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Abstrac t 

There has been a heated debate between connectionist 
and symboli c model s o n th e tas k o f  learnin g th e pas t 
tens e o f  Englis h verbs .  Claim s ar e ofte n made ,  bu t  no t 
ofte n justified ,  tha t  a  ne w mode l  ha s a  superio r  gen -
eralizatio n abilit y  t o th e previou s ones .  I n thi s paper , 
we first  se t  u p a  prope r  criterio n fo r  makin g comparison s 
betwee n models .  We poin t  ou t  a  crucia l  issu e i n compar -
iso n whic h ha s bee n largel y ignore d i n th e past .  The n 
we presen t  result s o n th e generalizatio n abilit y  o f  th e 
symboli c patter n associator ,  SPA.  We challeng e connec -
tionis t  researcher s t o desig n connectionis t  model s wit h 
simila r  o r  bette r  generalizatio n ability . 

In t roduct io n 

Learning the past tense of English verbs, a minor aspect 
of  languag e acquisitio n an d processing ,  ha s receive d ex -
tensiv e stud y i n th e las t  fe w years .  I n 1986 ,  Rumelhar t 
and McClellan d (1986 )  firs t  designe d an d implemente d 
a connectionis t  mode l  o f  past-tens e acquisition .  Claim s 
were mad e tha t  suc h connectionis t  models ,  whil e requir -
in g n o symbo l  processing ,  grammatica l  rules ,  o r  explici t 
representatio n a s i n th e traditiona l  grammatica l  theo -
ries ,  ar e bette r  model s fo r  past-tens e acquisitio n an d 
fo r  languag e acquisitio n i n general .  Ove r  th e years ,  a 
number  o f  criticism s o f  connectionis t  modelin g appeare d 
(Pinke r  k  Prince ,  1988 ;  Lachte r  t  Bever ,  1988 ;  Prasad a 
k Pinker ,  1993 ;  Lin g k  Marinov ,  1993) ,  an d ther e ha s 
been a  heate d debat e ove r  th e symboli c an d connection -
is t  modelin g o f  th e task .  Severa l  subsequen t  attempt s 
at  improvin g th e origina l  result s wit h ne w connectionis t 
modes hav e bee n mad e (Plunket t  &  Marchman ,  1991 ; 
Cottrel l  &  Plunkett ,  1991 ;  MacWhinne y k  Leinbach , 
1991;  Daughert y k  Seidenberg ,  1993) .  O n th e othe r 
hand ,  severa l  symboli c model s hav e bee n buil t  t o demon -
strat e thei r  superio r  generalizatio n abilitie s o n th e sam e 
tas k (Lin g k  Marinov ,  1993 ;  Ling ,  1994 ;  Moone y k 
CalilT ,  1995) .  However ,  i t  seem s quit e possibl e tha t  a 
bette r  connectionis t  mode l  (o r  symboli c model )  ca n al -
ways b e constructe d t o outperfor m th e previou s coun -
terpar t  o n th e generalizatio n accuracy . 

I n thi s paper ,  w e attemp t  t o se t  ou t  som e criteri a fo r  a 
prope r  compariso n betwee n competin g models .  W e wil l 
als o discus s a  crucia l  issu e whic h ha s bee n largel y ignore d 
i n th e previou s modelin g o f  pas t  tens e acquisition . 

A Proper Comparison Criterion 

A computational model of any learning ta.sk consists 
of  man y components :  th e learnin g algorith m (an d it s 
parameters) ,  dat a samplin g method ,  trainin g regim e 

(batc h o r  on-line ,  orde r  o f  presentation) ,  an d represen -
tatio n forma t  o f  th e dat a (se t  o f  attributes) .  Eac h com -
ponen t  ca n affec t  dramaticall y th e learnin g behavio r  o f 
th e model .  Clearly ,  t o compar e tw o differen t  learnin g 
model s o n th e sam e task ,  w e mus t  kee p al l  component s 
whic h ar e commo n t o th e tw o model s constant .  Suc h 
a practic e ha s bee n use d widel y i n th e machin e learn -
in g community .  Resul t  o f  compariso n base d o n differen t 
representations ,  fo r  example ,  i s  no t  ver y meaningful . 

However ,  on e complicatio n i n comparin g differen t 
learnin g model s i s tha t  th e component s i n model s ma y 
not  b e independent .  Fo r  example ,  symboli c learnin g 
algorithm s ca n us e multiple-value d discret e attribute s 
directly ,  whil e connectionis t  model s normall y tak e dis -
tribute d representation .  Whe n thi s occurs ,  w e shoul d 
allo w model-specifi c  component s t o b e different ,  an d t o 
be optimize d fo r  th e learnin g behavio r  o f  th e model .  Fo r 
example ,  whil e keepin g everythin g els e th e same ,  a n op -
tima l  distribute d representatio n shoul d b e use d i n con -
nectionis t  models .  I n addition ,  algorithm' s parameter s 
ar e mode l  specific ,  an d the y shoul d b e carefull y chose n 
t o optimiz e it s performance . 

The sam e criterio n shoul d b e applie d t o th e structur e 
of  differen t  models .  Th e paradig m (o r  genera l  structure ) 
of  th e symboli c an d connectionis t  model s i n compariso n 
must  match .  Thi s issu e i s furthe r  discusse d i n th e fol -
lowin g section . 

SPA and Corresponding Connectionist 

Models 

We us e SP A (Lin g k  Marinov ,  1993 ;  Ling ,  1994 )  a s th e 
symboli c mode l  fo r  th e pas t  tens e learning .  SP A i s a 
general-purpos e N-to- M ( N inpu t  attribute s t o M outpu t 
attributes )  patter n associato r  whic h essentiall y  applie s 
th e N-to- 1 decision-tre e classifie r  ID 3 (Quinlan ,  1986 )  M 
times .  Give n a  se t  o f  pattern s containin g N  inpu t  at -
tribute s an d M outpu t  attributes ,  M decisio n tree s ar e 
buil t  b y th e SPA ,  on e fo r  eac h outpu t  attribute .  Wit h 
each tre e determinin g on e attribut e valu e i n th e output , 
M tree s wil l  collectivel y predic t  th e whol e outpu t  pat -
tern .  Fo r  th e ver b past-tens e learning ,  th e inpu t  pattern s 
ar e phonem e letter s i n th e ver b base ,  wit h a  max imu m 
of  N  phonem e letters .  Similarly ,  th e outpu t  pattern s ar e 
phoneme letter s i n th e pas t  ten.se ,  wit h a  max imu m o f 
M phonem e letters .  Fo r  detail s o f  SPA ,  als o se e (Lin g k 
Marinov ,  1993 ,  page s 248-255) . 

I n general ,  SP A i s simila r  i n structur e t o layered ,  feed -
forwar d connectionis t  models .  However ,  severa l  vari -
ation s exist .  Differen t  SP A architecture s shoul d b e 
matche d t o differen t  connectionis t  architectures .  I n com -
parison ,  a  matchin g architectur e mus t  b e chosen ,  other -
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wis e th e superiorit y o f  a  mode l  ma y no t  b e claime d sinc e 
i t  ma y compar e t o a  "strawman "  o f  anothe r  model . 

Ther e ar e thre e structure s (versions )  o f  SP A whic h 
hav e thei r  correspondence s i n connectionis t  models .  I n 
th e firs t  versio n o f  SPA ,  th e origina l  C4. 5 i s calle d i n 
constructin g decisio n tree s fo r  outpu t  attributes .  Thi s 
versio n o f  SP A wit h th e origina l  C4. 5 i s equivalen t  i n 
structur e t o th e feedforward ,  layere d connectionis t  mod -
els ,  wit h link s connectin g betwee n layer s o f  units . 

I n th e origina l  C4.5 ,  however ,  whe n classifyin g a  ne w 
exampl e afte r  th e decisio n tre e i s built ,  i f  th e ne w ex -
ampl e fall s  int o a n empt y lea f  wher e n o trainin g exam -
ple s hav e fallen ,  C4. 5 woul d us e th e majorit y clas s i n 
tha t  branc h a s th e class .  W e cal l  thi s strateg y major -
it y defaul t  strategy .  Thi s strateg y i s clearl y no t  idea l  fo r 
learnin g pas t  tense ,  sinc e th e ste m o f  a  regula r  ver b i s 
alway s "copied "  int o th e pas t  tense ,  rathe r  tha n takin g 
th e mos t  popula r  lette r  fro m othe r  regula r  verbs . 

I n a n improve d versio n o f  SPA ,  a n adaptiv e defaxd t 
strateg y i s implemente d (Ling ,  1994) .  Th e ide a cam e 
fro m MacWhinne y an d Leinbac h (1991) :  thei r  connec -
tionis t  model s hav e "copy "  links ,  whic h connec t  directl y 
fro m th e inpu t  unit s t o th e outpu t  units .  Thi s facilitate s 
th e identif y cop y o f  ver b ste m int o pas t  tense .  How -
ever ,  th e suffi x  o f  th e pas t  tens e shoul d no t  b e copied , 
thus ,  suc h cop y link s als o compet e wit h link s connect -
in g betwee n layers .  Similarl y i n thi s SPA ,  ther e i s als o a 
competitio n betwee n th e "cop y defaul t  strategy "  an d th e 
"majorit y defaul t  strategy "  (thus ,  w e cal l  i t  th e adaptiv e 
defaul t  strategy) .  Basically ,  i f  a  testin g exampl e f a I s i n 
a lea f  whic h i s empty ,  SP A decide s whic h defaul t  strat -
egy t o take .  I f  mor e example s i n thi s branc h us e th e 
cop y strateg y tha n th e majorit y strategy ,  the n th e cop y 
strateg y i s use d fo r  thi s testin g example ;  otherwise ,  th e 
majorit y strateg y i s employed . 

The versio n o f  SP A wit h adaptiv e defaul t  i s  equivalen t 
i n structur e t o feedforwar d connectionis t  model s wit h 
direc t  connection s betwee n inpu t  an d outpu t  units . 

I n th e thir d versio n o f  SP A (whic h i s reall y a  rep -
resentatio n change) ,  a n N-to- N patter n mappin g prob -
le m i s change d t o a n N-to- 1 classificatio n proble m b y 
usin g a  movin g window ,  a s use d i n NETtal k (Sejnowsk i 
& Rosenberg ,  1987) .  Basically ,  a  windo w o f  a  certai n 
widt h move s fro m lef t  t o righ t  t o th e N  inpu t  attributes . 
At  eac h time ,  th e outpu t  attribut e a t  th e cente r  o f  th e 
windo w i s learne d an d predicted ,  usin g inpu t  attribute s 
currentl y i n th e window .  Thi s representatio n forma t  ef -
fectivel y make s th e specifi c  positio n o f  linearl y ordere d 
attribute s irrelevant :  th e regularit y i s learne d accordin g 
t o th e attribut e i n th e cente r  o f  th e windo w an d it s lef t 
and righ t  neighbours .  Fo r  th e ver b pas t  tense ,  instea d 
of  learnin g regula r  suffixatio n a t  difTeren t  position s (an d 
thu s reducin g th e trainin g se t  o n eac h position) ,  regu -
la r  sufl[ixatio n i s learne d a t  on e position :  th e cente r  o f 
th e window .  I n addition ,  i t  ca n dea l  wit h verb s o f  an y 
length . 

Thi s versio n o f  SP A wit h movin g windo w i s equivalen t 
i n structur e t o feedforwar d connectionis t  model s wit h 
movin g windo w representation ,  o r  th e recurren t  connec -
tionis t  model s (Elman ,  1990) ,  whic h use s recurren t  link s 
and recurren t  unit s t o memoriz e th e attribute s outsid e 
th e inpu t  attributes .  Recurren t  network s hav e bee n use d 
i n pas t  tens e acquisitio n previousl y (Cottrel l  &  Plunkett , 
1991) . 

W h en comparin g t o SPA ,  a  connectionis t  mode l  whos e 
structur e i s equivalen t  t o SP A .shoul d b e chosen .  Tha t 

is ,  result s fro m SP A wit h th e majorit y defaul t  strateg y 
shoul d b e matche d t o th e one s fro m feedforwar d net -
works ,  result s fro m SP A wit h th e adaptiv e defaul t  strat -
egy shoul d b e matche d t o th e one s fro m feedforwar d 
network s wit h direc t  link s fro m inpu t  t o outpu t  units , 
and result s fro m SP A wit h movin g windo w shoul d b e 
matche d t o th e one s fro m recurren t  network s o r  feedfor -
war d network s wit h movin g window . 

What to Compare 

Most computational models of past tense learning focus 
on bot h thei r  generalizatio n abilit y  (predictiv e accuracie s 
on unsee n verbs) ,  an d o n psych-linguisti c behavior s o f 
th e model s compare d t o humans .  W e wil l  discus s th e 
generalizatio n abilit y  o f  th e model s i n thi s paper ,  an d a n 
importan t  is.su e o f  generalizatio n whic h ha s bee n largel y 
ignore d i n previou s models . 

I n man y previou s model s o n pas t  tens e learning ,  onl y 
a handfu l  verb s wer e remove s (sometime s hand-picked ) 
fro m th e trainin g se t  fo r  th e testin g purpose ,  an d onl y 
one ru n wa s made .  Suc h result s wer e no t  reliabl e fo r 
severa l  reasons :  First ,  connectionis t  model s (a s wel l  a s 
decision-tre e symboli c models )  ar e computationall y pow -
erful .  Wit h a  prope r  networ k architectur e an d enoug h 
trainin g examples ,  the y ca n represen t  an y arbitraril y 
comple x mappings .  Thus ,  wit h a  ver y larg e trainin g set , 
th e predictiv e accurac y o f  suc h model s tend s t o b e "sat -
urated" ,  an d th e differenc e i n predictiv e accuracie s o f 
difi'eren t  model s tend s t o b e minimized .  Therefore ,  t o 
boos t  th e differenc e betwee n tw o model s i n comparison , 
one mus t  us e relativel y smal l  trainin g sets .  I t  woul d als o 
be usefu l  t o compar e model' s behavio r  wit h tha t  o f  hu -
man o n smal l  trainin g sets .  Therefore ,  a  learnin g curv e 
whic h reflect s testin g accuracie s fo r  trainin g set s wit h 
ver y smal l  t o larg e size s i s crucia l  fo r  comparin g models . 

The secon d proble m i s tha t  whe n th e testin g se t  i s  to o 
small ,  th e testin g accurac y i s no t  reliable .  Multipl e run s 
shoul d b e performe d t o ge t  average d results .  Finally , 
samplin g o f  trainin g an d tes t  set s shoul d b e don e ran -
domly .  Thi s eliminate s huma n interferenc e an d improve s 
th e reliabilit y  o f  th e result . 

I n thi s paper ,  w e trai n SP A o n randoml y sample d 
trainin g set s o f  differen t  size s t o produc e learnin g curve s 
unde r  variou s settings . 

SPA Results 

We present SPA's results on the generalization ability 
i n thi s section .  Th e dataset s use d ca n b e downloade d 
anonymousl y fro m th e author' s we b site .  Togethe r  wit h 
SPA program s a t  th e sam e site ,  th e result s reporte d her e 
can b e replicate d easil y b y othe r  researchers . 

Representation Format 

Our verb set came from MacWhinney's original list of 
verbs .  Th e se t  contain s abou t  140 0 ver b ste m an d pas t 
tens e pairs .  Learnin g i s base d upo n th e phonologica l 
U N I B ET representatio n (MacWhinney ,  1990) ,  i n whic h 
differen t  phoneme s ar e represente d b y differen t  alpha -
beti c an d numerica l  letters .  Ther e i s a  tota l  o f  3 6 
phonemes .  Fo r  example ,  Tabl e 1  list s severa l  verb s i n 
spellin g form ,  an d i n differen t  U N I B E T representatio n 
format s (se e Sectio n fo r  mor e details) .  Pair s o f  ver b 
ste m an d pas t  tens e i n U N I B E T representatio n ar e use d 
i n th e learnin g tasks . 
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Tabl e 1 :  Differen t  representatio n format s o f  severa l  sampl e verb s an d thei r  pas t  tenses . 

bpelUn g 

abando n 
abandone d 
blen d 
blende d 
attac k 
attacke d 
aris e 
aros e 
become 
became 

U N I B ET 

6bftnd6 n 
6b&nd6n d 
blEn d 
blEndI d 
6tt k 
etftk t 
6r3 2 
6ro 2 
blk6 m 
blke m 

Templat e 
CCCVVCCCVVCCCVVCCC 

6_b &_nd_e_ n 
6_b ll_nd_6_nd _ 

bl_E_n d 
bl_E_nd_I_ d 

6_t__*_ k 
6_t__ft_k t 
6_r__3_ z 
6_r  o_ z 

b__I_k__6_ m 
b I_ k e_ m 

Leit-jiistifie d 
PPPPPPPPPPPPPPP 
6bftnd6 n 
6bftnd6n d 
blEn d . . 
blEndI d 
6ta k 
etftk t 
6r3 z 
6ro z 
blk6 m 
bike m 

Right-justifie d wit h Cod a 
PPPPPPPPPPPPPPP V C 

6b&nd6 n 
6bftnd6 n _ d 

blEn d 
blEn d I d 

6t& k 
6t& k _ t 
6r3 z 
6ro z 

blk6 m 
bIke m _ _ 

I n th e past ,  severa l  differen t  representatio n format s 
have bee n use d i n learning .  Here ,  w e hav e chose n th e 
thre e mos t  popula r  ones . 

Template Representation This representation is 
suggeste d b y MacWhinne y an d Leinbac h (1991) .  Bot h 
inpu t  an d outpu t  pattern s ar e fitted  i n template s i n th e 
forma t  o f  C C C V V C C C V V C C C V V C C C,  wher e C  stand s 
fo r  consonan t  an d V  fo r  vowe l  spac e holders .  A  simi -
la r  template ,  C C C V V C C C,  wa s use d i n Daughert y an d 
Har e (1993)' s connectionis t  model .  Th e ide a behin d thi s 
representatio n i s t o alig n consonant s an d vowel s s o tha t 
th e endin g lette r  o f  regula r  verb s an d similarit y pattern s 
i n certai n irregula r  verb s ar e i n mor e deterministi c  posi -
tions .  Se e example s i n Tabl e 1 . 

Left-Justified Representation This repre.sentation 
i s straightforwar d left-justifie d phonem e letter s wit h a 
tota l  lengt h o f  1 5 (n o ver b o r  pas t  tens e ha s mor e tha n 
15 phonemes) .  W e us e P P P P P P P P P P P P P PP t o denot e 
suc h representation ,  wher e P  i s a  phoneme .  Se e Tabl e 1 
fo r  example s o f  th e left-justifie d representation . 

Right-justified Representation with Coda In 
(MacWhinney ,  1993) ,  a  ne w representatio n i s u.sed .  Th e 
inpu t  (fo r  th e ver b stem )  i s code d b y th e right-justifie d 
templat e C C C V V C C C V V C C C V V C C C;  th e outpu t  con -
tain s tw o parts ,  a  right-justifie d templat e tha t  i s  th e 
same a s th e on e i n th e input ,  an d a  cod a i n th e for m 
of  VC .  Th e right-justifie d templat e i n th e outpu t  i s  use d 
t o represen t  th e pas t  tens e withou t  includin g th e suffi x 
fo r  th e regula r  verbs .  Th e suffi x o f  th e regula r  pas t  tens e 
occur s i n (an d onl y in )  th e coda .  Fo r  th e irregula r  pas t 
tense ,  th e cod a i s lef t  empty .  However ,  a s w e wil l  se e 
later ,  template s reall y d o no t  hel p i n generalization ,  s o 
we simpl y us e non-template d right-justifie d representa -
tio n i n th e mai n part .  Se e Tabl e 1  fo r  examples . 

I t  i s  expecte d tha t  suc h dat a representatio n facilitate s 
learning .  Fo r  th e regula r  verbs ,  th e mai n outpu t  pat -
tern s ar e alway s identica l  t o th e inpu t  patterns ,  an d th e 
verb-endin g phonem e lette r  alway s appea r  a s th e las t 
lette r  o f  th e right-justifie d part .  Becaus e irregula r  pas t 
tense s hav e a n empt y coda ,  i t  allow s learnin g algorithm s 
t o distinguis h regula r  verb s fro m irregula r  verb s i n th e 
trainin g set . 

Sinc e SP A ca n tak e symboli c attribute s directl y a s 
input ,  SP A i s applie d t o th e phonem e letter s directl y 
fo r  al l  o f  thos e repre.sentatio n formats .  Fo r  th e tem -

plat e representation ,  1 8 decisio n tree s wer e buil t  fo r  eac h 
phoneme lette r  i n th e outpu t  templates ,  takin g inpu t 
fro m 1 8 template d inpu t  phonem e etters .  Fo r  th e left -
justifie d representation ,  1 5 decisio n tree s wer e buil t  fo r 
each phonem e lette r  i n th e output ,  takin g inpu t  fro m 
15 left-justifie d inpu t  phonem e letters .  Fo r  th e right -
justifie d representation ,  1 7 (15+2 )  decisio n tree s wer e 
buil t  fo r  eac h phonem e lette r  i n th e output ,  takin g inpu t 
fro m 1 5 right-justifie d inpu t  phonem e letters .  Fo r  SP A 
wit h movin g window ,  onl y on e decisio n tre e i s built ,  an d 
thi s tre e i s use d fo r  predictin g eac h outpu t  phonem e i n 
th e pcis t  tense . 

Learning both Regular and Irregular Verbs 

Fro m a  whol e se t  o f  abou t  1,40 0 regula r  an d irregula r 
verbs ,  w e randoml y sampl e trainin g se t  o f  variou s size s 
withou t  replacement ,  an d us e th e res t  o f  th e verb s a s 
th e testin g sets .  Thus ,  trainin g an d testin g set s ar e dis -
joint ,  an d tes t  set s ar e maximize d fo r  mor e reliabl e re -
sults .  Thre e differen t  representatio n format s (template , 
left-justified ,  right-justified )  ar e use d i n th e experiment . 
For  each ,  SP A wit h thre e diiTeren t  architecture s (major -
it y defaul t  strategy ,  adaptiv e defaul t  strategy ,  an d mov -
in g window )  ar e tested .  Fo r  eac h trainin g size ,  repre -
sentatio n format ,  an d architecture ,  1 0 rando m sample s 
ar e made ,  an d predictiv e accuracie s ar e average d an d 
recorde d i n Tabl e 2 . 

Fro m th e table ,  severa l  interestin g conclusion s ca n 
be drawn .  First ,  comparin g vertically ,  w e se e tha t  th e 
templat e representatio n i s no t  particularl y beneficia l  i n 
learning ,  sinc e th e testin g accuracie s ar e comparabl e t o 
th e left-justifie d representation .  Th e mai n reaso n fo r  thi s 
i s tha t  th e verb s hav e variou s lengths ,  s o th e ending s o f 
regula r  verb s ar e stil l  distribute d i n variou s place s i n 
th e templates ,  an d nee d t o b e learne d separately .  How -
ever ,  th e templat e make s i t  har d t o locat e th e endin g 
phoneme i n th e ver b stem :  seein g a n empt y spac e (wit h 
a non-empt y lef t  neighbor )  doe s no t  impl y tha t  th e ver b 
has com e t o a n end ,  whil e i n th e left-justifie d represen -
tation ,  i t  can .  Thi s i s als o wh y th e result s o f  SP A wit h 
movin g windo w o n th e templat e representatio n ar e ver y 
bad. 

Second ,  th e right-justifie d representatio n ofte n ha s th e 
best  testin g accuracies .  Thi s i s expectable ,  becaus e th e 
las t  phonem e o f  ver b stem s i s locate d a t  th e fixed  lo -
cation .  Predictiv e accuracie s fo r  regula r  verb s ar e ofte n 
much improved . 

Third ,  horizontally ,  th e SP A wit h th e adaptiv e defaul t 
strateg y outperform s SP A wit h C4.5' s majorit y defaul t 
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Tabl e 2 :  Testin g accuracie s o f  SP A o n regula r  an d irregula r  verb s wit h variou s trainin g size s (50 ,  100 ,  500 ,  an d 1000) . 
Testin g accuracie s o f  HV A wit h majorit y defaul t  strateg y 

Datase t 
5(3 
100 
500 
1000 

(Equivalen t  t o feedforwar d networks ) 

51. 6 
79. 0 
82. 3 

Templat e 
Irr g I  C o m b 

6. 8 
14. 5 
23. 5 

47. 0 
72. 4 
76. 3 

48. 0 
80. 4 
84. 5 

Left-justifie d 
C o mb 

5. 5 
13. 4 
18. 5 

"TO " 
43. 6 
73. 6 
77. 4 

1 ^ . 

57.5 
82. 2 
87. 1 

Right-justitie d 
Irr g 

"X T 
3. 8 
13. 2 
20. 0 

Comb 

52.0 
75. 2 
80. 0 

Testin g accuracie s o f  SP A wit h adaptiv e defaul t  strateg y 
(Equivalen t  t o feedforwar d network s wit h direc t  link s fro m inpu t  t o output ) 

Datase t 
- 5 0 -

100 
500 
1000 

Tl i 
Templat e 

63. 1 
81. 1 
83. 1 

7. 9 
14. 7 
23. 5 

Comb 

57. 4 
74. 3 
76. 7 

S " 

Left-justihe d 

65. 0 
83. 2 
85. 3 

irr g 
X T 
6. 4 
13. 4 
18. 5 

Comb 
-5F T 
58. 9 
76. 2 
78. 2 

Ti ; 
Right-justifie d 

C o mb 

87. 9 
88. 4 
89. 5 

rr 

4. 4 
14. 1 
20. 5 

"TO " 
79. 3 
80. 9 
82. 2 

Testin g accuracie s o f  SP A wit h movin g windo w 
(Equivalen t  t o recurren t  networks ) 

Datase t 

50 
100 
500 
1000 

Templat e | 
Heg 
20. 4 
31. 9 
61. 5 
73. 9 

irr g 

7. 1 
8. 9 
16. 0 
24. 2 

Comb 
19. 0 
29. 6 
56. 4 
68. 6 

Left-justifie d 
Heg 
79. 7 
86. 6 
89. 0 
89. 3 

Irr g 

6. 3 
5. 9 
14. 1 
16. 3 

Comb 
72. 1 
78. 3 
81. 4 
81. 6 

Right-justifie d 
Reg 
84. 4 
88. 3 
87. 8 
88. 8 

Irr g 

4. 6 
3. 3 
11. 6 
16. 6 

C o mb 

76. 2 
79. 5 
80. 0 
81. 2 

strategy .  I n addition ,  SP A wit h movin g windo w pro -
duce s th e bes t  result s (excep t  fo r  th e templat e represen -
tation ,  fo r  th e reaso n discusse d earlier) . 

Last ,  i t  i s eviden t  tha t  eve n wit h 5 0 verb s i n th e train -
in g set ,  th e overal l  predictiv e accurac y o n unsee n regula r 
and irregula r  verb s i s quit e high :  wit h th e right-justified , 
movin g windo w representation ,  i t  reache s 76.2% .  W e 
plo t  th e learnin g curv e o f  SP A wit h th e right-justified , 
movin g windo w representatio n i n Figur e 1 . 

Figur e 1 :  Learnin g curv e o f  predictin g unsee n testin g 
verbs . 

'  Itegal u in d ineguU r  Verb * 
-  t -  Rcgal v Vei* .  onl y 

Trainin g size s 

Learnin g O n l y Regula r  Ve rb s 

Predictin g th e pas t  tens e o f  a n un.see n verb ,  whic h ca n b e 
eithe r  regula r  o r  irregular ,  i s  no t  a n eas y task .  Irregula r 
verb s ar e no t  learne d b y rot e a s traditionall y thought , 

sinc e childre n an d adult s occasionall y exten d irregula r 
inflectio n t o irregular-soundin g regula r  verb s o r  pseud o 
verb s (suc h a s clee f  — deft )  (Prasad a &  Pinker ,  1993) . 
Pinke r  (1991 )  an d Prasad a an d Pinke r  (1993 )  argu e tha t 
regula r  pas t  tense s ar e governe d b y rules ,  whil e irregular s 
may b e generate d b y th e associate d memory ,  whic h ha s 
thi s grade d effec t  o f  irregula r  pa.st-tens e generalization . 
I t  woul d b e interesting ,  therefore ,  t o compar e SP A an d 
connectionis t  model s o n th e past-tens e generalizatio n o f 
regula r  verb s only .  Thi s ma y no t  b e a  psychologicall y 
plausibl e experiment ,  bu t  th e purpos e her e i s t o compar e 
th e generalizatio n abilit y  o f  th e tw o models . 

Not e tha t  eve n i f  on e use s templat e o r  left-justifie d 
representations ,  learnin g regula r  pas t  tense s i s no t  a s 
easy a s on e migh t  think .  Sinc e regula r  verb s var y i n 
length ,  regula r  inflectio n require s learnin g suffixatio n 
rule s a t  differen t  positions .  I n addition ,  instea d o f  "jus t 
add ed "  (a s i n th e spelling) ,  ther e ar e thre e differen t  suf -
fixes  fo r  regula r  verb s i n phonologica l  form .  Whe n th e 
ver b ste m end s wit h t  o r  d  (UNIBE T phoneti c represen -
tations) ,  the n th e suffi x i s  Id .  Fo r  example ,  exten d — 
extende d (i n spellin g form) .  Whe n th e ver b ste m end s 
wit h a n unvoice d consonant ,  th e suffi x  i s  t .  Fo r  example , 
tal k — talked .  Whe n th e ver b ste m end s wit h a  voice d 
con.sonan t  o r  vowel ,  th e suffi x  i s  d .  Fo r  example ,  solv e 
— solved .  Mor e example s ca n b e foun d i n Tabl e 1 . 

We use d th e sam e trainin g sizes ,  representatio n for -
mats ,  an d SP A architecture s a s i n th e previou s sectio n 
i n testin g regula r  verbs .  Th e testin g accuracie s average d 
over  1 0 run s ca n b e foun d i n Tabl e 3 . 

Clearly ,  th e sam e conclusion s ca n b e draw n fo r  regu -
la r  verb s a s i n th e las t  section .  Further ,  i t  i s  clea r  tha t 
learnin g regula r  verb s onl y i s muc h easier .  Th e predic -
tiv e accuracie s ar e ver y hig h (ove r  98%) ,  eve n wit h 5 0 
regula r  verb s i n trainin g .sets ,  whe n SP A wit h movin g 
windo w i s applie d t o th e right-justifie d representation . 
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Tabl e 3 :  Testin g accuracie s o f  S P A o n regula r  verb s wit h 
variou s trainin g size s (50 ,  100 ,  500 ,  an d 1000) . 

S PA wit h majorit y defaul t  strateg y 
(Equivalen t  t o feedforwar d networks ) 

Uatase t 
Reg 5 0 
Reg 10 0 
Reg 50 0 
Reg 100 0 

Templat e 
Reg 
33. 4 
60. 8 
88. 6 
92. 8 

L-justifte d 
Reg 
26. 2 
52. 1 
92. 1 
96. 9 

R-justihe d 
Reg 
40. 9 
64. 2 
93. 4 
97. 2 

S PA wit h adaptiv e defaul t  strateg y 
(Equivalen t  t o feedforwar d network s 

wit h direc t  link s fro m inpu t  t o output ) 

Datase t 
Reg 5 0 
Reg 10 0 
Reg 50 0 
Reg 100 0 

Templat e 
Reg 
53. 9 
72. 4 
90. 7 
93. 8 

L-justifie d 
Reg 
54. 4 
71. 0 
94. 3 
97. 7 

R-justifie d 
Reg 
95. 4 
97. 4 
99. 8 
99. 8 

S PA wit h movin g windo w 
(Equivalen t  t o recurren t  networks ) 

Uatase t 
Reg 5 0 
Reg 10 0 
Reg 50 0 
Reg 100 0 

Templat e 
Reg 
22.' 2 
37. 3 
73. 3 
82. 9 

L-justiHe d 
Reg 
88. 7 
95. 3 
99. 2 
99. 7 

R-justifie d 
Keg 
98. 0 
99. 2 
99. 9 
99. 8 

Again ,  w e plo t  th e learnin g curv e o f  SP A wit h th e right -
justified ,  movin g windo w representatio n i n Figur e 1 . 

A Challenge for Better Connectionist 

Models 

As discussed in earlier, when comparing two learning 
models ,  w e shoul d kee p th e component s common t o th e 
tw o model s th e same .  W e hav e obtaine d SPA' s predic -
tiv e accuracie s wit h variou s trainin g sizes ,  representatio n 
formats ,  a s wel l  a s structure s o f  th e model .  Result s fro m 
connectionis t  model s shoul d b e obtaine d unde r  th e .sam e 
settin g t o mak e th e compariso n meaningful .  I n anothe r 
word ,  result s fro m connectionis t  model s wit h a  ver y dif -
feren t  settin g canno t  b e compare d t o th e one s reporte d 
here . 

I n th e previou s publication ,  onl y fe w publishe d re -
sult s fro m connectionis t  model s ca n b e compare d head -
to-hea d t o th e one s i n thi s paper .  Fro m Tabl e 2 ,  th e av -
erag e testin g accurac y o f  SPA ,  wit h th e majorit y defaul t 
strateg y an d 50 0 trainin g example s i n th e templat e rep -
resentation ,  i s  72.4% .  Wit h th e sam e setting ,  Lin g (1994 , 
Page 222 )  reporte d tha t  th e averag e testin g accurac y o f 
th e correspondin g connectionis t  mode l  (hi s implementa -
tion )  i s  56.6% .  Fro m Tabl e 3 ,  th e averag e testin g accu -
racie s o f  SPA ,  wit h th e majorit y an d adaptiv e defaul t 
strategie s an d 5 0 trainin g verb s represente d i n template , 
ar e 33.4 % an d 53.9 % respectively ,  whil e th e correspond -
in g connectionis t  model s onl y 7.3 % an d 14.6 % re.spec -
tivel y (Ling ,  1994 ,  pag e 223) .  Th e differenc e i s  quit e 
significant . 

However ,  w e di d no t  ru n extensiv e experiment s o n 
connectionis t  model s i n thi s paper ,  becaus e ther e ar e s o 
many detailed ,  model-specifi c  desig n choice s an d param -
eter s i n modeling ,  tha t  suc h experiment s shoul d b e bes t 

performe d b y expert s i n th e area .  S o m e o f  thes e desig n 
choice s includ e th e numbe r  o f  hidde n layers ,  th e numbe r 
of  unit s i n eac h layer ,  th e distribute d representation ,  th e 
learnin g algorith m an d it s parameters ,  encodin g an d de -
codin g methods ,  an d overfittin g controls . 

Therefore ,  w e pos e a  challeng e t o connectionist s t o 
construc t  connectionis t  model s wit h simila r  o r  bette r 
generalizatio n accuracie s unde r  th e sam e settin g com -
m on t o bot h models . 

Conclusions 

I n thi s paper ,  w e outline d a  prope r  criterio n t o conduc t 
a fai r  an d reliabl e compariso n betwee n connectionis t  an d 
symboli c models .  W e als o sugges t  tha t  th e learnin g curv e 
of  predictiv e accuracie s wit h variou s trainin g size s shoul d 
be regarde d a s a  crucia l  issu e i n mode l  comparison .  I f  a 
model  i s claime d t o hav e a  bette r  generalizatio n ability , 
it s superio r  predictiv e accurac y o n smal l  trainin g set s i s 
particularl y salient . 

We the n presente d result s fro m SP A unde r  variou s 
commonl y use d representatio n format s an d structures . 
Each structur e o f  SP A correspond s t o a  certai n archi -
tectur e o f  connectionis t  models .  Al l  o f  th e dataset s use d 
and th e SP A program s ca n b e accesse d on-line .  W e hop e 
tha t  connectionis t  researcher s ca n tak e th e dat a an d de -
sig n connectionis t  network s wit h bette r  generalizatio n 
accuracie s unde r  th e sam e settin g commo n t o bot h mod -
els . 
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