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A b s t r a c t 

Acros s language s ther e ar e certai n characteristic s 

whic h the y share .  Linguists ,  tryin g t o explai n lan -

guag e universals ,  hav e com e u p wit h differen t  theo -
ries :  The y argu e fo r  (1 )  th e innatenes s o f  genera l 

linguisti c principles ,  (2 )  th e communicativ e func -

tion s reflecte d i n linguisti c structure ,  (3 )  th e psy -

chologica l  demand s place d upo n languag e users ,  o r 

(4 )  grammar-interna l  explanations .  Thi s pape r  trie s 

t o explai n som e o f  th e morphologica l  universal s i n 

th e framewor k o f  a  connectionis t  network ,  support -

in g th e thir d approach .  Employin g simpl e recurren t 

networks ,  a  serie s o f  experiment s wer e don e o n var -
iou s type s o f  morphologica l  rules .  Th e result s sho w 

tha t  th e model' s performanc e mirror s th e exten t  t o 

whic h th e differen t  type s o f  rule s occu r  i n natura l 

languages .  Th e pape r  explain s ho w th e mode l  ha s 

discovere d thes e universals . 

1 Introduction 

The study of language universals has been a ma-
jo r  focu s o f  moder n linguistic s fo r  a t  leas t  th e pas t 

thre e decades .  W h y d o language s shar e th e univer -
sal  propertie s tha t  the y do ? W h y d o language s ex -

hibi t  th e rang e o f  variatio n tha t  the y do ? W h y ar e 
certai n logicall y possibl e propertie s no t  foun d i n an y 
h u m an languages ? I n attemptin g t o answe r  thes e 

questions ,  i t  appear s tha t  hnguist s ca n b e groupe d 

accordin g t o fou r  differen t  theories ,  a s explaine d b y 

Hawkin s (1988) : 

S o me argu e fo r  th e innatenes s o f  genera l  lin -

guisti c principle s house d withi n a  languag e 
acquisitio n devic e ( L A D )  whic h enable s th e 
new-bor n chil d t o acquir e th e particula r  lan -
guag e o f  his/he r  communit y wit h remarkabl e 

spee d an d despit e impoverishe d input .  Oth -

er s argu e fo r  a  mor e social ,  rathe r  tha n a  bio -

logical ,  foundatio n t o language:  th e c o m m u -

nicativ e (discourse-pragmatic )  function s tha t 

languag e user s perfor m ar e reflecte d i n lin -

guisti c structure .  Ye t  other s appea l  t o th e 

psychologica l  demand s place d upo n languag e 

user s i n th e productio n an d comprehensio n o f 

languag e i n rea l  time .  Thes e so-calle d 'pro -

cessing '  demand s ar e als o argue d t o b e re -

flected  i n it s structure ,  a s ar e certai n intrin -

si c propertie s o f  ou r  h u m a n perceptua l  an d 
cognitiv e apparatus .  Finally ,  ther e ar e mor e 
grammar-interna l  explanations ,  whereb y on e 

par t  o f  th e gramma r  i s  claime d t o b e ex -
plaine d b y another ,  fo r  reason s essentiall y o f 

interna l  consistency ,  (p .  3 ) 

This paper tries to explain some of the morpho-

logica l  universal s i n th e framewor k o f  a  connection -

is t  model .  M y approac h i n thi s pape r  i s on e tha t  i s 

base d o n th e demand s o f  learnabilit y an d processin g 

(thir d approac h fro m th e abov e quote) . 

Employin g simpl e recurren t  networks ,  a  serie s o f 
experiment s wer e don e o n variou s type s o f  morpho -
logica l  rules .  Th e result s sho w tha t  th e model' s per -
formanc e mirror s th e exten t  t o whic h th e diff"eren t 

type s o f  rule s occu r  i n natura l  languages .  Th e pape r 
explain s ho w th e mode l  ha s discovere d thes e univer -

sals . 

2 Experiments 

2.1 Method 

1 use a relatively constrained three-layer network. 
one i n whic h feedforwar d connection s ar e supple -
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Figur e 1 :  Architectur e o f  tli e networ k 

mente d b y limite d feedbac k connections .  Figur e 1 

shows th e networ k architectur e use d fo r  th e experi -

ments . 

T h e architectur e show n i n Figur e 1  i s a  shgh t 

modificatio n o f  th e simpl e recurren t  networ k devel -

ope d b y E lma n (Elnian .  1990) .  Sinc e morphologica l 

processe s ar e temporal ,  w e nee d t o hav e som e kin d 

of  short-ter m m e m o r y t o stor e th e previou s events . 

Th e feedbac k connection s fro m th e hidde n laye r  t o 

th e inpu t  laye r  serv e thi s purpose . 

Th e For m cliqu e i n th e inpu t  an d outpu t  layer s 
consist s o f  8  unit s representin g a  phonologica l  seg -

ment .  Eac h Meanin g cliqu e consist s o f  7  units ,  6 

of  whic h represen t  a  ste m meanin g an d 1  o f  whic h 

represent s a  grammatica l  featur e o f  th e inpu t  wor d 

( 0 fo r  th e absenc e o f  tha t  feature ,  e.g .  singular ,  1 

fo r  th e presenc e o f  th e feature ,  e.g .  plural) .  Th e 

networ k hei s a  variabl e numbe r  o f  hidde n unit s an d 

an equa l  numbe r  o f  Contex t  units. '  Eac h o f  th e firs t 

tw o clique s receive s inpu t  fro m th e outside ,  whil e th e 

Contex t  unit s receiv e a  cop y o f  th e activation s o n th e 

hidde n laye r  fro m th e previou s tim e step .  Th e hid -

de n unit s receiv e activation s fro m th e inpu t  layer , 

feedin g th e outpu t  layer .  I n addition ,  th e activa -

tion s o n th e hidde n laye r  ar e fe d bac k t o th e Contex t 

units .  Th e outpu t  laye r  receive s activation s fro m th e 

hidde n layer .  Th e outpu t  laye r  produce s output s 

i n accordanc e wit h th e curren t  for m an d meanin g 

an d predict s th e nex t  inpu t  form .  Give n th e cur -

*Th e siz e o f  hidde n laye r  wa s decide d empirically ,  tha t 
is ,  pilo t  ru n wa s don e fo r  eac h experiment ,  an d th e networ k 
whic h gav e th e bes t  performanc e wa s chosen . 

ren t  for m an d meaning ,  th e networ k i s traine d t o 

replicat e the m o n on e par t  o f  th e outpu t  laye r  (au -

toassociation )  an d t o predic t  wha t  come s nex t  i n 

th e sequenc e (prediction) .  M y concer n i s wit h th e 

arbitrar y relationshi p betwee n for m an d meaning ; 

henc e w e nee d no t  concer n ourselve s i n thi s pape r 

wit h genuin e semantics .  Th e soli d arrow s denot e th e 

learnabl e one-to-nian y connection s fro m th e unit s o n 

th e lowe r  level s t o thos e o n th e highe r  levels .  Fo r  ex -

ample ,  an y give n uni t  o n th e inpu t  laye r  connect s t o 

al l  th e o n th e hidde n layer .  Th e dashe d arro w de -

note s th e fixed  one-to-on e connections ,  o n whic h n o 

learnin g take s plac e wit h onl y on e connectio n fro m 

a give n highe r  leve l  uni t  t o a  singl e lowe r  leve l  unit . 

Ther e ar e n o intra-leve l  connection s i n th e unit s i n 

any cliqu e o r  betwee n cliques .  Th e standar d back -

propagatio n learnin g rul e (Rumelhart .  Hinlon ,  an d 

Williams .  1986 )  i s use d t o trai n th e network . 

Thi s networ k ha s th e capacit y t o associat e for m 

wit h meanin g a s wel l  a s for m wit h for m an d mean -

in g wit h meaning .  Thu s i t  ca n perfor m th e tas k o f 
th e productio n o f  a  sequenc e o f  segment s give n a 

meaning . 

Th e result s indicat e tha t  th e networ k lik e thi s i s 

capabl e o f  learnin g variou s type s o f  morphologica l 

rules .  Tha t  is ,  give n trainin g o n th e singular ,  bu t 

not  th e plura l  o f  tone ,  th e networ k wa s late r  abl e t o 

generat e th e appropriat e plura l  suffi x  followin g th e 

stem . 

For  example ,  th e networ k wa s traine d o n pair s 

lik e th e following : 

(1) ZONE + SINGULAR ~> /zon/ 

(2 )  ZONE +  PLURAL ~ > /zonz / 

(3 )  TONE +  SINGULA R ~ > /ton / 

and then it was tested on pairs like the following to 

see i f  i t  the n yielde d correc t  phonologica l  forms : 

(4) TONE + PLURAL --> /ton/ + ??, 

where the items in capitals represent meanings. 

Inpu t  word s wer e compose d o f  sequence s o f  seg -

ments .  Eac h segmen t  consiste d o f  a  binar y vecto r 

whic h represent s modifie d Chomsky-Hall e phoneti c 

feature s (Chomsk y an d Halle ,  1968) :  1  fo r  th e pres -

enc e o f  a  particula r  featur e an d 0  fo r  it s  absence ,  a s 

shown i n Figur e 2 .  Eac h segmen t  typ e wa s uniquel y 

specifie d a s a  binar y vecto r  o f  8  features . 

Ther e wer e 2 0 word s fo r  eac h simulation .  Te n 

set s o f  randoml y generate d artificia l  word s wer e use d 

fo r  eac h experiment .  Twelv e o f  thes e wer e desig -

nate d 'training "  words ,  8  "test "  words .  Fo r  eac h o f 
thes e basi c words ,  ther e wa s a n associate d inflecte d 
form .  Fo r  convenience .  I  wil l  refe r  t o th e uninflecte d 
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Figur e 2 :  Phoneme s represente d a s binar y vector s 

accordin g t o th e featur e matri x simila r  t o tha t  o f 

Chomskv-Halle . 

for m a s th e "singular "  an d th e inflecte d for m a s th e 

"plural "  o f  th e wor d i n question .  Th e networ k wa s 

traine d o n bot h singula r  an d plura l  form s o f  th e 

trainin g word s an d onl y o n th e singula r  form s o f 

th e tes t  words .  Word s wer e presente d on e segmen t 
at  a  time .  Th e networ k wa s traine d o n th e autoasso -

ciatio n an d predictio n task .  I t  wa s teste d i f  i t  the n 
yielde d correc t  morphologica l  forms . 

To tes t  th e network' s performanc e o n th e pro -

ductio n task ,  I  gav e th e networ k th e appropriat e 
segment s fo r  th e ste m successively ,  alon g wit h th e 

meanin g o f  tha t  ste m an d th e numbe r  uni t  o n fo r 

plural .  I  the n examine d th e predictio n outpu t  unit s 

at  th e poin t  wher e th e plura l  morphem e shoul d ap -

pear .  Base d o n Euclidea n distance ,  eac h outpu t  pat -
ter n wa s converte d t o th e neares t  phoneme . 

2.2 Results 

The morphological processes used were classified 
int o thre e differen t  categories :  (1 )  addition ,  (2 )  dele -
tion ,  an d (3 )  mutation ,  an d experiment s wer e con -
ducte d o n differen t  type s o f  rules ;  one s whic h ar e 

Tabl e 1 :  Result s o f  morphologica l  proces s experi -

ments .  " % Seg s Correc t  " "  refer s t o th e percentag e 

of  al l  th e segment s whic h th e networ k predicte d cor -

rectly ,  whil e "V c Aff s Correct "  refer s t o th e percent -

age o f  correctl y predicte d affixes . 

Suffi x 

Prefi x 

Infi x 

P re-de l 

Mid-de l 

Post-de l 

Reversa l 

% Seg s Correc t 

82. 3 

62. 0 

73. 5 

12. 5 

23. 8 

57. 5 

22. 5 

% Aff s Correc t 

82. 5 

76. 3 

42. 5 

rarel y foun d i n huma n language s a s wel l  a s one s 

whic h ar e commonl y found ,  a s show n below : 

1. suffixation (-|- assimilation): fik -> fiks, 

go b - > gob z 

2. prefixation (-1- assimilation): fik -> sfik, 

go b - > zgo b 

3. infixation (gemination): ipa -> ippa 

4. initial deletion: fik -> ik 

5. medial deletion: ippa -> ipa 

6. final deletion: fik -> fi 

7. reversal: fik -> kif 

The network succeeded on rule types which are 
c o m m on i n huma n language s an d faile d o n thos e 
whic h ar e rar e o r  non-existent .  Type s 1  an d 2  ar e 

c o m m o n,  type s 3- 6 les s c o m m o n ,  an d typ e 7  non -

existent .  Th e result s ar e summarize d i n Tabl e 1 . 

3 Discovery of Universals 

The model shows clear evidence of having learned 
morphologica l  rules .  Th e degre e o f  master y o f  th e 

rule s mirror s th e exten t  t o whic h th e differen t  type s 
of  rule s occu r  i n natura l  languages .  I n thi s section . 

I  wil l  explai n ho w th e mode l  ha s discovere d som e 

universals . 

3.1 Affixation and Deletion 

The network performed much better on the affixa-
tio n task s tha n o n th e deletio n tfisks .  Th e reaso n 
i s tha t  fo r  th e affixatio n tasks ,  th e mode l  ha d t o 
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predic t  th e segmen t  followin g th e curren t  phoneme . 

whil e fo r  th e deletio n case s it s tas k wa s t o predic t 

th e phonem e tha t  woul d com e afte r  th e nex t  on e i f 

i t  wer e no t  deleted .  Fo r  th e latte r  ta.sk .  ther e i s a 

ga p betwee n th e curren t  phonem e an d th e on e tha t 

i s t o b e predicted ,  makin g i t  mor e difficul t  fo r  th e 

networ k t o predic t  th e correc t  segment .  Conside r 

th e followin g thre e cases : 

(5) /tap/ + /#/ and /tap/ + /s/ 

(6 )  / tan /  +  / # /  an d / tan /  +  / z / 

(7 )  / tap /  +  / # /  an d / ta /  +  / # / 

Problems (1) and (2) are somewhat easy, as in 

eac h cas e th e identit y o f  th e las t  phonem e depend s 

on th e penultimat e phoneme .  T h e differen t  context s 

create d b y th e penultimat e phonem e ar e sufficien t  t o 

ensur e tha t  differen t  prediction s ca n b e m a d e fo r  th e 

las t  phoneme .  However ,  fo r  (3) .  th e final  phoneme , 

tha t  is .  th e wor d boundary ,  come s afte r  th e final 

phoneme i n th e ste m fo r  th e singula r  case ,  whil e 

i t  come s afte r  th e secon d phonem e fo r  th e plura l 

case .  T o predic t  th e wor d boundar y correctl y i n 

bot h cases ,  th e networ k mus t  develo p differen t  inter -

nal  representation s relativ e t o th e secon d phonem e 

fo r  eac h case .  (Indeed ,  th e hidde n uni t  activation s 

hav e t o b e differen t  i f  differen t  output s ar e t o b e pro -

duced. )  Onl y i n thi s wa y ca n th e networ k generat e 

th e correc t  final  phonem e (an d i n th e nex t  tim e ste p 

th e wor d boundary )  fo r  th e singula r  Ceis e an d simpl y 

th e wor d boundar y fo r  th e plura l  case .  Sinc e th e pre -

dictio n task s ar e th e sam e fo r  bot h case s u p t o th e 

secon d phoneme ,  th e networ k tend s t o develo p th e 

same hidde n representations .  Thi s "homogenizing " 

proces s seem s t o strongl y hinde r  learnin g i n deletio n 

teisks .  Servan-Schreiber .  Cleeremans ,  an d McClel -

lan d (1988 )  repor t  simila r  findings  i n thei r  stud y o n 

learnin g tw o arbitrar y sequence s o f  th e sam e lengt h 

an d endin g i n tw o differen t  letter s suc h as : 

PSSS P and TSSS T 

The y report : 

. .  .  th e prediction s i n eac h sequenc e ar e iden -
tica l  u p t o th e las t  letter .  A s simila r  output s 

ar e require d o n eac h tim e step ,  th e weigh t  ad -

justmen t  procedur e pushe s th e networ k int o 
developin g ideniica l  interna l  representation s 

at  eac h tim e ste p an d fo r  th e tw o sequence s -

therefor e goin g i n th e opposit e directio n tha n 

i s required ,  (p .  29 ) 

The very nature of the back-propagation learning 

rul e an d th e structur e o f  th e mode l  enabl e correc t 
predictio n o f  th e affixe d phoneme s bu t  mak e diffi -
cul t  th e predictio n o f  th e segment s afte r  a  phonem e 

i s deleted .  Thi s i s on e explanatio n fo r  th e univer -

sal  tendenc y o f  natura l  language s t o exhibi t  m a n y 

affixatio n processes ,  bu t  fe w deletio n j)rocesses . 

3.2 AfFixatiou and Assimilation 

The network was able to generate the appropriate 

form s eve n i n ih e prefi x cas e whe n a  "right-to-left " 

(anticipatory )  rul e wa s involved .  Tha t  is .  th e fac t 

tha t  th e networ k wa s traine d onl y o n predictio n di d 

not  limi t  it s  performanc e t o left-to-righ t  (per.severa -

tive )  rule s sinc e i t  ha d acces s t o a  stati c '"meaning '  , 

permittin g i t  t o "look-ahead "  t o th e relevan t  featur e 

on th e phonem e followin g th e prefix .  W h a t  make s 

thi s interestin g i s th e fac t  tha t  th e meanin g pattern s 

bear  n o relatio n t o th e phonolog y o f  th e stems .  T h e 

connection s betwee n th e ste m meanin g inpu t  unit s 

and th e hidde n laye r  unit s wer e bein g traine d t o en -

cod e th e voicin g featur e eve n when ,  i n th e cas e o f 

th e tes t  words ,  thi s wa s neve r  require d durin g train -

ing .  Fo r  example ,  conside r  th e followin g trainin g se t 

of  artificia l  data . 

(8 )  FIK ^  +  SIHGULA R — > /l ik / 

(9 )  FI K +  PLURAL — > /slik / 

(10 )  KD B +  SIHGULA R ~ > /kob / 

When the network predicted the prefix of the word 

'"KOB "  fo r  plural , 

(11) KOB + PLURAL --> ?? + /kob/, 

it had available to it the characteristics of the first 

phoneme i n th e stem :  amon g the m notabl y th e voic -

in g feature .  Th e meanin g '"KOB "  ha s /k /  associate d 

wit h i t  a s it s first  segment .  Thu s th e networ k know s 

tha t  i t  ha s t o produc e /s/ .  sinc e th e grammatica l 

featur e uni t  i s  o n an d /k /  i s  voiceless . 

I n an y case ,  i t  i s  clea r  tha t  right-to-lef t  assim -

ilatio n i n a  networ k suc h a s thi s i s mor e diffi -

cul t  t o acquir e tha n left-to-righ t  assimilation ,  al l 

els e bein g equal .  Cross-linguisti c studie s o f  mor -

pholog y hav e reveale d a n asymmetr y i n th e fre -

quenc y o f  affixin g processe s i n favo r  o f  suffixin g 

ove r  prefixin g (Hawkins .  1988) .  meanin g tha t  ther e 

ar e a t  leas t  fewe r  opportunitie s fo r  th e right-to-lef t 

process. ^  I  a m unawar e o f  an y concret e evidenc e 

tha t  woul d suppor t  left-to-righ t  assimilatio n a s eas -

ie r  tha n right-to-lef t  assimilation ,  thoug h i n tryin g 

^As explaine d before ,  th e item s i n capital s represen t  mean -
ings .  Sinc e th e wor d i s a  made-u p one ,  ste m meanin g i s 
£u:bitreu-y . 

•'O f  course ,  thi s doe s no t  necessaril y  mea n tha t  left-to -
righ t  rule s ar e mor e commo n thju i  right-to-lef t  rules .  I n fact . 
right-to-left  stres s rule s ar e mor e commo n tha n left-to-righ t 
ones . 
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t o explai n th e asymmetr y betwee n th e processe s 

Hawkin s an d Cutle r  (1988 )  argu e that : 

...the linguistic and psycholinguislic evi-

denc e togethe r  sugges t  tha t  languag e struc -

tur e reflect s th e preferenc e o f  languag e user s 

t o proces s stem s befor e afR.xes ,  i n tha t  th e 

componen t  preferre d fo r  prio r  processin g re -

ceive s th e mos t  salien t  (initial )  positio n i n th e 

word ,  th e componen t  t o b e processe d secon d 

a les s salien t  position .  Tha t  is ,  th e suffix -

in g preferenc e result s i n stem s generall y bein g 

ordere d befor e eiffixe s becaus e languag e user s 

prefe r  t o proces s stem s befor e affixes ,  (p .  311 ) 

Why does the network find infixation most dif-

ficult  a m o n g thre e sufRxatio n cases ? Conside r  th e 

suffixatio n an d prefixatio n Ccises .  T h e affixe s t o b e 

predicte d i s eithe r  /s /  o r  /z/ ,  diff̂ erin g onl y i n on e 

phoneti c feature ,  i.e .  voicing .  Fo r  th e infixatio n 

cases ,  th e tas k i s t o doubl e th e phonem e jus t  seen , 

makin g th e affixe s differen t  fo r  eac h wor d tested . 

Th e variatio n o f  affixe s t o b e predicte d i s muc h big -

ger  i n th e infixatio n task s tha n i n th e suffixatio n o r 

prefixatio n tasks .  Presente d wit h th e nove l  word , 
th e networ k i s pron e t o mak e mor e erroneou s pre -

diction s i n th e infixatio n cases . 

Whateve r  reaso n ther e migh t  be ,  i t  i s  ver y en -

couragin g t o se e tha t  th e mode l  perform s i n a  wa y 

tha t  mirror s h u m a n language :  suffixatio n i s mor e 

frequen t  acros s language s tha n prefixation .  an d bot h 

ar e considerabl y mor e frequen t  tha n infixation . 

3.3 Reversal 

What is it that makes the reversal rule, apparently 
diflScul t  fo r  h u m a n languag e learners ,  s o difficul t  fo r 

th e network ? S o m e aspect s o f  th e rul e wer e learned . 

I n 4 9 % o f  th e case s th e networ k produce d a  C V C 

syllabl e a s th e plura l  form .  W h a t  i t  coul d no t  d o 

was t o predic t  th e correc t  consonant s fo r  th e pjis t 
tense . 

Conside r  wha t  happen s i n th e suffi x  o r  pre -

fix  cases .  Th e inpu t  consist s o f  th e sequenc e o f 

phonemes representin g th e ste m o f  a  word ,  togethe r 

wit h th e ste m meanin g see n durin g trainin g an d th e 
plural ,  no t  see n i n thi s combinatio n durin g training . 

Give n a  nove l  se t  o f  patterns ,  th e networ k treat s i t 

as a  combinatio n o f  tw o sort s o f  pattern s i t  ha s see n 

before :  on e o f  whic h i s a  sequenc e o f  phoneme s rep -
resentin g th e ste m o f  a  word ,  excludin g th e affix , 

alon g wit h th e ste m meaning ;  th e othe r  o f  whic h i s 
th e plura l  input ,  alon g wit h th e featur e o f  th e seg -
ment  tha t  determine s th e appropriat e plura l  form . 
Th e relevan t  phoneti c featur e i s readil y availabl e i n 

th e suffi x  cas e a s a  par t  o f  th e input .  I n th e prefi x 

case ,  a s argue d i n th e previou s subsection ,  i t  i s  avail -

abl e a s a n acquire d propert y o f  th e ste m meaning . 

For  th e reversa l  case ,  i f  w e thin k o f  th e nove l 

ite m i n th e for m o f  a  se t  rathe r  tha n a  sequence , 

the n exactl y th e sam e se t  o f  segment s i s use d fo r 

bot h singula r  an d plura l  words .  Mor e importantly , 

however ,  sinc e th e network' s tas k i s t o predic t  th e 

nex t  segment ,  ther e ca n b e n o sharin g a t  al l  betwee n 

th e singula r  an d plura l  form s i n term s o f  prediction . 

Pattern s o n th e hidde n laye r  develo p i n respons e t o 

prediction ,  s o w e shoul d expec t  littl e similarit y be -

twee n contex t  input s fo r  singula r  an d plura l  words . 

As a  result ,  th e networ k doe s no t  hav e m u c h m a -

teria l  availabl e fo r  interpretin g th e nove l  reverse d 

words .  Presente d wit h th e nove l  plura l  form ,  i t 

i s  mor e likel y t o respon d base d o n similarit y wit h 

a wor d containin g a  simila r  sequenc e o f  phoneme s 

(e.g. ,  gi p an d gil )  tha n respon d wit h th e correc t 

mirror-imag e sequence . 

4 Limitations and Extensions 

Despite its successes, this model is far from an ad-
equat e accoun t  o f  th e explanatio n o f  languag e uni -

versals .  A m o n g m a n y o f  th e possibl e morphologi -

cal  processes ,  onl y a  fe w tha t  ar e typica l  wor d con -

structio n type s an d ar e als o ecis y t o implemen t  wer e 

selected .  Equall y a s importan t  a s th e networks' s 

abilit y  t o easil y handl e onl y thos e rule s whic h oc -

cur  i n h u m a n languages ,  i s th e nee d fo r  th e mode l 
t o explai n mor e comple x morphologica l  phenomena . 
First ,  i t  shoul d b e abl e t o accoun t  fo r  reduplication . 

sinc e th e hig h frequenc y o f  reduplicatio n i n h u m a n 

language s implie s tha t  th e mode l  shoul d b e abl e t o 
handl e thi s kin d o f  process .  Fo r  th e mode l  t o b e 

abl e t o produc e word s usin g thi s process ,  th e curren t 

model  m a y nee d t o b e substantiall y  modified .  Redu -

plicatio n require s a  primacy-oriente d S T M :  suc h a 

model  woul d hav e t o focu s o n th e beginning s o f  se -
quence s becaus e withou t  th e first  segment ,  i t  woul d 

be ver y difficult ,  i f  no t  impossible ,  t o predic t  th e 

res t  o f  th e sequenc e o f  th e word .  Onc e a  cu e wa s in -

put ,  th e networ k woul d hav e t o reproduc e th e par t  i t 

had see n s o far .  A  stati c representatio n o f  segment s 
tha t  encode s sequences ,  no t  jus t  th e context s o f  th e 

segment s migh t  b e neede d i n thi s case .  Thi s stati c 

representation ,  then ,  coul d b e use d t o reproduc e th e 

desire d sequenc e whe n give n th e correc t  cue .  T h e 
curren t  mode l  i s designe d t o encod e th e context s o f 

segments ,  an d it s S T M i s therefor e recency-oriented , 

sinc e i t  i s  traine d t o predic t  th e nex t  segment ;  ye t  I 
a m no t  sur e i f  i t  woul d accommodat e a  stati c repre -
sentation .  Th e mode l  migh t  nee d som e kin d o f  hel p 
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t o acquir e som e knowledg e o f  th e syllabl e structure , 

as wel l  Si S othe r  features . 

Anothe r  morphologica l  proces s tha t  i s ver y chal -

lengin g t o th e curren t  mode l  i s tha t  o f  nieiathesis , 

th e transpositio n o f  tw o phoneme s i n a  word .  A s 

demonstrate d b y th e reversa l  experiment ,  thi s kin d 

of  proces s migh t  b e extremel y difficult ,  i f  no t  impos -

sible ,  fo r  th e mode l  t o acquire . 

The experiment s reporte d her e wer e carrie d ou t 

on onl y a  small ,  an d severel y restricte d inpu t  cor -

pus .  Onl y 2 0 artificia l  word s wer e considere d i n eac h 

simulatio n run .  T o b e abl e t o clai m th e plausibilit y 

of  thi s mode l  a s a n adequat e syste m tha t  ca n pro -

cess morphologica l  phenomena ,  1  nee d t o expan d m y 

researc h t o a  bigge r  dat a set .  1  use d artificia l  lan -

guag e dat a fo r  al l  th e experiments ,  partl y becaus e 

i t  wa s simpler .  On e o f  th e bigges t  drawback s o f 

thi s approac h i s tha t  i t  canno t  tak e int o accoun t  th e 

phonotactic s o f  rea l  huma n languages . 

Rumelhart ,  D. ,  Hinton ,  G. ,  an d Williams ,  R .  1986 . 

Learnin g interna l  representation s b y erro r  prop -

agation .  I n D .  Rumelhar t  an d J .  McClellan d 

(f;ds.) ,  ParaUi l  Distribute d Processing ,  Volum e 

1:  31 9 362 .  Cambridge :  M I T Press . 

Servan-Schreiber,  D., Cleeremans, A., and McClel-

land ,  J .  1988 .  Encodin g sequentia l  structur e i n 

simpl e recurren t  networks ,  Technica l  Report , 

CMU-CS-88-183 ,  Dept .  o f  Compute r  Science , 

Carnegi e Mello n University . 

5 Conc lus io n 

In this paper, some of the morphological universals 

wer e explaune d i n th e framewor k o f  a  connectionis t 

network .  Th e stud y reporte d her e i s mean t  t o mode l 

human learnin g an d processing ,  attemptin g t o un -

derstan d languag e universal s i n term s o f  psycholog -

ic2 d demands .  I  d o no t  believ e tha t  th e wor k de -

scribe d i n thi s pape r  necessaril y  make s stron g claim s 

tha t  huma n perceptua l  processe s ar e learne d b y th e 

model  use d her e (th e mode l  migh t  no t  b e th e righ t 

one Eifte r  all )  an d i t  remain s t o b e see n ho w muc h 

my approac h t o th e relativel y trivia l  processe s deal t 

wit h mus t  b e modifie d t o dea l  wit h mor e comple x 

processe s an d th e elaborat e mechanism s fo r  han -

dlin g the m posite d b y traditiona l  phonologists ,  bu t 

i t  give s a n exampl e o f  th e kin d o f  contributio n con -

nectionis m ca n mak e t o th e searc h fo r  languag e uni -

versal s an d thei r  explanation . 
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