste -
maticity ,  however ,  th e recognitio n an d recal l  o f  nov -
el  storie s whos e detail s contradic t  experienc e wil l 
be regularize d t o bette r  fit  wit h experience . 

Thi s sor t  o f  regularizatio n ca n als o b e see n 
durin g comprehension .  Erickso n an d Mattso n (1981 ) 
gav e subject s question s like ,  " H o w m a n y animal s o f 
eac h kin d di d Mose s tak e o n th e arc? "  Mos t  subject s 
readil y answere d "two, "  despit e thei r  knowledge , 
when late r  questioned ,  tha t  Noa h wa s th e correc t 
Biblica l  figure.  Subjects '  knowledg e o f  th e ar c sto -
r y apparentl y overrod e thei r  knowledg e o f  Moses . 
Th e meanin g o f  Mose s wa s regularize d t o th e mean -
in g o f  Noah . 

W h at  I  ai m t o investigat e i s h o w quasi-sys -
tematicit y i n di e trainin g corpu s affect s whe n nove l 
stimul i  ar e generalize d i n a  systemati c wa y an d 
when the y ar e regularized . 

Attention 
A critica l  objection ,  o r  addendum ,  t o thes e idea s i s 
tha t  processin g bizarr e sentence s an d answerin g tric k 
question s can ,  i n fact ,  b e done .  I t  jus t  require s a  lit -
de extr a auention .  Peopl e certainl y ca n rea d an d un -
derstan d sentence s lik e "Luc y whispere d di e new s t o 
Ethel. "  Peopl e als o quickl y gai n immunit y t o tric k 
quesdon s onc e the y becom e war y an d begi n t o pa y 
close r  attention .  Peopl e ca n als o proofrea d wit h 
some succes s b y payin g clos e attention . 

Erick.so n an d Mattso n (1981 )  foun d dia t  re -
organizin g di e question s t o m a k e di e violaUon s 
mor e prominent ,  le d mor e subject s t o notic e di e in -
congruity .  Conversely ,  reduce d attentio n t o di e 
tex t  shoul d decreas e th e notic e o f  incongruides .  I n 
di e extreme ,  spee d reader s spen d litd e tim e an d at -
tentio n o n th e detad s o f  a  tex t  an d m a y b e plague d 
by misunderstanding s i f  di e tex t  i s  difficul t  (cf . 
Jus t  an d Carpenter ,  1987) .  Take n togedier ,  dies e 
studie s sugges t  dia t  a  relativ e lac k o f  attentio n wil l 
produc e specifi c  regularizations ,  whil e clos e atten -
tion  wil l  produc e mor e systematic ,  an d veridical , 
processing . 

Attentio n i n languag e processin g ca n tak e 
severa l  forms .  Selectiv e attentio n opiate s a s a  fil-
te r  t o a  limite d capacit y processor .  Vigilanc e oper -
ate s a s greate r  car e an d close r  inspectio n o f  di e stim -
ul i  "  greate r  processin g power .  Th e concer n her e i s 
wid i  th e vigilanc e for m o f  attention .  I n dii s 
scheme ,  processin g i s inherend y somewha t  noisy . 
Difficul t  stimul i  wU l  sometime s b e processe d incor -
rectl y becaus e o f  thi s nois e an d responde d t o a s i f  i t 
wer e simila r  bu t  bette r  know n stimul i  -  the y wil l 
be regularized .  Attentio n boost s di e processin g sig -
nal  s o tha t  eve n thes e difficul t  stimul i  m a y b e pro -
cesse d correcdy . 

T o demonstrat e thes e jx)ints ,  let' s  conside r 
a ver y simpl e case :  th e processin g o f  simpl e binar y 
patterns .  Suc h simpl e pattern s ar e fa r  remove d fro m 
di e complexitie s o f  rea l  language ,  perhap s mos t  im -
portantly ,  remove d fro m language' s hierarchica l 
structure .  Yet ,  dii s  simpl e cas e allow s severa l 
point s t o b e m a d e clearly . 

Simulation 1 - Systematicity and context 

sensitiv e regularit y 
Th e tas k o f  th e mode l  i s auto-association ,  tha t  is ,  t o 
reproduc e a n inpu t  patter n ove r  a  se t  o f  outpu t 
units .  Thi s tas k ca n b e diough t  o f  a s a  ver y simpl e 
versio n o f  man y cognitiv e task s suc h a s comprehen -
sio n fro m word s t o concepts ,  concep t  categorization , 
perception ,  o r  recognitio n m e m o r y (wher e th e 
strengd i  o f  th e respons e i s a  measur e o f  familiari -
ty) .  Th e input/outpu t  patterns ,  an d th e corresfXMid -
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in g model ,  consis t  o f  tw o bank s o f  unit s wit h on e 
uni t  turne d o n i n eac h bank .  So ,  th e paite m 1» 1 cor -
respond s t o turnin g o n th e firs t  uni t  i n ban k 1  an d 
th e first  uni t  i n ban k 2 .  Patter n 1* 2 correspond s t o 
turnin g o n th e first  uni t  i n ban k 1  an d lli c  secon d 
uni t  i n ban k 2 .  Ther e ar e 10 0 suc h possibl e paiicrns . 

Tabl e 1 
Trainin g Stimul i 

M 
2* 1 2' 2 
3»1 3- 2 3' 3 3* 4 
4«1 4* 2 4* 3 4* 4 4- 5 .. .  4»1 0 
5»1 5- 2 5- 3 5» 4 5* 5 .. .  5«1 0 

lO^i 10'2 10-3 10'4 10'5 ... lO'lO 

The model is trained on a subset of these 
100 patterns ,  an d the n teste d o n th e untraine d pat -
tern s fo r  it s abilit y  t o generalize .  Th e se t  o f  traine d 
pattern s i s show n i n tabl e 1 .  Th e trade-of f  betwee n 
systemati c generalizatio n an d specifi c  regularizatio n 
i s investigate d b y manipulatin g th e numbe r  o f  simi -
la r  trainin g pattern s an d thei r  systematicity .  1»1 0 
shoul d sho w poo r  systematicit y bu t  stron g specifi c 
regularit y becaus e o f  th e paucit y o f  1» X u-ainin g in -
stances .  2*1 0 an d 3*1 0 shoul d sho w increasingl y bet -
te r  systematicit y becaus e o f  th e increasin g numbe r  o f 
systemati c neighbors . 

The architectur e i s a  feedforwar d auto-en -
coder .  Bot h bank s o f  inpu t  unit s ar e full y  connecte d 
t o th e hidde n layer ,  an d th e hidde n laye r  i s full y  con -
necte d t o th e outpu t  laye r  (Se e figure  1) .  Th e hid -
den laye r  containe d 1 5 units .  Th e mode l  wa s traine d 
on th e corpu s i n tabl e 1  fo r  200 0 epochs .  Th e learn -
in g rat e wa s .0 1 an d momentu m wa s .9 .  Weight s 
wer e change d afte r  eac h ful l  epoch . 

Results The model learned the training stimuli per-
fectly .  Th e questio n i s ho w th e mode l  generalize s 
t o th e untfaine d cases .  Performanc e wa s quit e 
good .  Fo r  th e case s 1* 2 throug h 1»10 ,  th e mode l  ac -
tivate d 1»X ,  th e systemati c response ,  mos t  strongl y 
fo r  7  o f  th e 9  cases ,  wit h a n averag e activatio n o f 
.79 .  Onl y on e nonsystemati c wa s mad e fo r  al l  o f 

Output 

\ 

Inpu t 

Figure 1. Architecture of the network. 

th e 2» X o r  3» X cases .  Fo r  illustratio n i n tabl e 2 , 
th e systemati c response s wer e average d an d show n a s 
X»10.  Th e averag e nonsystemati c respons e fo r  eac h 
uni t  i s  als o show n fo r  eac h unit .  Th e rati o o f  sys -
temati c activation s t o specifi c  regularity  activation s 
inaease s fro m 1» X throug h 3»X :  .79/.6 5 =  1.22 , 
.837.2 9 =  2.86 ,  .60/.1 9 =  3.16 . 

Bot h nonsystemati c response s i n th e 1» X 
case s involve d greate r  activatio n o f  1* 1 tha n o f 
1»X.  Eve n whe n th e systemati c respons e i s stron -
ger ,  th e averag e activatio n o f  1» 1 i s rathe r  high . 
Thes e "ghosts "  o f  traine d stimul i  ar e smalle r  fo r 
2»X an d 3« X becaus e o f  th e greate r  systematicit y 
among thei r  trainin g cases .  Ghost s sho w u p eve n 
more strongl y i f  w e presen t  jus t  a  partia l  patter n t o 
th e input .  Th e mode l  complete s th e patter n wit h 
th e ghost s o f  th e traine d stimuli .  Thes e ghosts ,  o f 
course ,  represen t  th e effect s o f  th e specific ,  contex t 
sensitive ,  regularities . 

Tabl e 2 

Outpu t  Activation s t o Nove l  Stimul i 

pattern 123456789 10 

MO .6 5 0  0  0  0  0  0  0  0  .7 9 
2-1 0 .2 0 .0 9 0  0 0  0  0  0  0  .8 3 

3'1 0 .0 5 .0 5 .0 7 .0 2 0  0  0  0  0  .6 0 

4.1 0 0 0 0 0 0 0 0 0 0 . 9 6 

The effect of the size of the training corpus 
on systematicit y wa s als o tested .  A  fres h networ k 
was traine d o n th e subse t  o f  th e trainin g corpu s cre -
ate d b y removin g th e 6» X throug h 10» X stimul i 
(Se e tabl e 1.) .  Th e mode l  produce d th e systemati c 
generalization s o n 6 7 % o f  th e generalizatio n cases , 
compare d t o 8 7 % whe n traine d o n th e origina l  cot -
pus .  Th e corpu s ca n b e reduced  furthe r  b y removin g 
X«6 throug h X«10 .  A  fres h networ k traine d o n thi s 
smalles t  corpu s o f  1 7 stimul i  generalize d systemati -
call y o n onl y 5 0 % o f  th e tes t  cases . 

Discussion These data demonstrate three points. 
First ,  wit h th e larges t  mos t  systemati c corpus ,  th e 
traine d mode l  produce s systemati c generadization s 
fo r  nearl y ever y tes t  case :  2 0 ou t  o f  2 3 tes t  cases . 
Thi s strongl y systemati c performanc e depend s o n th e 
systematicit y o f  th e trainui g corpus .  Smaller ,  les s 
systemati c corpor a reduce d th e systemati c generaliza -
tion s an d increase d th e specifi c  contex t  sensitiv e reg -
ularizatio n generalizations . 

Second ,  th e nonsystemati c response s whic h 
th e mode l  produce s ar e no t  random .  Rather ,  the y fit 
specifi c  regularities  foun d i n th e corpus .  Fo r  exam -
ple ,  th e respons e t o 1» 9 i s 1*1 ,  whic h wa s th e onl y 
1»X trainin g instance .  Thes e specifi c  regularities 
sho w u p strongl y i n patter n completion ,  o r 
"inference, "  tests .  I n a  sense ,  thes e specifi c  regulari -
t y ghost s ar e alway s lurkin g i n th e background , 
ready  t o appea r  whe n th e systemati c respons e i s 

961 



weak o r  absent . 
Thes e result s fit  wit h th e concep t  o f  identi -

t y an d associativ e constraint s propase d b y St .  Joh n 
(1992) .  Constraint s pertai n t o th e mappin g fro m in -
put  t o outpu t  patterns .  Identit y constraint s ar e 
thos e constraint s o r  mapping s tha t  specif y a  on e t o 
on e mappin g betwee n inpu t  an d outpu t  pattern s o r 
betwee n form s an d meanings :  "Lucy "  mean s Lucy , 
an d i n th e curren t  simulations ,  1  mean s 1 ,  an d s o 
on .  Identit y constraint s provid e th e buildin g block s 
fo r  systematicit y b y specifyin g th e independen t 
form-meanin g pairs .  Associativ e constraint s ar e al l 
th e othe r  constraints .  The y encod e regularitie s be -
twee n pairs ,  an d the y ar e usefu l  fo r  drawin g infer -
ence s an d patter n completion . 

Bot h identit y an d associativ e constraint s ar e 
alway s learned ,  bu t  thei r  relativ e su-engt h depend s 
upo n th e structur e o f  th e whol e trainin g corpus . 
Systemati c corpor a produc e stron g identit y con -
straint s becaus e identit y consO-aint s ar e th e onl y con -
straint s tha t  hol d betwee n di e inpu t  an d output . 
For  example ,  fo r  th e patter n 10»10 ,  eac h intege r  pre -
dict s itself ,  bu t  ther e i s n o predicuibilit y  betwee n in -
tegers .  T o proces s thi s instanc e correctly ,  th e mode l 
must  lear n th e identit y constraints .  O n th e othe r 
hand ,  th e associativ e constrain t  fro m ! •  t o • !  i s 
stron g becaus e give n 1» ,  • !  i s  perfectl y predictable . 
Th e associativ e constraint s fro m 2 « t o • !  an d • 2 ar e 
eac h les s stron g becaus e give n 2» ,  eac h outpu t  pat -
ter n i s onl y partiall y  predictable . 

Third ,  th e model' s respon.se s ar e no t  all-or -
non e systematicit y o r  regularization .  Instead ,  re -
sponse s ar e graded .  W h e n th e identit y constraint s 
ar e relativel y stron g an d th e tes t  ite m i s simila r  t o a 
number  o f  traine d items ,  a s i s th e cas e fo r  th e 3' X 
items ,  th e activatio n o f  unit s whic h correspon d t o 
th e systemati c respons e ar e strong ,  an d th e ghos t  ac -
tivation s whic h correspon d t o th e specifi c  regulari -
tie s ar e ver y weak .  Conversely ,  whe n th e identit y 
constraint s ar e relativel y wea k an d th e tes t  ite m i s 
simila r  t o fe w traine d items ,  a s i s th e cas e fo r  th e 
I' X items ,  response s ar e onl y moderatel y systemati c 
an d th e specifi c  regularitie s ar e moderatel y strong . 

Simulation 2 - Attention 

H o w doe s vigilanc e attentio n affec t  processing ? C a n 
i t  improv e systemati c generalization ? Ou r  intuitio n 
i s tha t  i t  can .  Bu t  first,  w e nee d t o conside r  h o w re -
sponse s ar e actuall y made .  I n th e previou s simula -
tions ,  response s wer e reporte d a s activatio n levels . 
Thes e activatio n level s ca n b e converte d int o re -
spons e probabilitie s accordin g t o th e Luc e choic e 
rul e a u c e ,  1963 ;  McClelland ,  1991) .  Th e probabili -
t y o f  an y respons e i s se t  t o th e rati o o f  activatio n o f 
th e uni t  correspondin g t o tha t  respons e divide d b y 
th e s u m o f  th e activation s o f  al l  responses . 

A n alternativ e i s t o m a k t  processin g i n th e 
networ k itsel f  probabilisti c  (McClelland ,  1991) . 
O ne metho d tha t  McClellan d suggest s i s t o ad d 

nois e t o th e inpu t  sign:d .  Th e ide a i s tha t  preprocess -
in g o f  th e stimulu s itsel f  produce s noise . 

Next ,  th e inpu t  signa l  i s  modulate d t o im -
plemen t  attention .  Unde r  norma l  processing ,  th e 
nois y inpu t  signa l  i s  attenuated .  Unde r  clos e atten -
tion ,  th e nois y inpu t  signa l  i s  magnified .  Th e activa -
tion s o f  inpu t  unit s ar e se t  t o b e 

(1 )  A j  =  (I j  +  a  *  noise )  *  attentio n 

v/her e I ^  i s th e valu e o f  th e inpu t  patter n ( 0 

or  1) ,  nois e i s a  rando m numbe r  normall y distribut -

ed betwee n - 1 an d 1 ,  a  i s a  paramete r  tha t  deter -
mine s th e magnitud e o f  th e noise ,  an d attentio n i s a 
paramete r  tha t  determine s th e magnitud e o f  atten -
tion .  Processin g the n proceed s deterministicall y a s 
normal ,  bu t  th e stronges t  outpu t  activatio n i s n o w 
take n t o b e th e actua l  response .  Th e Luc e choic e rul e 
i s no t  applied . 

Attentio n modulate s th e su m o f  th e inpu t 
signa l  plu s nois e becaus e i t  i s  assume d her e tha t  th e 
inpu t  t o th e mode l  i s alread y corrupte d b y noise . 
Ther e i s n o mean s fo r  attentio n t o preferentiall y 
weig h th e signal .  Instead ,  it s jo b i s t o maximiz e 
performanc e give n a n alread y corrupte d input . 

Results The network was trained on the full corpus 
i n tabl e 1  withou t  nois e an d wit h th e attentio n pa -
ramete r  se t  t o 1.0 .  Fo r  testin g th e generalizatio n 

cases ,  a  i n (1 )  wa s se t  t o 0.5 .  Unde r  lo w attentio n 
(attentio n =  0.5) ,  fo r  1»X ,  nonsystemati c generaUza -
tion s wer e produce d o n 8 5 % o f  tes t  trials .  Fo r  2» X 
and 3'X ,  nonsystemati c generalization s wer e pro -
duce d o n 1 3 % o f  tes t  trial s each .  W h e n th e atten -
tio n paramete r  wa s booste d t o 1.0 ,  th e numbe r  o f 
nonsystemati c generalization s dropped .  Fo r  I'X , 
nonsystematicitie s wer e produce d o n 5 0 % o f  tes t  tri -
als .  Fo r  2» X an d 3»X ,  nonsystematicitie s wer e pro -
duce d o n 8 % o f  les t  Uial s each . 

Th e nonsystemati c generalization s produce d 
by th e networ k occurre d onl y o n generalizatio n tes t 
cases .  A s i n th e first  simulation ,  thes e response s 
corresponde d t o activatin g th e specifi c  regularity. 

Th e nois e an d attentio n parameter s ca n b e 
manipulate d t o produc e differen t  level s o f  systema -
ticity ,  bu t  th e basi c effect s o f  trainin g se t  (1» X vs . 
2» X an d 3'X )  an d lo w versu s hig h attentio n re -
main .  Th e particula r  systematicit y level s d o no t  cor -
respond  t o an y specifi c  experiment ,  rather ,  the y sim -
pl y demonstrat e th e effect s o f  th e trainin g se t  an d 
attentio n parameters .  Detaile d simulatio n o f  dat a i s 
lef t  fo r  futur e work . 

Discu-ssion This simulation makes two points. 
First ,  th e response s du e t o nois e i n th e inpu t  signa l 
wer e no t  random ,  instea d the y looke d lik e response s 
t o traine d stimuU ;  the y wer e regularizations.  Thi s 
finding  i s inuiguin g sinc e th e nois e i s random .  Con -
side r  th e 1*1 0 case .  Normally ,  th e associativ e con -
straint s fro m ! •  t o - l  i s  suppresse d b y th e identit y 
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constrain t  fro m 'l O t o 'lO .  W h e n th e inpu t  patter n 
i s perturbe d b y noise ,  i t  become s mor e simila r  t o a 
larg e numbe r  o f  patterns .  Th e activatio n o f  'l O i s 
reduce d an d th e suppressio n o f  ' l  i s  als o reduced ,  al -
lowin g i t  t o becom e mor e activate d b y 1* .  Thoug h 
thi s explanatio n i s sensible ,  m u c h carefu l  wor k re -
main s t o full y  understan d w h y rando m nois e produc -
es thes e nonrando m effects . 

Th e secon d poin t  i s  tha t  nois y inpu t  signal s 
produce d mor e regularization s whe n attentio n i s 
low .  Th e differenc e wa s no t  du e t o a  relativ e in -
creas e i n th e amoun t  o f  nois e compare d t o th e signa l 
sinc e attentio n modifie s th e nois e an d signa l  equal -
ly .  Instead ,  th e explanatio n lie s i n th e dynamic s o f 
th e network .  Specifically ,  i t  lie s i n di e non-linea r 
activatio n functio n o f  th e hidde n an d outpu t  units . 

W h en di e ne t  inpu t  t o a  uni t  fall s  i n th e 
middl e o f  th e unit' s  dynami c range ,  difference s ar e 
preserved .  O n th e odie r  hand ,  whe n th e ne t  inpu t  t o 
a uni t  fall s  nea r  eithe r  extrem e o f  tha t  unit' s  dynam -
i c range ,  difference s betwee n inpu t  value s ar e attenu -
ate d (Se e figure  2.) .  Unde r  attentive ,  vigilan t  pro -
cessing ,  whe n th e attentio n paramete r  i s se t  t o 1.0 , 
processin g occur s ove r  th e middl e o f  eac h unit' s  dy -
nami c range ,  s o th e signa l  remain s clea r  despit e an y 
backgroun d noise .  However ,  whe n attentio n i s low , 
processin g occur s ove r  th e insensitiv e lowe r  extrem e 
of  eac h unit' s  range ,  s o th e signa l  become s murky . 
A murk y signal ,  apparently ,  doe s no t  produc e a 
su-on g systemati c response ,  s o th e defaul t  specifi c 
regularit y respons e show s up . 

General discussion 
The phenomeno n o f  systematicit y i n languag e an d 
though t  ha s bee n use d t o argu e fo r  a  genera l  purpose , 
contex t  fi-ee,  symbol-syste m cognitiv e architectur e 
(Fodo r  &  Pylyshyn ,  1988) .  Systematicity ,  i t  i s  ar -
gued ,  require s a  symbol-syste m architecture .  S o 
h o w woul d a  symbol-syste m accoun t  fo r  result s 
lik e thos e foun d here ? I f  nove l  instance s ar e pro -
cesse d systematically ,  wher e woul d th e specifi c  regu -
larit y ghost s an d regularization s com e from ? Thes e 
phenomen a ar e no t  base d o n superficia l  perceptua l 
similarity .  Rather ,  the y ar e base d o n seman -
tic/pragmati c similarit y dia t  occur s dee p withi n di e 
cognitiv e system .  T o explai n on-lin e comprehensio n 

activatio n 

net  inpu t 

Figure 2. Effect of a non-linear activation function. 

regularizations ,  suc h a s th e Mose s question ,  woul d 
see m t o requir e par t  o f  th e input ,  Moses ,  t o b e pro -
cesse d partiall y  an d Uie n abandone d o r  rejected ,  per -
hap s o n pragmati c ground s bu t  stil l  outsid e o f  sub -
jects *  awareness .  Regularization s i n recognitio n 
m e m o ry requir e a n explanatio n o f  w h y a  systemati c 
processo r  woul d permi t  partia l  matche s t o m e m o r y 
probe s t o influenc e recognitio n judgements . 

But  perhap s systematicit y i s no t  a  fundamen -
ta l  propert y o f  th e cognitiv e system .  Perhap s in -
stead ,  i t  i s  a  more-or-les s achievabl e characteristi c 
of  certai n larg e corpora .  T h e ide a Uies e simulation s 
suppor t  i s  tha t  th e cognitiv e syste m i s a  distribute d 
processo r  tha t  m a y achiev e ^ua^t-systemati c perfor -
mance unde r  ̂ propriat e conditions . 

T wo condition s wer e explored .  First ,  di e 
corpu s mus t  itsel f  b e systematic .  Eac h featur e o f 
di e stimul i  mus t  b e paire d wid i  ever y othe r  featur e 
so dia t  n o contex t  sensitiv e regularitie s ca n b e in -
duced .  Th e close r  di e corpu s come s t o thi s criterion , 
di e mor e systemati c wil l  b e th e network' s generali -
zatio n performance . 

W h en th e corpu s systematicit y requiremen t 
i s no t  met ,  di e networ k wil l  induc e specifi c  regulari -
ties,  associativ e constraints ,  betwee n stimulu s fea -
tures .  I f  dies e regularitie s ar e strong ,  th e networ k 
wil l  respon d t o nove l  stimul i  accordin g t o dies e spe -
cifi c  regularities .  I t  wil l  produc e th e response s i t 
learne d fro m traine d stimuli .  I t  wil l  regularize . 
Thes e specifi c  regularitie s ar e als o valuabl e fo r  draw -
in g inference s an d completin g incomplet e stimul i 
wid i  defaul t  values . 

Large r  mor e systemati c corpor a produc e 
mor e systemati c generalization s becaus e the y 
strengthe n di e identit y constraint s relativ e t o th e as -
sociativ e constraints .  Ye t  eve n i n thes e larg e corpo -
ra ,  whe n nonsystemati c responses  occur ,  the y ten d t o 
be di e specifi c regularity  response s an d the y occu r  i n 
space s o f  di e corpu s wher e th e associativ e con -
straint s ar e stronger . 

Mor e nonsystemati c response s ar e produce d 
when nois e i s adde d t o th e inpu t  signal .  Addin g 
backgroun d nois e t o th e mode l  i s sensibl e fo r  thre e 
reasons:  1 )  nois e i s likel y t o b e a  qualit y o f  th e 
brain ,  2 )  nois e provide s a  mechanis m fo r  choosin g re -
sponses ,  an d 3 )  nois e set s di e stag e fo r  effect s o f  at -
tention .  Interestingly ,  th e nonsystemati c response s 
produce d unde r  normall y distribute d nois e condi -
tions  ar e no t  rando m bu t  correspon d agai n t o specifi c 
regularities.  Noise ,  then ,  lower s th e degre e o f  syste -
maticity .  A  fu n phonologica l  exampl e i s th e 
"telephon e game "  wher e a  sentenc e i s whispere d 
d o wn a  lin e o f  people .  B y th e end ,  di e sentenc e ha s 
ofte n change d dramatically . 

Finally ,  modulation s o f  attentio n ca n atten -
uat e th e effec t  o f  nois e an d retur n th e network' s re -
spondin g t o a  highe r  degre e o f  systematicity .  I n 
combinatio n wid i  a  non-linea r  activatio n function , 
attentio n ca n boos t  a  signa l  nearl y obscure d b y 
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noise .  Th e vie w o f  attentio n use d her e i s prcK̂ essin g 
power  o r  vigilanc e t o th e task . 

Severa l  differen t  method s o f  implementin g 
attentio n hav e bee n use d wit h connectionis t  models . 
Cohen,  Dunbar ,  an d McClellan d (1990 )  adde d a  con -
stan t  t o th e units '  ne t  input .  Thi s chang e move s th e 
inpu t  t o a  sharpe r  par t  o f  tii e activatio n function . 
Here ,  attentio n i s a  multiplie r  o f  th e input .  Servan -
Schreiber ,  Printz ,  and  Cohe n (1990 )  directl y change d 
th e slop e o f  th e activatio n function .  Thoug h differ -
ent  i n detail ,  eac h produce s th e sam e essentia l  effec t 
of  sharpenin g th e decisio n threshol d o f  units . 

Thes e results  com e fro m a  ver y simpl e an d 
abstrac t  function-learnin g task .  H o w migh t  thes e 
result s b e extende d t o mor e comple x cognitiv e 
tasks ? Th e extensio n t o languag e comprehensio n ha s 
bee n discusse d i n S t  Joh n an d McClellan d (1990 ) 
and  St .  Joh n (1992 ,  simulatio n 2) .  Tli e input s migh t 
be sequence s o f  word s an d th e output s migh t  b e 
thei r  correspondin g events .  W h e n th e corpu s i s sys -
tematic ,  nove l  sentence s wil l  b e understoo d system -
atically .  Eac h wor d map s straightforwardl y ont o 
it s associate d meaning .  However ,  whe n specifi c  reg -
ularitie s ar e presen t  i n th e corpus ,  suc h a s semanti c 
regularities,  th e mode l  ma y misinterpre t  a  nove l  sen -
tenc e t o b e th e closes t  know n meaning .  Thes e misin -
terpretation s wil l  occu r  mor e frequentl y whe n pro -
cessin g i s lo o rapi d o r  scanty .  Les s wel l  attende d in -
formatio n wil l  b e processe d les s wel l  an d 
potentiall y  overridde n b y specifi c  regularizations 
fro m bette r  processe d part s o f  th e sentence .  O f 
course ,  natura l  languag e i s tremendousl y complex , 
so thes e idea s ar e simpl y suggestive .  Bu t  th e phe -
nomena referre d t o i n th e introductio n indicat e tha t 
thes e idea s ma y b e importan t  t o understandin g lan -
guag e comivehension . 

For  recognitio n memory ,  th e corpu s corre -
spond s t o th e trainin g set .  Durin g testing ,  th e out -
put  correspond s t o a  familiarit y judgement .  Th e 
close r  th e outpu t  matche s th e input ,  th e stronge r  th e 
familiarit y score .  Fo r  nove l  stimuli ,  systemati c re -
sponse s wil l  matc h th e input ,  produc e hig h familiari -
t y scores ,  an d wil l  therefor e correspon d t o fals e 
alarms .  Researc h i n ou r  la b show s tha t  i n a  recogni-
tio n memor y tas k usin g systemati c trainin g corpora , 
subject s produc e a  larg e numbe r  o f  suc h fals e alarms . 

The results  describe d her e ar e exploratory , 
but  f>oientiall y  ver y usefu l  fo r  explainin g th e quasi -
systematicit y foun d i n languag e an d memory .  T w o 
factor s foun d t o affec t  th e degre e o f  systematicit y 
ar e th e degre e o f  systematicit y i n th e trainin g corpu s 
and th e amoun t  o f  attentio n pai d t o th e task . 
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