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Abstrac t 

Across the languages of the world there is a high degree of 
consistenc y wit h respec t  t o th e orderin g o f  head s o f  phrases . 
Withi n th e generativ e approac h t o languag e thes e correlationa l 
universal s hav e bee n take n t o suppor t  th e ide a o f  innat e lin -
guisti c constraint s o n wor d order .  I n contrast ,  w e sugges t 
tha t  th e tendenc y toward s wor d orde r  consistenc y ma y emerg e 
firom  non-linguisti c constraint s o n th e leamin g o f  highl y struc -
ture d tempora l  sequences ,  o f  whic h huma n language s ar e prim e 
examples .  First ,  a n analysi s o f  recursiv e consistenc y withi n 
phrase-structur e rule s i s provided ,  showin g ho w inconsistenc y 
may imped e leaming .  Result s ar e the n presente d from  connec -
tionis t  simulation s involvin g simpl e recurren t  network s with -
out  linguisti c  biases ,  demonstratin g tha t  recursiv e inconsisten -
cie s directl y affec t  th e leamabilit y o f  a  language .  Finally ,  typo -
logica l  languag e dat a ar e presented ,  suggestin g tha t  th e wor d 
orde r  pattern s whic h ar e infrequen t  amon g th e world' s lan -
guage s ar e th e one s whic h ar e recursivel y inconsisten t  a s wel l 
as bein g th e pattern s whic h ar e har d fo r  th e net s t o learn .  W e 
therefor e conclud e tha t  innat e linguisti c knowledg e ma y no t  b e 
necessar y t o explai n wor d orde r  universals . 

I n t r o d u c t i o n 

Ther e i s a  statistica l  tendenc y acros s huma n language s t o con -
for m t o a  for m i n whic h th e hea d o f  a  phras e consistentl y i s 
place d i n th e sam e position—eithe r  first  o r  last—wit h respec t 
t o th e remainin g claus e material .  Englis h i s considere d t o b e a 
head-firs t  language ,  meanin g tha t  th e hea d i s mos t  frequentl y 
place d first  i n a  phrase ,  a s w h e n th e ver b i s place d befor e th e 
objec t  M P i n a  transitiv e V P suc h a s 'ea t  curry' .  I n contrast , 
speaker s o f  Hind i  woul d sa y th e equivalen t  o f  'curr y ear' ,  be -
caus e Hind i  i s  a  head-las t  language .  Likewise ,  head-firs t  lan -
guage s ten d t o hav e preposition s befor e th e N P i n PP s (suc h 
as 'wit h a  fork') ,  wherea s head-las t  language s ten d t o hav e 
po.f<position s followin g th e N P i n PP s (suc h a s ' a for k with') . 
Withi n th e Chomskya n approac h t o languag e (e.g. ,  Chomsky , 
1986 )  thi s hea d directio n consistenc y ha s bee n explaine d i n 
term s o f  a n innat e modul e k n o w n a s X-lheor y whic h speci -
fies  constraint s o n th e phras e structur e o f  languages .  I t  ha s 
furthe r  bee n suggeste d tha t  thi s modul e emerge d a s a  produc t 
of  natura l  selectio n (Pinker ,  1994) .  A s such ,  i t  come s a s par t 
of  th e bod y o f  innat e linguisti c knowledge—i.e. ,  th e Univer -
sal  G r a m m a r  (UG)—tha t  ever y chil d supposedl y i s b o m with . 
Al l  tha t  remain s fo r  a  chil d t o "learn "  abou t  thi s aspec t  o f  he r 
nativ e languag e i s th e directio n (i.e. ,  head-firs t  o r  head-last )  o f 
th e so-calle d head-parameter . 

Thi s p^)e r  present s a n alternativ e explanation  fo r  word -
orde r  consistenc y base d o n th e suggestio n b y Christianse n 
(1994 )  tha t  languag e ha s evolve d t o fit  sequentia l  leamin g 
an d processin g mechanism s existin g prio r  t o th e appearanc e 
of  language .  Thes e mechanism s presumabl y als o underwen t 
change s afte r  th e emergenc e o f  language ,  bu t  th e selectiv e 
pressure s ar e likel y t o hav e c o m e no t  onl y fro m languag e 
but  als o fro m othe r  kind s o f  comple x hierarchica l  processing , 
suc h a s th e nee d fo r  increasingl y comple x manua l  combina -
tio n followin g too l  sophistication .  O n thi s view ,  hea d direc -
tio n consistenc y i s a  by-produc t  o f  non-linguisti c constraint s 
on hierarchicall y organize d tempora l  sequences .  I n particu -
lar ,  i f  recursivel y consisten t  combinationso f  grammatica l  reg -
ularities ,  suc h a s thos e foun d i n head-firs t  an d head-las t  lan -
guages ,  ar e easie r  t o lear n (an d process )  tha n recursivel y in -
consisten t  combinations ,  the n i t  seem s plausibl e tha t  recur -
sivel y inconsisten t  language s woul d simpl y "di e out "  (o r  no t 
c o me int o existence) ,  wherea s th e recursivel y consisten t  lan -
guage s shoul d proliferate .  A s a  consequenc e language s incor -
poratin g a  hig h degre e o f  recursiv e inconsistenc y shoul d b e 
fa r  les s frequen t  a m o n g th e language s o f  th e worl d tha n thei r 
mor e consisten t  counterparts . 

I n wha t  follows ,  w e first  presen t  a n analysi s o f  th e struc -
tura l  interaction s betwee n phras e structur e mles ,  suggestin g 
tha t  recursiv e inconsistenc y result s i n decrease d leamability . 
Th e nex t  sectio n describe s a  collectio n o f  simpl e grammar s 
and make s quantitativ e leamabilit y  prediction s base d o n th e 
m l e interactio n analysis .  Th e fourt h sectio n investigate s th e 
leamabilit y  questio n furthe r  vi a connectionis t  simulation s in -
volvin g network s wit h a  non-linguisti c bia s toward s hierarchi -
cal  sequenc e leaming .  T h e result s demonstrat e tha t  thes e net -
work s find  consisten t  language s easie r  t o lear n tha n inconsis -
ten t  ones .  Finally ,  typologica l  languag e dat a ar e presente d i n 
suppor t  o f  th e basi c claim s o f  th e paper ,  namel y tha t  th e wor d 
orde r  pattern s whic h ar e dominan t  a m o n g th e world' s lan -
guage s ar e th e one s whic h ar e recursivel y consisten t  a s wel l 
as bein g th e pattem s whic h th e network s (wit h thei r  lac k o f 
"innate "  linguisti c knowledge )  ha d th e leas t  problem s leam -
ing . 

Learning and Recursive Inconsistency 

To suppor t  th e suggestio n tha t  th e pattem s o f  wor d orde r  con -
sistenc y foun d i n natura l  languag e predominatel y result s fro m 
non-linguisti c constraint s o n leaming ,  rathe r  tha n innat e lan -
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Figur e 1 :  A  "skeleton "  fo r  a  se t  o f  recursiv e rules .  Curl y bracket s 
indicat e tha t  th e orderin g o f  th e constituent s ca n b e eithe r  a s i s  (i.e. , 
head-first )  o r  i n revers e (i.e. ,  head-last) ,  wherea s parenthese s indicat e 
optiona l  constituents . 

guage specific knowledge, it is necessary to point to jxDSsi-
bl e Structura l  limitation s emergin g fro m th e acquisitio n pro -
cess .  I n th e followin g analysi s i t  i s  assume d tha t  childre n onl y 
hav e limite d m e m o r y an d perceptua l  resource s availabl e fo r 
th e acquisitio n o f  thei r  nativ e language .  A  somewha t  simila r 
assumptio n concernin g processin g efficienc y play s a n impor -
tan t  rol e i n Hawkins '  (1994 )  performanc e oriente d approac h 
t o wor d orde r  an d constituency—althoug h h e focuse s exclu -
sivel y o n adul t  processin g o f  language .  Althoug h i t  ma y b e 
impossibl e t o teas e apar t  th e learning-base d constraint s fro m 
thos e emergin g fro m processing ,  w e hypothesiz e tha t  basi c 
wor d orde r  m a y b e mos t  strongl y affecte d b y leamabilit y  con -
straint s wherea s change s i n constituenc y relation s (e.g .  heav y 
NP-shifts )  m a y ste m fro m processin g limitations . 

W hy shoul d language s characterize d b y a  mixe d se t  o f 
head-firs t  an d head-las t  rule s b e mor e difficul t  t o lear n tha n 
language s i n whic h al l  rule s ar e eithe r  head-firs t  o r  head-last ? 
We sugges t  tha t  th e interactio n betwee n recursiv e rule s m a y 
constitut e par t  o f  th e answer .  Conside r  th e "skeleton "  fo r  a 
recursiv e rul e se t  i n Figur e 1 .  F ro m thi s skeleto n fou r  differ -
ent  recursiv e rul e set s ca n b e consuijcted .  Thes e ar e show n i n 
Figur e 2  i n conjunctio n wit h example s o f  structure s generate d 
fro m thes e rul e sets .  2(a )  an d (b )  ar e head-firs t  an d head-las t 
rul e sets ,  respectively ,  an d for m righ t  an d left-branchin g tre e 
structures .  Th e mixe d rul e sets ,  (c )  an d (d) ,  creat e mor e com -
ple x tre e structure s involvin g center-embeddings .  Center -
embedding s ar e difficul t  t o proces s becaus e constituent s can -
not  b e complete d immediately ,  forcin g th e languag e processo r 
t o kee p lexica l  materia l  i n m e m o r y unti l  i t  ca n b e discharged . 
For  th e sam e reason ,  center-embedde d structure s ar e likel y t o 
b e difficul t  t o acquir e becaus e o f  th e distanc e betwee n th e ma -
teria l  relevan t  fo r  th e discover y and/o r  reenforcemen t  o f  a  par -
ticula r  grammatica l  regularity . 

To m a k e th e discussio n les s abstract ,  w e replac e "A "  wit h 
"NP" ,  "a "  wit h "N" ,  " B "  wit h "PP" ,  an d "b "  wit h "adp "  i n Fig -
ur e 2 ,  an d the n construc t  fou r  comple x N P s correspondin g t o 
th e fou r  tre e structures : 

(1 )  [n p building s [p p fro m [̂ p citie s [p p wit h [n p smog ]  ]  ]  ]  ] 

(2 )  [n p [p p [n p [p p [n p smog ]  with ]  cities ]  from ]  buildings ] 
(3 )  [n p building s [p p [̂ p citie s [p p [n p smog ]  with ]  ]  from ]  ] 
(4 )  [n p [p p fro m [n p [p p wit h [n p smog ]  ]  cities ]  ]  buildings ] 

Notic e tha t  i n (1 )  an d (2) ,  th e preposition s an d postpositions , 
respectively ,  ar e alway s i n clos e proximit y t o thei r  nou n com -
plements .  Thi s i s no t  th e cas e fo r  th e inconsistentl y mixe d rul e 
set s wher e al l  noun s ar e eithe r  stacke d u p befor e al l  th e post -
position s (3 )  o r  afte r  al l  th e preposition s (4) .  I n bot h cases ,  th e 
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Figur e 2 :  Phras e structur e tree s buil t  from  recursiv e rul e set s tha t 
ar e a )  head-first ,  b )  head-last ,  an d c )  -f -  d )  mixed . 

learner has to deduce that "from" and "cities" together form a 
PP grammatica l  unit ,  despit e bein g separate d fro m eac h othe r 
by th e P P involvin g "with "  an d "smog" .  Thi s deductio n i s fur -
the r  complicate d b y a n increas e i n memor y loa d caused  b y th e 
latte r  intervenin g PP .  Fro m a  learnin g perspective ,  i t  shoul d 
therefor e b e easie r  t o deduc e th e underlyin g suuctur e foun d i n 
(1 )  an d (2 )  compare d wit h (3 )  an d (4) .  Give n thes e considera -
tion s w e defin e th e followin g learnin g constrain t  o n recursiv e 
rul e interaction : 

Recursive Rule Interaction Constraint (RRIC): If a set of 
rule s ar e mutuall y recursiv e (i n th e sens e tha t  the y eac h 
directl y cal l  th e other(s) )  an d d o no t  obe y hea d directio n 
consistency ,  the n thi s rul e se t  wil l  b e mor e difficul t  t o 
lear n tha n on e i n whic h th e rule s obe y hea d directio n con -
sistency . 

The RRIC covers rule interactions as exemplified by the 
skeleto n rul e se t  i n Figur e 1 ,  bu t  leave s ou t  case s wher e rule s 
d o no t  cal l  eac h othe r  directly .  Figur e 3  show s example s o f 
suc h non-direc t  rul e interactions .  Fo r  a  syste m whic h ha s t o 
lear n subjec t  noun/ver b agreement ,  SOV-lik e language s wit h 
suuclure s suc h a s 3(a )  ar e problemati c becaus e dependencie s 
generall y wil l  b e lon g (an d thu s mor e difficul t  t o lear n give n 
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memory restrictions) .  I t  i s  moreove r  no t  clea r  t o th e learne r 
whetha r  'wit h delight '  shoul d attac h t o 'love '  o r  t o 'share ' 
i n 'peopl e i n lov e wit h deligh t  share' .  I n contrast ,  subjec t 
noun/ver b agreemen t  shoul d b e easie r  t o acquir e i n S  V O lan -
guage s involvin g 3(b )  sinc e th e dependencie s wil l  len d t o b e 
shortC T tha n i n 3(a) .  Notic e als o tha t  ther e i s n o ambiguit y 

a) 

peopl e i n lov e wit h deligh t  shar e 

peopl e i n 
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i 1 
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share s wit h deligh t Bil l  s  mothe r 

Figur e 3 :  Phras e structur e tree s fo r  a )  a n SOV-styl e languag e wit h 
prepositions ,  b )  a n S V O languag e wit h prepositions ,  an d c )  a n S V O 
languag e wit h preposition s an d prenomina l  possessiv e genitives . 
The dotte d arrow s indicat e subjec t  nounA'er b agreemen t  dependen -
cies . 

with  respect to the attachment of 'with delight' in 'people in 
lov e shar e wit h delight'̂ .  Language s involvin g construction s 
suc h a s 3(a )  ar e therefor e likel y t o b e harde r  t o lear n tha n 

'O f  course ,  i f  w e includ e a n objec t  N P the n ambiguit y ma y aris e 
as i n 'sa w th e ma n wit h th e binoculars' ;  bu t  thi s woul d als o b e tru e 
of  SOV-lik e language s involvin g 3(a) .  e.g. ,  'wu h th e binocular s th e 
man saw ' 
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Figur e 4 :  Th e gramma r  "skeleton "  use d t o creat e th e 3 2 language s 
fo r  th e simulations .  Curl y bracket s indicat e tha t  th e orderin g o f  th e 
constituent s ca n b e eithe r  a s i s (i.e. ,  head-first )  o r  i n revers e (i.e. , 
head-last) ,  wherea s parenthese s indicat e optiona l  constituents . 

those which include 3(b). Whereas the comparison between 
3(a )  an d (b )  indicat e a  learnin g motivate d preferenc e toward s 
hea d directio n consistenc y ther e ar e exception s t o thi s trend . 
O ne o f  thes e exceptio n occur s i n Englis h whic h i s predomi -
natel y head-first ,  bu t  nevertheles s als o involve s som e head -
las t  construction s a s exemplifie d i n 3(c) .  Her e th e prenomina l 
possessiv e genitiv e phras e i s head-las t  wherea s th e remainin g 
structure s ar e head-first .  Interestingly ,  thi s inconsistenc y m a y 
facilitat e th e learnin g o f  subjec t  noun/ver b agreemen t  sinc e 
thi s mi x o f  head-firs t  an d head-las t  structur e result s i n shorte r 
agreemen t  dependencies . 

Th e analysi s o f  rul e interaction s presente d here  suggest s 
w hy certai n su-uciure s wil l  b e mor e difficul t  t o lear n tha n oth -
ers .  I n particular ,  inconsistenc y withi n a  se t  o f  recursiv e rule s 
i s likel y t o creat e leamabilit y  problem s becaus e o f  th e re -
sultin g center-embedde d structures ,  wherea s interaction s be -
twee n set s o f  rule s ca n eithe r  imped e (a s i n 3a )  o r  facilitat e 
learnin g (a s i n 3c) .  O f  course ,  othe r  aspect s o f  languag e (e.g. , 
concor d morphology )  ar e als o likel y t o pla y a  par t  i n determin -
in g th e leamabilit y  o f  a  give n language ,  bu t  th e analysi s abov e 
indicate s ceteri s paribu s whic h languag e su-uctur e shoul d b e 
eas y t o lear n an d therefor e occu r  mor e ofte n a m o n g th e se t  o f 
human languages .  Next ,  th e abov e analysi s i s use d t o m a k e 
prediction s abou t  th e difficult y o f  learnin g a  se t  o f  3 2 simpl e 
grammars . 

Grammars and Predictions 

I n orde r  t o tes t  th e hypothesi s tha t  non-linguisti c constraint s 
on acquisitio n restric t  th e se t  o f  language s tha t  ar e easil y leam -
able ,  3 2 grammar s wer e constructe d fo r  a  simulatio n exper -
iment .  Figur e 4  show s th e gramma r  skeleto n fro m whic h 
thes e grammar s wer e derived .  W e hav e focuse d o n S V O an d 
S OV language s whic h i s w h y th e sentenc e leve l  rul e i s no t  re -
versible .  Th e number s o n th e righ t  hand-sid e o f  th e remain -
in g five  rule s refe r  t o th e positio n o f  a  binar y variabl e i n a  5 -
plac e vector ,  wit h th e valu e " 1 "  denotin g head-firs t  orderin g 
and " 0 "  head-last .  Eac h o f  th e 3 2 possibl e grammar s ca n thu s 
be characterize d b y a  vector ,  determinin g th e hea d directio n 
of  eac h o f  th e five  rules .  Th e " n a m e "  o f  a  gramma r  i s sim -
pl y th e binar y numbe r  o f  th e vector .  Fo r  example ,  th e vec -
tor" !  1100 "  (binar y fo r  28 )  correspond s t o a n "English "  gram -
mar  i n whic h th e thre e first  rule s ar e head-firs t  whil e th e rul e 
set  capturin g possessiv e genitiv e phrase s ( 4 an d 5 )  i s  head -
last .  Give n thi s namin g convention ,  gramma r  0  produce s a n 
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al l  head-las t  languag e wherea s gramma r  3 1 generate s a n al l 
head-firs t  language .  Th e remainin g grammar s 1  throug h 3 0 
captur e language s wit h differin g degree s o f  hea d orderin g in -
consistency . 

Give n th e analysi s presente d i n th e previou s sectio n w e 
ca n evaluat e eac h gramma r  an d assig n i t  a  number—it s in -
consistenc y penalty—indicatin g it s degre e o f  recursiv e incon -
sistency .  Th e R R I C predict s tha t  inconsisten t  recursiv e rul e 
set s shoul d hav e a  negativ e impac t  o n learning .  Th e gram -
mar  skeleto n ha s tw o possibilitie s fo r  violatin g th e R R I C :  a ) 
th e P P recursiv e rule s se t  (rule s 1  an d 2) ,  an d b )  th e Poss P re -
cursiv e rul e se t  (rule s 4  an d 5) .  Sinc e a  P P ca n occu r  insid e 
bot h N P s an d VPs ,  a  R R I C violatio n withi n thi s rul e se t  i s  pre -
dicte d t o impai r  learnin g mor e tha n a  R R I C violatio n withi n 
th e Poss P recursiv e rul e set .  R R I C violation s withi n th e P P 
rul e se t  wer e therefor e assigne d a n inconsistenc y penalt y o f 
2 ,  an d R R I C violation s withi n th e Poss P rul e se t  a n inconsis -
tenc y penalt y o f  1 .  Consequently ,  eac h gramma r  wa s assigne d 
an inconsistenc y penalt y rangin g fro m 0  t o 3 .  Fo r  example ,  a 
grammar  whic h involve d R R I C violation s o f  bot h th e P P an d 
th e Poss P recursiv e rul e set s (e.g. ,  gramma r  10110 )  wa s as -
signe d a  penalt y o f  3 ,  wherea s a  gramma r  wit h n o R R I C vi -
olation s (e.g. ,  gramma r  11100 )  receive d a  0  penalty .  Whil e 
othe r  factor s ar e likel y t o influenc e th e leamabilit y  o f  individ -
ual  grammars^ ,  w e concentrat e o n th e tw o R R I C violation s t o 
kee p th e numbe r  o f  fre e parameter s small .  I n th e nex t  section , 
th e inconsistenc y penalt y fo r  a  give n gramma r  i s use d t o pre -
dic t  networ k performanc e o n tha t  grammar . 

Simulations 

Th e prediction s regardin g th e learnin g difficultie s associate d 
wit h recursiv e inconsistencie s ar e couche d i n term s o f  rul e 
interactions .  Th e questio n remain s whethe r  non-symboli c 
learnin g devices ,  suc h a s neura l  networks ,  wil l  b e sensitiv e t o 
R R I C violations .  Th e Simpl e Recurren t  Networ k (SRN )  (El -
man,  1990 )  provide s a  usefu l  too l  fo r  th e investigatio n o f  thi s 
questio n becaus e i t  ha s bee n successfull y applie d i n th e mod -
elin g o f  bot h non-linguisti c sequentia l  learnin g (e.g. ,  Cleere -
mans,  1993 )  an d languag e processin g (e.g. ,  Christiansen , 
1994 ;  Christianse n &  Chater ,  i n submission ;  Elman ,  1990 , 
1991) .  A n S R N i s essentiall y  a  standar d feedforwar d neu -
ra l  networ k equippe d wit h a n extr a laye r  o f  so-calle d contex t 
units .  Th e S R N use d i n al l  ou r  simulation s ha d 8  input/outpu t 
unit s a s wel l  a s 8  hidde n unit s an d 8  contex t  units .  A t  a  partic -
ula r  tim e ste p t ,  a n inpu t  patter n i s propagate d throug h th e hid -
den uni t  laye r  t o th e outpu t  layer .  A t  th e nex t  tim e step ,  <  -|-1 , 
th e activatio n o f  th e hidde n uni t  laye r  a t  tim e t  i s  copie d bac k 

^Fo r  example ,  th e grammar s use d i n th e simulation s reporte d be -
lo w includ e subjec t  nounA'er b agreemen t  Thi s introduce s a  bia s 
toward s S V O language s becaus e S O V language s wil l  ten d t o hav e 
more lexica l  materia l  betwee n th e subjec t  nou n an d th e verb .  I n S O V 
language s cas e markin g ar e ofte n use d t o distinguis h subject s an d 
object s an d thi s ma y facilitat e learning .  Fo r  simplicit y w e hav e lef t 
suc h consideration s ou t  o f  th e curren t  simulations—eve n thoug h w e 
ar e awar e tha t  the y ma y affec t  th e leamabilit y  o f  particula r  gramma r 
fragments,  an d tha t  includin g the m woul d plausibl y improv e th e fit 
betwee n ou r  simulation s an d th e typologica l  data . 

t o th e contex t  laye r  an d paire d wit h th e curren t  input .  Thi s 
means tha t  th e curren t  stat e o f  th e hidde n unit s ca n influenc e 
th e processin g o f  subsequen t  inputs ,  providin g a  limite d abil -
it y  t o dea l  wit h integrate d sequence s o f  inpu t  presente d suc -
cessively .  Thus ,  rathe r  tha n havin g a  linguisti c  bias ,  th e S R N 
i s biase d toward s th e learnin g o f  hierarchicall y organize d se -
quentia l  structure . 

I n th e simulations ,  S R N s wer e traine d t o predic t  th e nex t 
lexica l  categor y i n a  sentence ,  usin g sentence s generate d b y 
th e 3 2 grammar s derive d fro m th e gramma r  skeleto n i n Figur e 
4.  Eac h uni t  i n th e inpul/outpu t  layer s corresponde d t o on e o f 
seve n lexica l  categorie s o r  a n en d o f  sentenc e marker :  singu -
lar/plura l  nou n (N) ,  singular/plura l  ver b (  V ) ,  singular/plura l 
possessiv e genitiv e affi x  (Poss) ,  an d adpositio n (adp) .  Al -
thoug h thes e input/outpu t  representation s abstrac t  awa y fro m 
many o f  th e complexitie s facin g languag e learners ,  the y suf -
fice  t o captur e th e fundamenta l  aspect s o f  gramma r  learnin g 
importan t  t o ou r  hypothesis .  B y arbitraril y  assignin g prob -
abilitie s t o eac h branc h poin t  i n th e skeleton ,  si x corpor a 
of  grammatica l  sentence s wer e randoml y generate d fo r  eac h 
grammar ,  five  trainin g corpor a an d on e tes t  corpus .  Eac h cor -
pu s containe d 100 0 sentence s o f  varyin g length . 

Followin g successfu l  training ,  a n S R N wil l  ten d t o outpu t 
a probabilit y  distributio n o f  possibl e nex t  item s give n th e pre -
viou s sententia l  context .  Fo r  example ,  i f  th e ne t  traine d o n 
th e "English "  gramma r  (11100 )  ha d receive d th e sequenc e 
'N(sing )  V(sing )  N(plur) *  a s input ,  i t  woul d activat e th e unit s 
correspondin g t o th e possessiv e genitiv e suffix ,  Poss(plur) , 
th e preposition ,  adp ,  an d th e en d o f  sentenc e marker .  I n or -
der  t o asses s h o w wel l  th e net s hav e learne d th e grammatical 
regularitie s generate d b y a  particula r  gramma r  i t  make s littl e 
sens e t o compar e networ k output s wit h thei r  respectiv e tar -
gets ,  say ,  ad p i n th e abov e example .  Makin g suc h a  compari -
so n woul d onl y allo w fo r  a n assessmen t  o f  h o w wel l  a  networ k 
has memorize d particula r  sequence s o f  lexica l  categories .  In -
stead ,  w e assesse d networ k performanc e i n term s o f  h o w clos e 
th e outpu t  wa s t o th e ful l  conditiona l  probabilitie s a s foun d i n 
th e trainin g corpus .  I n th e abov e example ,  th e ful l  conditiona l 
probabilitie s woul d b e .10 5 fo r  Poss(plur) ,  .37 5 fo r  adp ,  an d 
.4 8 fo r  th e en d o f  sentenc e marker .  Result s ar e therefor e re -
porte d i n term s o f  th e M e a n Square d Erro r  ( M S E )  betwee n 
networ k prediction s fo r  th e tes t  corpu s an d th e empiricall y  de -
rive d ful l  conditiona l  probabilities . 

For  eac h o f  th e 3 2 grammars ,  w e conducte d 2 5 simula -
tion s accordin g t o a  5  x  5  set-up ,  wit h th e five  differen t  train -
in g corpor a an d five  differen t  initia l  configuration s o f  th e net -
wor k weights ,  resultin g i n a  tota l  o f  ( 3 2 x 5 x 5 )  80 0 networ k 
simulations .  I n thes e simulations ,  al l  othe r  factor s remaine d 
constant^ .  However ,  becaus e th e sentence s i n eac h trainin g 
corpu s wer e randoml y produced ,  the y varie d i n length .  Con -
sequently ,  t o avoi d trainin g on e ne t  mor e tha n another ,  epoch s 

'Th e Tlear n simulato r  (availabl e from  Cente r  fo r  Researc h o n 
Language ,  U C S D)  wa s use d i n al l  simulations ,  wit h identica l  learn -
in g parameter s fo r  eac h net :  learnin g rate :  .01 ;  momentum :  .95 ;  ini -
tia l  weigh t  randomization :  [-.1 ,  .1] . 
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wer e calculate d no t  i n sentences ,  bu t  i n words .  I n th e simula -
tions ,  100 0 word s constitute d on e epoc h o f  training . 

Afte r  trainin g eac h networ k fo r  7  epochs ,  the y wer e teste d 
on th e separat e tes t  corpus .  Fo r  eac h grammar ,  th e averag e 
M SE wa s calculate d fo r  th e 2 5 networks .  I n orde r  t o investi -
gat e whethe r  th e network s wer e sensitiv e t o violation s o f  th e 
RRIC,  a  regressio n analysi s wa s conducte d wit h th e inconsis -
tenc y penalt y assigne d t o eac h gramma r  a s a  predicto r  o f  th e 
averag e networ k M S E fo r  th e 3 2 grammars .  Figur e 5  illus -
trate s th e resul t  o f  thi s analysis ,  demonstratin g a  ver y stron g 
correlatio n betwee n inconsistenc y penalt y an d M S E ( r  = 
.83 ,  F( l ,  31 )  =  65.28 ,  p  <  .0001)'' .  Th e highe r  th e inconsis -
tenc y penalt y i s  fo r  a  grammar ,  th e highe r  th e M S E i s fo r  th e 
net s traine d o n tha t  grammar .  I n orde r  words ,  th e network s ar e 
highl y sensitiv e t o violation s o f  th e R R I C i n tha t  increasin g 
recursiv e inconsistenc y result s i n a n increas e i n learnin g diffi -
cult y (measure d i n term s o f  M S E ) .  I n fact ,  focusin g o n P P an d 
Poss P violation s o f  th e R R I C allow s u s t o accoun t  fo r  6 8 . 5 % 
of  th e varianc e i n M S E . 

Thi s i s  a n importan t  resul t  becaus e i t  i s  no t  obviou s tha t  th e 
S R Ns shoul d b e sensitiv e t o inconsistencie s a t  th e structura l 
level .  Recal l  tha t  th e network s onl y wer e presente d wit h lex -
ica l  categorie s on e a t  a  time ,  an d tha t  structura l  informatio n 
abou t  grammatica l  regularitie s ha d t o b e induce d fro m th e wa y 
th e lexica l  categorie s combin e i n th e input .  N o explici t  struc -
tura l  informatio n wa s provided ,  ye t  th e network s wer e sensi -
tiv e t o th e structura l  inconsistencie s exemplifie d b y th e R R I C 
violations .  I n thi s connection ,  i t  i s  wort h notin g tha t  Chris -
tianse n &  Chate r  (i n submission )  hav e show n tha t  increasin g 
th e siz e o f  th e hidden/contex t  layer s (beyon d a  certai n mini -
m u m)  doe s no t  affec t  S R N performanc e o n center-embedde d 
construction s (i.e. ,  structure s whic h ar e recursivel y inconsis -
ten t  structure s accordin g t o th e R R I C ) .  Thi s suggest s tha t  th e 
presen t  result s m a y no t  b e dependen t  o n th e specifi c  siz e o f  th e 
S R Ns use d here ,  no r  i s i t  likel y t o depen d o n th e siz e o f  th e 
trainin g corpus .  Together ,  thes e an d th e presen t  result s pro -
vid e suppor t  fo r  th e notio n tha t  S R N s constitut e viabl e mod -
el s o f  natura l  languag e processing .  Next ,  thi s notio n i s  furthe r 
corroborate d b y typologica l  languag e evidence . 

Comparisons with Typological Language Data 

The presen t  wor k presuppose s tha t  th e kind s o f  structur e tha t 
th e network s find  eas y t o lear n shoul d als o b e th e kind s o f 
structur e tha t  human s acquir e withou t  muc h effort .  Followin g 
th e suggestio n b y Christianse n (1994 )  tha t  onl y language s tha t 
ar e eas y t o lear n shoul d proliferate ,  w e investigate d whethe r 
th e kind s o f  structure s tha t  th e net s foun d har d t o lear n wer e 
als o likel y no t  t o b e well-represente d amon g th e world' s Ian -

Predictin g Networ k Error s Usin g Inconsistenc y Penaltie s 

*  Althoug h th e differenc e i n M S E i s smal l  (rangin g from  .195 3 t o 
.317) ,  i t  shoul d b e note d tha t  th e averag e standar d erro r  o f  th e mea n 
at  epoc h 7  acros s al l  80 0 simulation s wa s onl y .001 .  Thus ,  prac -
ticall y al l  th e M S E difference s ar e statisticall y significant .  I n ad -
dition ,  whe n th e inconsistenc y penaltie s wer e use d a s predictor s o f 
th e averag e M S E acros s epoc h 1  throug h 7 ,  a  significan t  correlatio n 
( r  =  .51,F(1,31 )  =  10.36 ,  p  <  .004 )  wa s stil l  obtained—despit e 
th e larg e amoun t  o f  nois e tha t  averagin g acros s 7  epoch s produces . 
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Figur e 5 :  Predictio n o f  th e averag e networ k M S E fo r  a  give n gram -
mar  usin g th e inconsistenc y penalt y assigne d t o tha t  grammar . 

guages .  T h e F A N A L databas e develope d b y Mat the w Drye r 
was use d i n thi s investigation .  I t  contain s typologica l  infor -
matio n abou t  62 5 languages ,  divide d int o 2 5 2 gener a (i.e. , 
group s o r  familie s o f  language s whic h mos t  typologica l  lin -
guist s woul d conside r  geneticall y related ;  e.g. ,  th e grou p o f 
Germani c languages—se e Dryer ,  1992 ,  fo r  furthe r  details) . 
Unfortunately ,  th e databas e doe s no t  contai n th e informatio n 
necessar y fo r  a  searc h fo r  al l  th e 3 2 wor d orde r  combination s 
use d i n th e simulations .  I t  wa s possibl e t o searc h fo r  partia l 
combination s involvin g eithe r  th e P P recursiv e rul e se t  o r  th e 
Poss P recursiv e rul e set ,  bu t  onl y fo r  consisten t  combination s 
of  these . 

Wit h respec t  t o th e P P recursiv e rul e se t  w e searche d fo r 
gener a whic h ha d eithe r  S V O o r  S O V structur e an d whic h 
wer e eithe r  prepositiona l  o r  postpositional .  Fo r  th e Poss P re -
cursiv e rul e se t  w e searche d fo r  S V O an d S O V language s 
whic h ha d eithe r  prenomina l  o r  postnomina l  genitives .  Tabl e 
1 contain s th e result s fro m th e F A N A L search .  Fo r  eac h o f 
th e tw o recursiv e rul e set s th e proportio n o f  gener a incorpo -
ratin g thi s structur e w a s calculate d base d o n th e tota l  numbe r 
of  gener a foun d fo r  tha t  rul e set .  Fo r  example ,  F A N A L foun d 
9 9 gener a wit h a  valu e fo r  th e P P searc h parameters ,  suc h tha t 
th e S O V - P o proportio n o f  .6 1 correspond s t o 6 0 genera . 

Not  surprisingly ,  S O V gener a wit h postposition s ar e 
strongl y preferre d ove r  S O V gener a wit h prepositions , 
wherea s S V O gener a wit h preposition s ar e preferre d ove r 
S V O gener a wit h postpositions .  T h e Poss P searc h show s tha t 
ther e i s a  stron g preferenc e fo r  S O V gener a wit h postnomi -
nal  genitive s ove r  S O V gener a wit h prenomina l  genitives ,  bu t 
tha t  S V O language s onl y ha s a  w e a k preferenc e fo r  prenom -
ina l  genitive s ove r  postnomina l  genitives .  Togethe r  th e re -
sult s fro m th e tw o F A N A L searche s suppor t  ou r  hypothesi s 
tha t  recursiv e inconsistencie s ten d t o b e infrequen t  a m o n g th e 
worid' s languages . 

T h e result s fro m th e F A N A L searc h wer e interprete d i n 
term s o f  th e 3 2 grammars ,  suc h tha t  a  g r a m m a r  w a s assigne d 
a numbe r  indicatin g th e averag e proportio n o f  gener a fo r  rule s 
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Structur e 

SOV-Po 
SOV-Pr 
SVO-Po 
SVO-Pr 
SOV-GN 
SOV-NG 
SVO-GN 
SVO-NG 

Grammar 
Codin g 

000 _ 
110_ 
001 _ 
111_ 
_000 
_-01 1 
_100 
_111 

Proportio n 
of  Gener a 

0.6 1 
0.0 3 
0.0 3 
0J3 
0.6 2 
0.0 6 
0.1 2 
0.2 0 

Tabl e 1 :  Averag e proportio n o f  languag e gener a whic h contai n 
structure s firom  th e P P an d th e Poss P recursiv e rul e sets .  Th e gram -
mar  coding s i n bol d typefac e correspon d t o consisten t  rul e combina -
tions .  Th e proportion s o f  gener a i n boldfac e indicat e th e preferre d 
combinatio n fro m a  pairwis e compariso n o f  tw o rul e combination s 
(e.g. .  S O V - G N vs .  S O V - N G ) . 

Predictin g Gener a Proportion s Usin g Networ k Error s 
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Figur e 6 :  Predictio n o f  th e averag e proportio n o f  gener a whic h con -
tai n th e particula r  structure s code d fo r  b y a  gramma r  usin g th e aver -
age networ k M S E fo r  tha t  grammar . 

1- 3 (P P search )  an d rule s 3- 5 (Poss P search) .  E.g. ,  th e Poss P 
combinatio n _ 0 0 0 yielde d a  proportio n o f  .6 2 whic h w a s as -
signe d t o th e grammar s 00000 ,  01000 ,  10000 ,  an d 11000 . 
Eac h o f  th e tw o F A N A L searche s cover s a  se t  o f  1 6 gram -
mar s (wit h s o m e overla p betwee n th e tw o sets) .  G r a m m a r s 
wit h onl y on e proportio n valu e wer e assigne d a n additiona l 
secon d valu e o f  0 ,  an d g rammar s wit h n o assigne d proportio n 
value s wer e assigne d a  tota l  valu e o f  0 .  Finally ,  th e valu e fo r 
eac h g r a m m a r  w a s average d (e.g. ,  fo r  g r a m m a r  0 0 0 0 0 th e fi-
nal  valu e was :  (.6 1 -I -  .62)/ 2 =  .615) . 

I n Figur e 6  th e averag e networ k M S E fo r  eac h g r a m m a r  i s 
use d t o predic t  th e averag e proportio n o f  gener a tha t  contai n 
th e rul e combination s code d fo r  b y tha t  particula r  grammar . 
T h e figure  indicate s tha t  th e highe r  th e networ k M S E i s fo r 
a g rammar ,  th e lowe r  th e averag e proportio n o f  gener a i s fo r 
tha t  g r a m m a r  ( r  =  .35,F(1,31 )  =  4.20 ,  p  <  .05) .  Tha t 
is ,  gener a involvin g rul e combination s tha t  ar e har d fo r  th e 
network s t o lear n ten d t o b e les s frequen t  tha n gener a involv -
in g rul e combination s tha t  th e network s lear n mo r e easil y (a t 
leas t  fo r  th e wo r d orde r  pattern s focuse d o n i n thi s paper) .  T h e 
tendenc y toward s recursiv e consistenc y a m o n g th e language s 
o f  th e worl d i s als o confirme d w h e n w e us e th e inconsistenc y 
penaltie s t o predic t  th e averag e proportio n o f  gener a fo r  eac h 
grammar  ( r  =  .57 ,  F(l ,  31 )  =  14.06, p <  .001) . 

Conclusion 

I n thi s paper ,  w e hav e provide d a n analysi s  o f  recursiv e incon -
sistenc y an d it s negativ e impac t  o n learning ,  an d showe d tha t 
th e S R N —a connectionis t  learnin g mechanis m wit h n o spe -
cifi c  linguisti c knowledge—wa s indee d sensitiv e t o suc h in -
consistencies .  A  compariso n wit h typologica l  languag e dat a 
reveale d tha t  th e recursivel y inconsisten t  languag e smjcture s 
whic h th e S R N ha d problem s learnin g tende d t o b e infrequen t 
acros s th e world' s languages .  Togethe r  thes e result s sugges t 
tha t  universa l  wor d orde r  correlation s ma y emerg e fro m non -
linguisti c constraint s o n learning ,  rathe r  tha n bein g a  produc t 
of  innat e linguisti c knowledge .  Th e broade r  implicatio n o f 

thi s suggestio n fo r  theorie s o f  languag e acquisitio n is ,  i f  true , 
tha t  learnin g ma y pla y a  bigge r  rol e i n th e acquisitio n pro -
ces s tha n typicall y assume d b y proponent s o f  U G .  Wor d or -
der  consistenc y i s on e o f  th e languag e universal s whic h hav e 
been take n t o requir e innat e linguisti c knowledg e fo r  it s ex -
planation .  However ,  w e hav e presente d result s whic h chal -
lenge s thi s view ,  an d envisag e tha t  othe r  so-calle d linguisti c 
universal s ma y b e amenabl e t o explanation s whic h see k t o ac -
coun t  fo r  th e universal s i n term s o f  non-linguisti c constraint s 
on learnin g and/o r  processing . 
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