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Abstrac t 

The Gennan plural system has become a focal point for con-
flicting  theorie s o f  language ,  bot h linguisti c an d cognitive .  W e 
presen t  simulatio n result s wit h thre e simpl e classifier s -  a n or -
dinar y neares t  neighbou r  algorithm .  Nosofsky' s 'Generalize d 
Contex t  Model '  ( G C M )  an d a  standard ,  three-laye r  backpro p 
netwod c -  predictin g th e plura l  clas s fipom  a  phonologica l  rep -
resentatio n o f  th e singula r  i n German .  Thoug h thes e ar e ab -
solutel y 'minimal '  models ,  i n term s o f  architectur e an d inpu t 
information ,  the y nevertheles s d o remarkabl y well .  TTi e near -
est  neighbou r  predict s th e correc t  plura l  clas s wit h a n accurac y 
of  7 2 % fo r  a  se t  o f  24,64 0 noun s from  th e C E L E X database . 
Wit h a  subse t  o f  8,59 8 (non-compound )  nouns ,  th e neares t 
neighbour ,  th e G C M an d th e networi c scor e 71.0% ,  75.0 % an d 
83.5% ,  respectively ,  o n nove l  items .  Furthermore ,  the y out -
perfor m a  hybrid ,  'pattem-associato r  +  defaul t  rule' ,  model ,  a s 
propose d b y Marcu s e t  al .  (1995) ,  o n thi s dat a se t 

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

Th e Germa n plura l  syste m ha s bee n th e subjec t  o f  a  wid e vari -
et y o f  theoretica l  account s rangin g fro m traditiona l  'Ite m an d 
Proces s accounts '  (Mugdan ,  1977 )  t o schem a theorie s (Bybe e 
(1995) ;  KOpck e (1988 ;  1993) )  an d recen t  'defaul t  rul e - h pat -
ter n associator '  account s (Marcu s e t  al. ,  1995) .  Furtho-more , 
i t  ha s bee n chan^jione d a s a  crucia l  tes t  cas e (Marcu s e t  al , 
1995 )  i n th e debat e o n th e psychologica l  realit y o f  linguisti c 
rule s triggere d b y Rumelhar t  an d McClelland' s (1986 )  mode l 
of  th e Englis h pas t  tense . 

Decisio n betwee n th e variou s theoretica l  account s is ,  a t 
present ,  difficult ;  thoug h the y hav e th e virtu e o f  dealin g wit h 
a wid e rang e o f  phenomena ,  the y ar e no t  explici t  enoug h 
t o allo w suitabl y fine-grained  evaluation .  Extan t  computa -
tiona l  models ,  o n th e othe r  hand ,  neitha "  dea l  wit h th e Ger -
man plural ^  no r  atten^ t  t o captur e th e ful l  rang e o f  phenom -
ena suc h a s pluralizatio n o f  truncations ,  acronyms ,  quote s etc . 
compile d b y Marcu s e t  al .  (1995) .  Wha t  i s n o w require d i s 
th e developmen t  o f  exphci t  con^utationa l  model s whic h al -
lo w quantitativ e assessmen t  agains t  rea l  data .  A s a  startin g 
point ,  w e hav e implemente d an d teste d thre e 'minima l  mod -
els '  -  simple ,  off-the-shel f  classifier s -  which ,  give n phono -
logica l  informatio n abou t  th e singula r  alone ,  predic t  th e cor -
rec t  plura l  clas s wit h surprisin g accuracy .  Thes e ar e no t  ad -
vance d a s full-blow n cognitiv e model s o f  th e Goina n plu -

ral ,  bu t  rathe r  a s benchmark s agains t  whic h mor e comple x ac -
count s mus t  b e compared .  A s a n exan^)l e o f  this ,  w e als o pit -
te d thes e model s agains t  thre e vision s o f  a  hybrid ,  'associa -
tiv e memory+defaul t  rule '  mode l  (Marcu s etal ,  1995) ,  whic h 
subsume s the m i n th e associativ e component . 

The Task 

The Dat a Set s Ou r  datase t  i s draw n fro m th e 30,10 0 Germa n 
noun s i n th e C E L E X database. ^  Sinc e th e C E L E X classifica -
tio n i s fraught  wit h error ,  w e automaticall y classifie d noun s 
accordin g t o th e natur e o f  th e transformatio n from  singula r  t o 
plura l  phonology .  Fou r  genera l  type s o f  transformatio n occur : 
identit y mappings ,  suffixation ,  umlau t  (vowe l  change )  an d 
rewritin g o f  th e final  phoneme(s) .  Th e classificatio n yield s ap -
proximatel y 6 0 categorie s (som e o f  whic h contai n onl y on e 
membo- ) . 

We the n discar d categorie s wit h a  typ e frequency  o f  les s 
tha n 0. 1 % resultin g i n a  databas e o f  24,64 0 noun s wit h 1 5 dif -
feren t  plura l  categorie s (se e tabl e 1). ^  Thi s stq )  remove s pri -
maril y latinat e an d Gree k word s an d a  smal l  numbe r  o f  Ger -
m an word s wit h arbitrar y plural s (suppletion ,  o r  singl y occur -
rin g transformations) .  I n effec t  thi s bring s ou r  classificatio n 

int o accor d wit h th e pliua l  type s describe d i n standar d linguis -
ti c  analysi s (KOpcke ,  1988) .  Th e onl y furthe r  amendmen t  i n 
thi s directio n wa s tha t  th e umlaut s (a ,  o ,  ii )  wct c treate d a s on e 
as i s consensua l  i n th e Uta-ature . 

For  computationa l  reason s thi s se t  wa s furthe r  reduce d t o 
a se t  o f  8,59 8 "non-compound "  nouns .  A  "non-compound " 
nou n wa s define d a s a  nou n tha t  di d no t  contai n anothe r  nou n 
from  th e databas e a s it s rightmos t  lexeme. *  Thi s i s justifie d 
by th e fac t  that ,  i n Gorman ,  th e plura l  o f  a  noun-compoun d i s 
determine d exclusivel y b y th e right-mos t  lexeme ,  makin g th e 
remainde r  o f  th e wor d redundant .  Tha t  thi s reductio n doe s no t 
distor t  th e similarit y structur e o f  th e Germa n lexico n i s born e 
out  b y th e fac t  tha t  th e performanc e o f  th e neares t  neighbou r 
classifie r  o n th e entir e dat a se t  an d th e subse t  wer e virtuall y 
identica l  ( 7 2 % an d 7 1 % respectively) .  Thi s datase t  o f  8,59 8 

'  wit h th e exceptio n o f  Goebe l  an d Indefre y (1994) . 

^  C E L E X ca n b e obtaine d b y contactin g celex@mpi.nl . 
^  4 5 word s an d 2  duplicate s wer e manuall y remove d becaus e the y 

wer e obviousl y incorrec t  (e.g .  incorrectl y pluralize d prope r  name s 
and entrie s wit h error s i n phonologica l  form) . 

*Thi s leave s comple x noun s whic h ar e no t  noun-compounds , 
and noun-compound s fo r  whic h th e right-most  lexem e i s no t  liste d 
individually . 
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noun s wa s spli t  roughl y i n hal f  t o giv e a  trainin g se t  (4,27 3 
words )  an d a  testin g se t  (4,32 5 words) .  A  cop y o f  th e train -
in g se t  whic h ha d al l  28 2 word s tha t  too k a  + s suffi x remove d 

(leavin g 3,99 1 trainin g words )  wa s use d t o trai n th e hybri d 

rule-associativ e models . 

Inpu t  Representatio n A  phonologica l  rq)resentatio n o f 

th e noun s wa s create d b y takin g th e phoneti c singula r  an d 

plura l  form s o f  eac h wor d a s give n i n th e C E L E X databas e 

and rewritin g the m a s a  bundl e o f  1 5 phoneti c feature s take n 

from  Wurze l  (1981) .  Sixtee n phoneti c slot s wer e used ,  s o 
eac h wor d wa s rqjresente d a s a  vecto r  wit h 24 0 elements . 
Sinc e word s var y i n length ,  thei r  representation s mus t  b e 
zero-padded .  Vector s wer e right-justifie d sinc e wor d ending s 
ar e mos t  saUen t  fo r  determinin g th e plura l  typ e o f  Germa n 
nouns. ® 

Outpu t  I n al l  case s a  mode l  wa s require d t o produc e th e 
correc t  plura l  categor y fo r  a  give n input .  T w o o f  th e model s 

( G C M an d th e network )  produc e grade d response s (probabil -
itie s o r  activations) .  Th e singl e highes t  probability/activatio n 
was take n t o b e th e output .  Onl y exac t  matche s wer e score d 
as correct .  I n th e followin g simulation s th e simpl e patter n 
classifier s wct c traine d o n th e trainin g dat a se t  o f  4,27 3 non -
compoun d nouns .  Performanc e wa s the n assesse d o n th e tes t 
dat a se t  o f  4,32 5 words . 

Associative Model Performance 

Nearest Neighbour Classifier A nearest neighbour classi-
fiCT  simpl y adopt s th e classificatio n o f  th e ite m i n memor y 
most  simila r  t o th e n e w item .  I t  i s  th e simples t  kin d o f  ex -
empla r  model .  I n linguisti c  tams ,  i t  constitute s a  'wea k anal -
ogy '  mode l  i n KOpcke' s (1988 )  sense .  I t  coul d als o straight -
forwardl y for m th e hear t  o f  a n associativ e memor y syste m 
(Pinker ,  1993) ;  al l  tha t  woul d b e require d i n additio n i s a  com -
ponen t  whic h genwate s th e ̂ propriat e phonologica l  for m ac -
cordin g t o th e compute d plura l  class .  Th e neares t  neighbou r 
algorith m simpl y states :  fo r  a  nove l  exempla r  e ,  find  th e mos t 
simila r  (nearest )  neighbou r  n  an d adop t  it s plura l  class .  A s a 
similarit y metri c w e use d Euclidea n distance .  Teste d o n th e 
4,32 5 wor d testin g set ,  th e neares t  neighbou r  classifiC T score d 
7 1 %.  Th e patter n o f  errors ,  whic h wa s basicall y th e sam e fo r 
al l  models ,  reveal s a n interactio n betwee n type-frequenc y an d 
clas s topology .  Geno-all y peformanc e decline s wit h droppin g 
frequency,  bu t  particula r  lo w frequency  classe s ca n nevCTthe -
les s b e classifie d ver y acciu-ateiy. ^  I n addition ,  thi s classifie r 
was als o teste d o n th e entir e dat a set .  Hctc ,  eac h nou n wa s in -
dividuall y "removed "  from  th e dat a se t  an d classifie d accord -
in g t o th e remainin g neares t  neighbour s givin g a  classificatio n 
accurac y o f  7 2 % . 

*Thi s wa s detennine d b y compariso n o f  perfonnanc e o n left -
justified ,  centre-justifie d an d right-justifie d word s usin g ID 3 (Quin -
tan ,  1992) . 

*Th e networ k deviate s slightl y fiwm  thi s patter n insofa r  a s th e 
lowe r  frequency  classe s -  from  Um-^g n onwar d -  ar e highl y sen -
sitiv e t o th e initia l  rando m seed ,  s o tha t  perfomanc e ca n var y drasti -
call y betwee n networks . 

Nosofsky' s Generalize d Contex t  Mode l  Nosofsky' s well -

know n 'Generalize d Contex t  Model '  (Nosofsky ,  1990) , 
whic h accuratel y fits  huma n performanc e dat a o n a  rang e o f 

classificatio n tasks ,  i s a  mor e sophisticate d exemplar-model , 
providin g a  probabihsti c response .  Here ,  th e sfrengt h o f  mak -

in g a  categor y J  respons e (Rj )  give n presentatio n o f  stimulu s 
t  (5j )  i s  foun d b y summin g th e (weighted )  similarit y o f  stimu -

lu s i  t o al l  presente d exemplar s o f  categor y J  (Cj )  the n multi -
plyin g b y th e respons e bia s fo r  categor y J .  Th e denominato r 

normalise s b y summin g th e strength s ove r  al l  categories . 

P(H,,5o  =  ^^;^--^^;^)^  (1) 

In equation 1 tj,j (tjjj = rfji, rja = 1) gives the similarity 

betwee n exemplar s i  an d j ,  6 j  ( 0 <  b j  <  1,J2^ k =  1 )  i s 
th e bia s associate d wit h categor y J  an d L{j ,  J )  i s th e relativ e 
frequency  (likelihood )  wit h whic h exempla r  ;  i s  presente d 

durin g fraining  i n conjunctio n wit h categor y J .  Th e distanc e 
di j  i s  scale d an d converte d t o a  similarit y measur e usin g th e 
fransformation  t;, j  =  exp-{dij/s)''wher e p  =  1  yield s 
an exponentia l  deca y similarit y fiinctio n an d p  =  2  give s 
a gaussia n similarit y function.' '  W h e n th e scalin g paramete r 
s wa s optimise d fo r  th e gaussia n similarit y functio n (iĵ j  = 
exp-{dij/s)^ )  th e performanc e wa s 7 5 . 0 % ( s =  1.46) . 
W h en optimise d fo r  th e exponentia l  (»7, j  =  exp(-d,j/s )  ac -
curac y wa s 74 .4 % ( s =  0.35) .  Th e gaussia n similarit y fiinc-
tio n wa s use d i n th e following . 

Neura l  Networ k Th e neura l  networ k mos t  directl y resem -
ble s th e pattCTn-associato r  posite d a s a  modul e necessar y fo r 
inflectiona l  morpholog y b y Pinke r  (1993) ,  an d Marcu s e t  al . 
(1995) ,  wit h on e exception ;  ou r  networ k classifie s th e inpu t 
as belongin g t o on e o f  th e 1 5 plura l  type s (se e tabl e 1 )  instea d 
of  directl y producin g th e plura l  form ,  i n orde r  t o allo w com -
pariso n vnt h th e neares t  neighbou r  an d th e G C M.  Fo r  a  ful l 
model ,  a  componen t  producin g thi s for m o n th e basi s o f  clas s 
must  b e assumed . 

Th e networ k wa s a  three-layer ,  feed-forwar d networ k wit h 
24 0 inpu t  an d 1 5 outpu t  units .  Differen t  number s o f  hidde n 
unit s -  10 ,  20 ,  30 ,  4 0 an d 5 0 -  wer e tried .  Trainin g use d 
back-propagation ,  duratio n bein g varie d from  5  t o 5 0 q)och s 
i n step s o f  5  epoch s an d usin g 3  differen t  initia l  rando m seeds . 
The bes t  se t  o f  weight s (define d b y generahsatio n accurac y o n 
th e testin g set )  wa s used .  I t  wa s foun d tha t  fo r  al l  numbo- s 
of  hidde n unit s th e scor e wa s a t  roughl y 8 0 % afte r  5  qjoch s 
and remaine d abov e 8 0 % u p t o 5 0 epochs .  Th e accurac y o f 
th e bes t  networ k (wit h 5 0 hidde n unit s an d afte r  3 5 trainin g 
qjochs )  wa s 83.5% . 

Comparing Associative and Rule-Associative 

Model s 

Definin g Interactio n o f  Associativ e an d Rul e 
Component s 

The mos t  recen t  accoun t  o f  th e Gaman plura l  syste m b y Mar -
cu s e t  al .  (1995 )  argue s tha t  + s i s th e 'regular '  plura l  i n Gct -

^Bia s term s wer e omitte d t o limi t  th e numbe r  o f  free  parameters . 
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Plura l 
Typ e 

+3n 
+n 
+s 
Identit y 
Umlaut+ 3 
+s 
Umlaut+9 r 
+3T 
Umlau t 
um->^an 
a-^a n 
us->3 n 
um^a 
+t9 n 

+is n 

Al l  Noun s 
Frequenc y 

701 2 
447 7 
446 0 

420 1 
201 7 

978 
692 
289 
255 
135 
121 
88 
45 
27 
25 

% o f  Tota l 

28.10 9 
17.94 7 

17.87 9 
16.84 0 
8.08 5 
3.92 0 
2.77 4 
1.15 9 
1.02 2 
0.54 1 
0.48 5 
0.35 3 
0.18 0 
0.10 8 
0.10 0 

Non-Compoun d Noun s 

Frequenc y 

264 6 
155 5 

117 8 
199 2 
239 
571 

54 
36 
35 
95 
81 
69 
40 

1 
6 

% o f  Tota l 

30.77 5 

18.08 6 
13.70 1 

23.16 8 
2.78 0 
6.64 1 

0.62 8 

0.41 9 
0.40 7 
1.10 5 
0.94 2 

0.80 3 
0.46 5 
0.01 2 
0.07 0 

Tabl e 1 :  Frequencie s o f  differen t  plura l  type s i n th e complet e se t  o f  noiui s i n C E L E X an d fo r  th e non-compoun d nouns .  Suffix -

atio n i s indicate d b y +suffix ,  rewrite s ar e indicate d a s "phonemes"- ^  "phoneme s " . 

man;  i t  i s  produce d b y a  (cognitivelyreal )  defaultrul e 'adds ' 
whic h i s applie d wheneve r  'memor y fails' .  Thi s lexica l  m e m-
or y i s though t  t o includ e a  phonologically-based ,  possibl y 
connectionist ,  pattem-associato r  a s a  subcomponent ,  henc e 
explainin g th e limite d productivit y o f  th e 'irregulars' . 

The inflectio n o f  th e 'regulars '  o n thi s account ,  i s  inde -
penden t  o f  th e lexicon ,  resultin g fro m th e 'rule-route' .  Thi s 
suggest s a  simpl e compariso n between  patter n associators , 
whic h trea t  th e 'regulars '  lik e ever y othe r  group ,  an d a  hybri d 
rule+patter n associato r  model ,  i n whic h th e 'regulars '  ar e re -
moved fro m th e patto-n-associato r  an d inflecte d vi a th e rule -
rout e i f  'memor y fails' .  A s outlined ,  al l  thre e model s abov e 
can for m th e hear t  o f  a n associativ e memor y system ,  and , 
thus ,  ca n b e use d fo r  suc h a  comparison .  Thi s con )̂ariso n re -
quire s tha t  Marcu s e t  al.' s  notio n o f  memor y failur e mus t  b e 
made computationall y explicit .  W e di d thi s throug h th e defi -
nitio n o f  a  threshol d { ,  a s follows : 

(1 )  fo r  neares t  neighbou r  'memor y failure '  occur s i f  th e 
neares t  neighbou r  i n th e phonologica l  spac e i s a t  a  distanc e 
greate r  tha n t .  I n thi s cas e th e defaul t  inflectio n + s i s used . 

it y P j  wa s les s tha n a  threshol d value . 

i f  distance(e -  n )  <  t inflec t  a s n 
otherwis e us e defaul t  inflectio n 

(2 ) 

Thi s means ,  tha t  fo r  ver y lo w value s o f  t  th e neares t  neigh -
bour  memor y alway s fail s becaus e ther e i s neve r  a  neigh -
bour  clos e enoug h s o tha t  ever y singula r  i s  classifie d a s a  +s . 
For  ver y larg e value s o f  t  ther e i s alway s a  neares t  neighbou r 
close r  tha n t  s o th e defaul t  rul e i s neve r  use d an d th e singula r 
i s  classifie d usin g th e plura l  typ e o f  it s  neares t  neighbour .  I n 
othe r  words ,  a s t  increases ,  th e algorith m i n equatio n 2  asymp -
toticall y revert s t o th e neares t  neighbou r  algorithm . 

(2 )  I n th e G C M memor y 'fails '  i f  th e larges t  clas s probabil -

i f  M A X ( F j )  >  t inflec t  a s mos t  probabl e clas s 
otherwis e us e defaul t  inflectio n 

(3 ) 

Pj  i s lo w an d memor y failur e occur s i f  th e nou n i s sur -
rounde d b y roughl y equa l  number s o f  tw o o r  mor e classe s o f 
nou n o r  i s i n a  sparsel y populate d regio n o f  th e phonologica l 
space . 

(3 )  Fo r  th e neura l  network ,  finally,  memor y 'fails '  i f  th e 
greates t  outpu t  uni t  activit y M A X { o i )  wa s les s tha n a  thresh -
ol d value* . 

i f  MAX(o j )  >  t  inflec t  a s clas s o f  mos t  activ e uni t 
otherwis e us e defaul t  inflectio n 

(4 ) 

For  testing ,  w e comput e value s fo r  t  throughou t  th e entir e 
intCTval(0. 0 <  t  <  1. 0 fo r  G C M an d networ k an d 0. 0 < 
t  <  o o fo r  neares t  neighbour )  i n searc h o f  a n optima l  value , 
and compar e th e performanc e o f  th e hybri d wit h th e simpl e 
classifie r  a t  eac h point . 

Rule-Associative Model Performance 

The hybri d model s wer e assesse d o n th e sam e tes t  se t  o f  4,32 5 
noun s a s th e sin̂ il e classifio-s .  I n thes e hybri d models ,  how -
ever ,  th e trainin g se t  ha d th e + s noun s removed ,  sinc e th e hy -
bri d mode l  require s tha t  thes e ar e deal t  wit h b y th e rul e alone . 
Performance s ar e compare d wit h tha t  o f  th e respectiv e simpl e 
classifie r  traine d o n th e se t  tha t  include d + s nouns . 

Neares t  Neighbou r  Classifie r  I n orde r  fo r  th e additio n o f 
a defaul t  rul e t o improv e po-formanc e th e singula r  form s o f 
th e noun s tha t  tak e + s woul d hav e t o b e fa r  awa y fro m othe r 
singula r  form s i n sparsel y populate d area s o f  th e phonologica l 
space .  HowevCT ,  th e result s i n figure  1  clearl y sho w tha t  thi s i s 
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not  th e case :  th e classificatio n accurac y increase s monotoni -
call y wit h increasin g t .  I n othe r  words ,  a s th e frequenc y o f 

usin g th e defaul t  rul e increase s from  zero ,  i t  alway s deterio -

rate s th e performanc e o f  th e system .  A t  n o valu e o f  t  doe s th e 

defaul t  improv e th e paformanc e abov e tha t  o f  th e purel y as -
sociativ e neares t  neighbou r  classifier ,  makin g th e defaul t  rul e 
rout e completel y redundant . 

Distanc e "nreshol d fo f  Usmg DelaiJ t 
A l w a y s U s e Defaul t Neve r  Us e Defaul t 

Figur e 1 :  Performanc e o f  neares t  neighbou r  classifiC T o n 

4,32 5 G w m an nouns .  Horizonta l  lin e show s th e peformanc e 
of  a  neares t  neighbou r  classifie r  wit h n o defaul t  rul e an d + s 

plural s include d i n th e trainin g set .  Curv e show s th e pafor -
raance  o f  a  hybri d rule-associativ e classifie r  wit h + s plural s 
exclude d fro m th e trainin g set .  Increasin g us e o f  th e defaul t 
rul e fro m nevC T bein g use d (threshol d =  10 )  t o alway s bein g 
use d (threshol d =  0 )  monotonicall y reduce s classificatio n ac -
curacy . 

Nosofsky's GCM Tlie removal of the +s singulars from the 
trainin g se t  change d th e optima l  valu e o f  s ,  s o th e mode l  wa s 
re-optimise d usin g th e trainin g se t  withou t  + s plurals .  Tli e er -
ro r  surfac e wa s sample d i n th e rang e s  =  1. 4 t o s  =  1. 5 i n 
step s o f  0.0 1 and t  =  Oto t  =  1.0instq)sof0.01 .  I t  wa s foun d 
tha t  th e optima l  valu e o f  s  wa s change d slightl y t o s  =  1.4 8 
and th e optima l  valu e of t  wa s t  =  0.2 9 givin g a  classificatio n 

accurac y o f  74.6% . 
Unlik e th e neares t  neighbour ,  thi s patter n associato r  ha d a n 

opt imu m valu e fo r  th e threshold. ® Ther e wa s a  0.2 % increas e 
i n performanc e t o 74 .6 % correc t  a t  a  probabilit y  threshol d o f 
0.2 9 fro m 7 4 . 4 % correc t  a t  probabilit y  threshol d 0. 0 (se e fig-
ur e 2) .  Performanc e o f  th e rule-associativ e classifie r  neve r 
reache d tha t  o f  th e purel y associativ e classifier . 

Ne twor k Classifie r  Fo r  th e rule-associato r  classifier ,  th e 
networ k wa s traine d o n th e trainin g se t  wit h + s noun s remove d 

*  Notic e tha t  th e threshol d valu e i s  ̂ probability ,  fo r  thi s model ,  s o 
th e performanc e drop s a s th e threshol d valu e increases ,  wherea s fo r 
th e neares t  neighbou r  th e threshol d wa s th e distanc e o f  th e neares t 
neighbou r  s o tha t  performanc e increase d wit h increasin g threshol d 
values . 
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Figur e 2 :  Po-formanc e o f  th e G C M o n 4,32 5 Genna a nouns . 
Horizonta l  lin e show s th e performanc e o f  th e similarit y base d 
classifiC T wit h n o defaul t  rul e an d + s plural s include d i n th e 
trainin g set .  Curv e show s th e performanc e o f  a  hybri d rule -
associativ e classifie r  wit h + s plural s exclude d fi:om  th e train -
in g set . 

and  tested on the standard testing set. Results for this model 
agai n showe d a  deaeas e i n performanc e o n th e additio n o f 
a rul e (se e figure  3) .  Tlia- e wa s a  1.2 % increas e i n accurac y 
t o 8 2 . 4 % correc t  a t  a n activit y threshol d o f  0.2 2 fi-om  81.2 % 
correc t  a t  a n activit y threshol d 0.0 .  Thi s remaine d belo w th e 
83 .5 % accurac y o f  a  purel y associativ e classifier . 

Patter n Associato r 

Neares t  Neighbou r 
Nosofsk y G C M 
Three-IayC T Perceptro n 

Simpl e 

71. 0 
75. 0 
83. 5 

Hybri d 

70. 2 
74. 6 
81. 4 

Tabl e 2 :  S u m m a r y o f  associativ e an d rule-associativ e mode l 
evaluations .  Th e performanc e o f  th e associativ e classifiC T wa s 
great s tha n tha t  o f  th e hybri d rule-associativ e classifier s fo r 
al l  thre e type s o f  pattOT i  associator . 

Where a Default Would Help 

Th e failur e o f  th e hybri d model s t o outpo-for m th e simpl e 

model s reflect s a n in )̂ortan t  distributiona l  fac t  abou t  th e lan -
guage .  Performanc e i s neve r  superio r  becaus e eve n fo r  th e 
opt imu m valu e o f  t  th e rul e produce s fals e positives .  In -
creasin g pCTformanc e o n th e regular s decrease s th e system s 
performanc e o n th e irregulars .  Thi s i s becaus e th e distance s 
betwee n th e regular s ar e no t  sufficientl y diffCTen t  fro m th e 
within-grou p distance s o f  th e irregulars .  I f  the y w w e ,  the n i t 
woul d b e possibl e t o "driv e a  wedge "  betwee n the m i.e .  selec t 
a valu e of t  tha t  correctl y classifie s regular s whils t  leavin g th e 
irregular s untouched .  Thes e consido-ation s sugges t  tha t  dis -
tribution s ar e possibl e fo r  whic h a  defaul t  wou ldhdp . 
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Figur e 3 :  Performanc e o f  3  laye r  networ k classifie r  o n 4,32 5 
Go-man nouns .  Horizonta l  lin e show s th e performanc e o f  th e 
networ k classifie r  wit h n o defaul t  rul e an d + s plural s include d 
i n th e trainin g set .  Curv e show s th e performanc e o f  a  hybri d 
rule-associativ e classifie r  wit h + s plural s exclude d fro m th e 
trainin g set . 

We generated two simple artificial languages to illustrate 
this .  Bot h language s consiste d o f  five  plura l  type s distribute d 
i n a  two-dimensiona l  "phonological "  space .  Eac h nou n clas s 
was generate d aroun d a  centroi d wit h a  gaussia n distribution . 
For  th e first  language ,  al l  five  plura l  type s ha d th e sam e vari -
ance ,  wherea s fo r  th e second ,  on e group ,  th e "default" ,  wa s 
explode d t o occup y th e entir e spac e homogeneously .  Bot h 
distribution s ar e depicte d i n figure  4 . 

For  th e first  language ,  wher e th e "default "  plura l  typ e ha d 
th e sam e varianc e a s th e othe r  types ,  th e simpl e neares t  neigh -
bou r  classifie r  outperforme d th e hybri d classifier .  B y contrast , 
i n th e secon d language ,  th e hybri d neares t  neighbou r  classi -
fier  outperforme d th e simpl e nearest-neighbou r  classifiw .  Fo r 
a distributio n wher e th e irregular s ar e relativel y compac t  an d 
th e regula r  i s homogeneousl y distributed ,  addin g a  defaul t  ca n 
be beneficia l  fo r  generalization . 

The defaul t  help s b y increasin g accurac y o n a  particula r 
subse t  o f  th e regulars .  I t  i s th e regular s formin g a  shel l  aroun d 
eac h o f  th e irregula r  cluster s tha t  ar e correctl y classifie d b y th e 
hybri d mode l  bu t  no t  b y th e simpl e classifier .  W e cal l  thes e 
regular s "interfacial "  becaus e the y ar e distribute d o n th e sur -
fac e o f  th e irregula r  clusters .  Regular s i n isolate d region s o f 
th e space ,  "isolate d regulars" ,  ar e equall y wel l  classifie d b y 
hybri d an d simpl e models .  Thus ,  increasin g th e rati o o f  "in -
terfacial "  t o "isolated "  regular s increase s th e benefi t  o f  th e de -
fault .  Thi s ca n b e achieve d bot h b y increasin g th e numbe r  o f 
irregula r  plura l  type s an d (or )  b y increasin g th e surfac e are a 
of  irregula r  plura l  types . 

I t  i s no t  jus t  th e fac t  tha t  regular s ar e distribute d homoge -
neousl y throughou t  phonologica l  spac e (Marcu s e t  al. ,  1995 ) 
tha t  matters ,  bu t  th e existenc e o f  intCTfacia l  regular s tha t  i s 

crucial .  Isolate d regular s alon e onl y allo w a  threshol d t  a t 
whic h th e hybrid' s po-formanc e i s no t  worse ,  the y d o no t  en -
abl e i t  t o d o better .  I n suimnary ,  fo r  particula r  distribution s 

a defaul t  rul e ca n help .  Ou r  result s sugges t  tha t  th e G e n m n 
plura l  syste m i s no t  o f  thi s kind . 

Discussion 

It is hard to estimate the maximal score any model pCTforming 
predictio n coul d hop e t o achieve .  Germa n ha s lexica l  item s 
wit h conflictin g plura l  entrie s an d th e syste m a s a  whol e i s 
generall y no t  presume d t o b e completel y deterministic ,  al -
lowin g a  cma i n degre e o f  arbitrar y exceptions .  Whethe r  thi s 
means a  maxima l  scor e shoul d b e place d a t  8 5 o r  9 9 % ,  th e 
performanc e o f  al l  thre e purel y associativ e model s seem s re -
markabl y high ;  non e ar e i n an y w a y specificall y designe d 
or  adjuste d fo r  th e task ,  an d th e inpu t  informatio n i s  mini -
mal .  Otho -  source s o f  informatio n whic h hav e bee n advance d 
as detCTminant s o f  Germa n plura l  morpholog y ar e semantic s 
(Mugdan ,  1977 )  an d gende r  (Mugdan ,  1977 ;  KOpcke ,  1988) ; 
additionally ,  syllabl e structure ,  stres s an d toke n frequenc y ar e 
likel y contributors .  Futur e wor k wil l  see k t o determin e ex -
actl y wha t  additiona l  benefit s thes e source s provide . 

For  genCTalisatio n accurac y o n tes t  item s draw n fi-om  th e 
extan t  G w m an lexicon ,  then ,  a  'defaul t  rule '  mode l  ha s n o 
gai n whatsoever ,  and ,  i n fact ,  slightl y decrease s performanc e 
(se e tabl e 2  fo r  summary). '  O f  course ,  th e primar y motiva -
tio n fo r  th e 'defaul t  rule '  accoun t  i s th e fac t  tha t  i t  parsimo -
niousl y unifie s 2 1 otherwis e seemingl y heterogeneou s phe -
nomena t o whic h th e s-plura l  i s exclusivel y o r  predominantl y 
applie d -  suc h a s quotations ,  acronyms ,  truncations ,  prope r 
names -  (Marcu s e t  al. ,  1995) ,  whic h ar e no t  capture d i n ou r 
dat a set .  However ,  th e sam e threshol d t ,  whic h bes t  fits  th e 
c o m m on noun s investigate d her e mus t  als o giv e th e righ t  mix -
ture s betwee n 'regula r  inflection '  an d 'irregulars '  fo r  eac h o f 
th e remainin g phenomena .  Thi s m a y o r  m a y no t  b e possible ; 
ther e i s n o a  prior i  reaso n t o believ e tha t  i t  is .  Thi s ca n onl y 
be resolve d b y furthe r  empirica l  work .  I n th e meantime ,  thes e 
result s war n o f  th e w a y i n whic h th e genial ,  theoretica l  ac -
count s mentione d i n th e introductio n ar e pron e t o takin g com -
putationall y consequentia l  detail s fo r  granted . 
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'  I n tenn s o f  th e system s confidence ,  addin g a  defaul t  ha s n o vis -
ibl e impac t  o n th e itregulars .  Trivially ,  confidenc e o n th e regular s i s 
increase d t o certainty .  Whethe r  thi s  i s desirable ,  i s a n ope n psycho -
logica l  question . 
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Figur e 4 :  T w o pseudolanguage s (left )  an d thei r  correspondin g simpl e an d hybri d classifio '  po-fonnance s (right) .  Th e regula r 
clas s i n bot h language s i s show n a s diamonds .  Th e to p languag e (languag e 1 )  ha s equa l  variance s fo r  al l  plura l  types ,  wherea s 
th e botto m languag e (languag e 2 )  ha s  th e "regular "  clas s explode d t o occup y  th e entir e spac e homogeneously . 
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