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Abstrac t 

We investigate the explanatory power of very simple 
statistica l  mechanism s withi n a  modula r  mode l  o f  th e Huma n 
Sentenc e Processin g Mechanism .  I n particular ,  w e borro w th e 
ide a o f  a  'part-of-speec h tagger '  fro m th e field  o f  Nanira l 
Languag e Processing ,  an d us e thi s t o explai n a  numbe r  o f 
existin g experimenta l  result s i n th e are a o f  lexica l  categor y 
disambiguation .  No t  onl y ca n eac h b e explaine d withou t  th e 
need t o posi t  extr a mechanism s o r  constraints ,  bu t  th e exercis e 
als o suggest s a  nove l  accoun t  fo r  som e establishe d data . 

In t roduc t ion . 

Much recent research into human sentence processing has 
concentrate d o n th e us e o f  experience-base d statistica l 
knowledg e i n makin g initia l  decision s (Mitchel l  &  Cuetos , 
1991 ;  MacDonald ,  Pearlmutte r  &  Seidenberg ,  1994 ; 
Tanenhau s & .  Trueswell ,  1994 ;  Corley ,  Mitchell ,  Brysbaert , 
Cueto s &  Corley ,  1995) .  W e formzdis e thi s tendenc y b y 
introducin g th e "Statistica l  Hypothesis" : 

Statistical mechanisms play a central role in the 
H u m an Sentenc e Processor . 

It is worth establishing this as a very broad hypothesis, 
whic h avoid s makin g a  numbe r  o f  claim s tha t  ar e th e subjec t 
of  debat e i n th e curren t  literatur e whil e encompassin g a 
rang e o f  model s tha t  do .  I n particular ,  i t  doe s no t  clai m tha t 
all ,  o r  indee d any ,  initia l  decision s ar e m a d e o n th e basi s o f 
statistics ,  no r  tha t  statistic s pla y a  rol e a t  an y particula r  leve l 
of  processing .  Issue s o f  granularit y ar e als o unspecifie d b y 
th e hypothesis . 

A numbe r  o f  statistica l  model s hav e alread y bee n 
propose d an d therefor e fal l  withi n th e Statistica l  Hypothesis . 
Thes e includ e Mitchel l  an d Cuetos '  (1991 )  "Tuning" ,  an d 
constraint-base d model s fro m MacDonal d e t  al .  (1994 )  an d 
Trueswel l  an d Tanenhau s (1994) .  Thes e model s shar e a 
c o m m on assumptio n -  tha t  al l  tha t  statistic s offe r  u s i s a n 
improve d heuristi c fo r  makin g decision s i n th e fac e o f 
ambiguit y an d (i n th e cas e o f  th e constraint-base d models ) 
fo r  discardin g paralle l  analysis .  Tha t  is ,  statistic s supplemen t 
a viable ,  non-statistica l  architecture . 

We argu e tha t  statistica l  mechanism s ar e mos t  suitabl e fo r 
simpl e low-leve l  processe s tha t  d o no t  for m par t  o f 
traditiona l  model s o f  th e huma n sentenc e processin g 
mechanis m { H S P M ) .  W e als o sugges t  tha t  a  statistica l  mode l 
shoul d diffe r  fro m traditiona l  approache s i n architecture ,  a s 
wel l  a s i n decisio n procedures .  Evidenc e fo r  thes e view s 

comes fro m th e A.I .  literature ,  wher e statistica l  mechanism s 
hav e bee n use d i n traditiona l  task s suc h a s parsin g 
(Magerma n &  Marcus ,  1991) ,  bu t  hav e bee n mos t 
successfu l  i n mor e constrained ,  low-leve l  task s suc h a s 
lexica l  categor y disambiguatio n an d nou n phras e boundar y 
detectio n (Church .  1988) . 

I n thi s paper ,  w e propos e a  distinc t  statistica l  proces s 
performin g lexica l  categor y disambiguatio n withi n a 
modula r  H S P M.  W e briefl y touc h o n th e mathematic s o f 
suc h a  model ,  an d the n g o o n t o tes t  th e prediction s o f  ou r 
model  agains t  som e establishe d experimenta l  data .  Th e 
resul U no t  onl y demonstrat e th e powe r  o f  suc h a  simpl e 
statistica l  technique ,  bu t  als o cas t  ne w ligh t  o n th e 
experimenta l  data .  W e conclud e wit h a  fe w wide r 
consideration s an d lesson s learnt . 

Lexical Category Disambiguation. 

If we are to design a lexical category disambiguation 
module ,  th e first  questio n mus t  b e wha t  statistic s shoul d i t 
use ? 

I t  seem s likel y tha t  th e H S P M coul d gathe r  statistic s 
relatin g individua l  word s t o thei r  lexica l  categor y (e.g .  ho w 
ofte n "post "  appear s a s a  nou n o r  verb) .  Beyon d that , 
experimenta l  evidenc e support s th e us e o f  limite d 
contextua l  informatio n (Julian o &  Tanenhaus ,  1993) .  Th e 
simplest ,  mos t  coarse-grained ,  contextua l  statistic s ar e 
lexica l  categor y co-occurrenc e statistic s (e.g .  h o w ofte n a 
nou n follow s a  preposition) .  Give n n o compellin g evidenc e 
fo r  finer-grained  information ,  w e limi t  ourselve s t o thes e 
tw o statistics . 

I t  happen s tha t  a  simpl e proces s usin g exactl y thes e 
statistic s ha s bee n wel l  explore d i n th e A.I .  literature .  I t  i s 
calle d a  part-of-speec h "tagger" .  It s jo b i s t o determin e a 
preferre d se t  o f  part-of-speec h "tags "  fo r  a  give n se t  o f 
words .  Equatio n I  i s  use d t o assig n a  probabilit y  t o eac h 
possibl e ta g se t  (o r  "ta g path")' . 

n 
P{to .  ...t„,Wo,...w„ )  =  f lP(w, I  ti)Pit i  I  f,-, )  (1 ) 

This equation can be applied incrementally. That is, after 
eac h wor d w e m a y calculat e a  contingen t  probabilit y fo r 
eac h ta g pat h terminatin g a t  tha t  word ;  a n initia l  decisio n 
m ay b e mad e a s soo n a s th e wor d i s seen .  However ,  thi s 

'  H' ,  i s  th e wor d a t  positio n i  i n th e sentence ,  r ,  i s  a  possibl e ta g fo r 
tha t  word . 
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decisio n m a y b e altere d b y th e tagge r  w h e n late r  word s ar e 
encountere d (se e sectio n 4  fo r  furthe r  discussion) . 

Figur e 1  depict s taggin g th e tw o word s "som e men" . 
Supposin g w e akead y k n o w th e probabilit y o f  "'some " 
occurrin g a s a  determiner ,  nou n o r  adjective .  W e ca n the n 
wor k ou t  th e probabilit y o f  eac h ta g pat h i n whic h " m e n "  i s 
a nou n b y multiplyin g th e relevan t  probabilit y fo r  "some " 
by th e word-ta g (P(w i  |  r,) ,  wher e w ,  i s  "men" )  an d bigra m 
{P(ti\ii.\) )  probabilities .  Simila r  calculation s ca n b e 
performe d fo r  U g path s i n whic h th e ta g fo r  " m e n "  ha s som e 
othe r  valu e -  fo r  instanc e adjectiv e o r  verb .  Th e mos t  likel y 
ta g fo r  " m e n "  i s th e on e tha t  occur s i n th e mos t  probabl e ta g 
path . 

P =  0. 1 X  P(menlN )  X  P(NIN ) 

Figur e 1 :  Taggin g th e word s "som e men". ^ 

As stated, this algorithm is expensive in a real world 
situation ,  a s i t  involve s rememberin g al l  possibl e ta g path s 
throug h a n arbitraril y  lon g inpu t  sentence .  However ,  a  larg e 
number  o f  clea r  loser s ca n rapidl y b e discarded .  Wit h thi s 
simplification ,  th e algorith m i s linea r  (Viterbi ,  1967) . 

Taggers ,  i n general ,  ar e extremel y accurat e (ofte n 9 5 % -
see Chamiak ,  1993) .  However ,  the y hav e distinctiv e 
breakdow n an d repai r  patterns ,  whic h w e wil l  argu e ar e 
simila r  t o thos e show n b y humans . 

We propos e tha t  a  lexica l  categor y disambiguatio n 
module ,  functionall y equivalen t  t o a  tagger ,  occur s a s a 
distinc t  proces s wit h h u m a n lexica l  acces s -  prio r  t o a 
modular '  syntacti c component .  It s purpos e i s t o m a k e 'quic k 
and dirty '  decision s base d o n limite d statistica l  information . 
Thes e decision s m a y the n b e altere d a t  "higher "  level s o f 
processing .  I n section s 3  an d 4  w e presen t  existin g 
experimenta l  evidenc e whic h support s thi s claim . 

Tagging and Initial Decisions. 

Noun-Verb Ambiguities. 

Followin g Frazie r  an d Rayne r  (1987) ,  MacDonal d (1993 ) 
investigate d processin g o f  sentence s wher e a  wor d i s 
ambiguou s betwee n nou n an d ver b readings ,  followin g 
anothe r  noun . 

1.  Th e unio n tol d reporter s tha t  th e warehous e fires 
many worker s eac h spring.. . 

'  Th e number s i n thi s figur e ar e invente d fo r  th e sak e o f  expositio n 
and ar e no t  intende d t o represen t  rea l  probabilities . 

'  B y 'modular' ,  w e mea n tha t  processe s an d knowledg e ar e 
somehow distinct ,  bu t  w e leav e fo r  late r  researc h th e issu e o f  th e 
natur e an d degre e o f  thei r  communication . 

2.  Th e unio n tol d reporter s tha t  th e corporatio n fires 
many worker s eac h spring.. . 

In 1, the two words form a plausible noun compound 
("warehous e fires").  A s al l  he r  disambiguation s favou r  a 
ver b readin g fo r  th e ambiguou s word ^  MacDonal d call s thi s 
an "unsupportiv e bias" .  I n contrast ,  th e potentia l  nou n 
compoun d i n 2  ("corporatio n fires")  i s implausible ,  an d s o 
ther e i s a  supportiv e bias . 

The experimen t  als o include d tw o unambiguou s 
condition s i n whic h th e nou n compoun d wa s rule d ou t  o n 
syntacti c grounds .  3  an d 4  ar e sampl e material s fo r  th e 
unsupportiv e an d supportiv e bia s version s o f  thi s condition . 

3. The union told reporters that the warehouses fire 
many worker s eac h spring.. . 

4.  Th e unio n tol d reporter s tha t  th e corporation s fire 
many worker s eac h spring.. . 

MacDonald found that bias did appear to influence the 
initia l  decisio n o f  th e H S P M.  Ther e wa s a  significan t 
increas e i n readin g tim e fo r  th e disambiguatin g regio n i n 
unsupportiv e bia s condition s (compare d t o th e analogou s 
unambiguou s condition) ,  bu t  almos t  n o differenc e afte r  a 
supportiv e bias .  Tha t  is ,  th e evidenc e suggest s tha t  1  i s th e 
onl y cas e i n whic h th e H S P M make s a n initia l  decisio n i n 
favou r  o f  th e nou n compoun d reading . 

MacDonal d goe s o n t o correlat e "supportiv e bias "  wit h 
some fine-grained  statistica l  measures ,  includin g word-wor d 
co-occurrenc e frequencie s an d th e head-modifie r  preferenc e 
of  th e first  nou n ("corporation "  o r  "warehouse "  above) .  Th e 
tagge r  mode l  doe s no t  includ e suc h fine-grained  statistics , 
and i t  i s  therefor e clea r  tha t  ou r  prediction s wil l  b e 
substantiall y  different .  I t  s o happen s tha t  th e frequenc y wit h 
whic h a  nou n follow s anothe r  nou n i s ver y clos e t o tha t  wit h 
whic h a  ver b follow s a  nou n i n al l  corpor a w e hav e 
examined .  Tha t  is ,  ther e i s unlikel y t o b e an y stron g 
contextua l  bias .  Th e behaviou r  o f  th e tagge r  wil l  therefor e 
depen d largel y o n th e categor y bia s o f  th e individua l 
ambiguou s word s used . 

Figur e 2  represent s th e noun-ver b bia s o f  eac h o f  th e 
ambiguou s word s i n MacDonald' s experiment^ .  Th e dat a 
was obtaine d fro m a  corpu s coun t  an d equatio n 2  wa s use d 
t o calculat e eac h word' s "bias "  fro m th e count . 

bia s =  lo g 
tnouncount \ 

\  ver b coun t 
(2 ) 

*  W e refe r  t o MacDonald' s secon d experiment .  Th e first  i s  largel y 
concerne d wit h refutin g Frazie r  an d Rayner' s (1987 ) 
experimenta l  materials ,  an d i s therefor e o f  littl e relevanc e here . 

'  Th e mea n bia s i s 3.6 9 an d th e standar d deviatio n i s  1.97 .  Thi s 
dat a wa s obtaine d fro m th e Britis h Nationa l  Corpu s (BNC) , 
whic h contain s ove r  10 0 millio n word s o f  Britis h English .  Th e 
dat a onl y include s th e plura l  ("-s" )  for m o f  th e wor d (th e 
alternativ e spellin g "programmes "  wa s include d i n th e coun t  fo r 
"progranjs") .  However ,  eve n i f  w e includ e bot h bas e an d plura l 
forms ,  th e result s ar e simila r  (mea n 2.66 ,  standar d deviatio n 
1.79) .  Searchin g smalle r  corpor a o f  America n Englis h 
( S U S A N NE an d par t  o f  th e TreeBan k Corpus )  als o give s ver y 
simila r  results . 
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Figur e 2 :  Bia s o f  ambiguou s word s i n MacDonald' s (1993 ) 
experiment . 

It should be clear that the vast majority of MacDonald's 
experimenta l  material s wer e strongl y biase d toward s a 
nomina l  reading .  Th e initia l  decisio n o f  th e tagge r  depend s 
on tw o probabilitie s -  P(ri|f,_i) .  th e contextua l  bia s 
(roughl y equa l  fo r  th e nou n an d ver b readings) ,  an d 
Pi^ i  I  ^ ) .  th e wor d bias ,  represente d i n figure  2 .  Th e tagge r 
model  therefor e predict s a n initia l  decisio n i n favou r  o f  th e 
nou n readin g fo r  al l  o f  MacDonald' s experimenta l  item s 
(wit h th e possibl e exceptio n o f  thos e base d o n th e wor d 
"returns") .  Thi s decisio n wil l  b e rapidl y revise d followin g 
syntacti c analysi s i n 3  an d 4 ,  an d m a y b e revise d followin g 
pragmati c analysi s i n 2 .  W e woul d expec t  thes e revision s t o 
caus e processin g delay s a s th e wor d i s read . 

Thi s partiall y  agree s wit h MacDonald' s reporte d findings. 
We predic t  a  simila r  patter n o f  result s i n th e disambiguatin g 
region .  However ,  w e als o predic t  processin g delay s o n th e 
ambiguou s word .  Fortunately ,  MacDonal d reporte d th e 
readin g time s fo r  th e ambiguou s wor d (show n i n figure  3) . 

ms 

2 5 • 

B Ambiguou s 
D Unambiguou s 

© ® 

Supportiv e Bia s Unsupportiv e Bia s 

Figur e 3 :  Length-Adjuste d Readin g Time s fo r  th e 
Ambiguou s Wor d fro m MacDonal d (1993) . 

In conditions 2, 3 and 4, there is a significant processing 
dela y o n th e ambiguou s wor d compare d t o conditio n 1 . 
MacDonal d attribute s thi s t o th e overhea d o f  buildin g th e 
mor e comple x ver b phras e structur e an d call s i t  a  "revers e 
ambiguit y effect "  (MacDonald ,  1994) .  However ,  thi s 
processin g dela y i s directl y predicte d b y ou r  model ,  withou t 
introducin g complexit y measure s an d usin g a  simple r 
statistica l  model . 

"That" Ambiguity. 

Juliano and Tanenhaus (1993, experiment 1) investigated the 

initia l  decision s o f  th e H S P M whe n face d wit h th e 
ambiguou s wor d "that "  i n tw o context s -  sentenc e initiall y 
and followin g a  verb .  The y force d disambiguatio n b y 
manipulatin g th e numbe r  o f  th e followin g noun . 

5. The lawyer insisted that experienced diplomat 
woul d b e ver y helpful . 

6.  Th e lawye r  insiste d tha t  experience d diplomat s 
woul d b e ver y helpful . 

7.  Tha t  experience d diploma t  woul d b e ver y helpfu l  t o 
th e lawyer . 

8.  Tha t  experience d diplomat s woul d b e ver y helpfu l 
made th e lawye r  confident . 

In 5 and 7, "that" must be a determiner as the following 
nou n i s singular .  I n contrast ,  th e plura l  nou n i n 6  an d 8 
force s th e complementise r  reading . 

Julian o an d Tanenhau s foun d a n initia l  preferenc e fo r  th e 
complementise r  readin g followin g a  ver b ( 5 an d 6) ,  bu t  fo r 
th e determine r  readin g sentenc e initiall y  ( 7 an d 8) .  Thi s wa s 
demonstrate d b y greate r  readin g time s i n th e disambiguatin g 
regio n i n 5  (compare d t o 6 )  an d i n 8  (compare d t o 7) . 

I t  woul d appea r  tha t  thes e result s ca n easil y b e explaine d 
i n term s o f  th e tagge r  architecture .  The y rel y o n a  regula r 
patter n i n th e languag e -  tha t  complementiser s ar e mor e 
frequen t  followin g verb s tha n sentenc e initiall y  -  whic h i s 
capture d b y th e lexica l  categor y co-occurrenc e statistic s 
employe d b y th e tagger .  Tabl e 1  list s th e relevan t  statistics . 

Prob .  o f  C o m p . 

Sentenc e Initia l 

Followin g Ver b 

0.000 3 

0.023 4 

Prob.ofDet . 

0.065 2 

0.029 6 

Tabl e 1 :  Estimate d probabilitie s o f  complementise r  an d 
determine r  i n tw o context s (fro m B N C ) . 

In both cases the preference is in favour of the determiner 
reading .  However ,  th e tagge r  als o make s us e o f  word-ta g 
statistics ,  an d thes e ar e biase d th e othe r  wa y (P(tha t  |  comp ) 
= 1.0 ,  P(that\det )  =  0.171) .  Thi s bia s i s stron g enoug h t o 
overcom e th e comparativel y wea k contextua l  bia s followin g 
a verb ,  bu t  no t  th e fa r  stronge r  sentenc e initia l  bias .  S o th e 
prediction s fo r  th e tagge r  mode l  matc h Julian o an d 
Tanenhaus' s dat a -  a n initia l  decisio n i n favou r  o f  a 
determine r  a t  th e beginnin g o f  a  sentence ,  bu t  a 
complementise r  readin g i s preferre d immediatel y followin g 
a verb . 

The Tagger's Role in Reanalysis. 

The results reported so far demonstrate that the initial 
decision s mad e b y a  taggin g mode l  matc h som e establishe d 
experimenta l  results .  However ,  i n th e taggin g literatur e 
ther e ar e als o goo d an d efficien t  mechanism s fo r  reassignin g 
tag s downstream ;  tha t  is ,  reanalysi s withi n th e tagger .  Thi s 
sectio n explore s whethe r  th e tagger' s limite d reanalysi s 
capabilitie s m a y b e sufficien t  t o explai n som e experimenta l 
data . 
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H o w Tagge r  Reanalysi s W o r k s . 

We have already discussed how the tagger assigns a 
probabilit y  t o a  ta g path .  Returnin g t o figur e 1 ,  suppos e tha t 
P( N I  A )  -  th e probabilit y  o f  a  nou n followin g a n adjectiv e -
was mor e tha n twic e P ( N |  D )  -  th e probabilit y  o f  a  nou n 
followin g a  determiner .  Th e ta g pat h i n whic h "men "  i s a 
nou n an d "some "  i s a n adjectiv e woul d the n hav e a  highe r 
contingen t  probabilit y  tha n tha t  i n whic h "some "  i s a 
determiner .  S o th e tagge r  woul d hav e altere d it s previou s 
decisio n abou t  th e mos t  likel y ta g fo r  "some" . 

Such reanalysi s mus t  involv e a  chang e i n th e previou s ta g 
(i n a  bigra m model) .  However ,  i t  i s  possibl e (thoug h 
extremel y unlikely )  tha t  th e previou s tw o o r  mor e tag s wil l 
be revised .  Figur e 4  depict s taggin g th e tw o contrastin g 
sentence s "withou t  he r  h e wa s lost "  an d "withou t  he r 
conuibution s wer e lost" .  W e plo t  th e probabilitie s assigne d 
by th e tagge r  t o th e tw o mos t  likel y ta g path s afte r  eac h 
word . 

prob . - -  Possessiv e 
— Persona l  Pronou n 

>•-  « 

withou t  he r 

prob. 

10 ^ X-

he wa s 

__. . * - - - - - « 

withou t  he r  contribution s wer e 

Figur e 4 :  Taggin g T w o Contrastin g Sentences. * 

The tagger's initial decision when it encounters the word 
"her "  i s  t o favou r  th e possessiv e reading .  However ,  "he "  i s 
unambiguousl y a  persona l  pronou n an d th e sequenc e 
possessiv e followe d b y persona l  pronou n i s extremel y 
unlikely .  Th e tagger' s analysi s rapidl y changes . 

I n contrast ,  reanalysi s doe s no t  occu r  i n th e 
"contributions "  cas e (possessiv e remain s th e preferre d 
reading) ,  s o w e predic t  a  garde n pat h effec t  o n 
disambiguation .  Accordin g t o Pritchet t  (1992) ,  thi s sentenc e 
produce s a  consciou s garde n path .  However ,  w e kno w o f  n o 
publishe d experimenta l  evidenc e t o confir m thi s prediction . 

Post-Ambiguity Constraints. 

MacDonal d (1994 )  investigate d a  numbe r  o f  contextua l 

"̂  Thes e probabilities ,  an d thos e i n figur e S .  hav e bee n scale d t o 
add u p t o 1 . 

manipulation s whic h ca n mak e mai n verb/reduce d relativ e 
ambiguitie s easie r  t o parse .  A m o n g thes e wer e "post -
ambiguit y constrainU" . 

9. The sleek greyhound raced at the track won four 
trophies . 

10.  Th e slee k greyhoun d admire d a t  th e trac k w o n fou r 
trophies . 

11.  Th e slee k greyhoun d show n a t  th e trac k w o n fou r 
trophies . 

12.  Th e slee k greyhoun d admire d al l  da y lon g w o n fou r 
trophies . 

MacDonald discovered that sentences such as 9 result in 
greate r  readin g tim e fo r  th e disambiguatin g regio n ("wo n 
fou r  trophies" )  tha n eithe r  1 0 o r  1 1 (th e unambiguou s 
control) .  However ,  th e ambiguou s regio n o f  1 0 ("admire d a t 
th e track" )  i s slowe r  t o rea d tha n th e sam e regio n i n 9 . 

MacDonal d argue s tha t  th e differenc e occur s a s 
"admired "  i s strongl y biase d toward s a  transitiv e reading . 
W h en a  transitiv e ver b i s no t  immediatel y followe d b y a 
nou n phrase ,  a  stron g constrain t  i s  violate d an d a n 
alternativ e analysi s m a y b e sought .  I n thi s case ,  th e reduce d 
relativ e readin g become s th e preferre d analysis ,  a s th e 
intransitiv e readin g i s unlikely .  Thi s "post-ambiguit y 
constraint "  doe s no t  ai d i n processin g 9  a s "raced "  i s mor e 
frequently  intransitive ,  an d thi s readin g i s consisten t  wit h a 
followin g prepositiona l  phrase . 

The constrain t  MacDonal d propose s her e i s on e o f  lexica l 
categor y co-occurrence .  Sh e als o demonstrate s tha t  a  "poo r 
constraint "  -  wher e th e constituen t  followin g th e ver b i s 
initiall y  ambiguou s betwee n nou n phras e an d othe r  readin g 
(a s i n 12 )  -  i s les s helpfu l  t o th e reader .  Thes e observation s 
appea r  t o matc h th e reanalysi s behaviou r  o f  a  tagger . 

prob . 
1. 0 • 

0. 5 • 

Past  Participl e 
Transitiv e 
Intransitiv e 

m an hel d a t  th e polic e 

1. 0 • 

M It -

m an fough t  a t  th e polic e 

Figur e 5 :  B e h a v i o u r  o f  T a g g e r  wi t h Transitiv e a n d 
Intransitiv e B iase d Verbs . 

In  order to simulate this behaviour, we must train a tagger to 
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assig n transitivit y informatio n a s par t  o f  th e lexica l  category . 
We achieve d thi s b y automaticall y markin g al l  verb s i n th e 
S U S A N NE corpus  fo r  transitivity .  Unfortunately ,  thi s 
markin g ca n onl y b e don e fo r  thi s particula r  corpus ,  whic h 
i s rathe r  small .  Whil e w e obtaine d reliabl e ta g co -
occurrenc e statistics ,  w e di d no t  hav e sufficien t  lexica l 
statistic s t o ta g th e sam e sentence s a s MacDonal d used .  W e 
therefor e tagge d th e tw o sentence s "th e ma n hel d a t  th e 
polic e statio n fainted "  an d "th e ma n fough t  a t  th e polic e 
statio n fainted "  -  whic h happened ,  i n ou r  corpus ,  t o b e 
biase d toward s transitiv e an d intransitiv e respectively .  Th e 
result s ar e show n i n figur e 5 . 

I n th e "held "  case ,  th e tagge r  initiall y  prefer s th e 
u-ansitiv e readin g bu t  reject s thi s i n favou r  o f  th e reduce d 
relativ e readin g o n encounterin g th e followin g preposition . 
I n thi s case ,  w e predic t  increase d readin g tim e i n th e 
ambiguou s region .  I n contrast ,  th e intransitiv e readin g i s 
preferre d an d ther e i s n o reanalysi s i n th e cas e o f  "fought" , 
so w e predic t  increase d readin g tim e i n th e disambiguatin g 
region .  Thi s agree s wit h MacDonald' s (1994 )  results ,  an d s o 
th e tagge r  offer s a  simple r  explanatio n o f  he r  "post -
ambiguit y constraint" . 

Conclusions. 

The primary conclusion of this work is that a tagger model 
ca n accoun t  fo r  som e psychologica l  data .  Th e inclusio n o f  a 
tagge r  withi n a  modula r  mode l  o f  th e H S P M provides ,  a t 
ver y lo w cost ,  a  significan t  ai d i n ambiguit y resolution .  Thi s 
initia l  stud y suggest s suc h a  mode l  ma y b e psychologicall y 
plausible . 

Why not a Constraint-Based Model? 

We have argued that our "tagger" account may be a 
plausibl e mode l  o f  par t  o f  th e H S P M.  However ,  th e 
experimenta l  result s w e explai n ar e take n fro m researc h int o 
constraint-base d model s (MacDonald ,  Pearlmutte r  & 
Seidenberg ,  1994 ;  Trueswel l  &  Tanenhaus ,  1994) .  Clearly , 
thes e ca n accoun t  fo r  th e sam e data .  W h y shoul d ou r  mode l 
be preferred ? 

Our  argumen t  i s tha t  a  modula r  mode l  suc h a s th e on e w e 
ar e proposin g i s "simpler" .  Advocate s o f  constraint-base d 
approache s hav e argue d tha t  thei r  model s ar e structurall y 
simple r  (MacDonald ,  Pearlmutte r  &  Seidenberg ,  1994) . 
However ,  withi n a  probabilisti c  framework ,  structura l 
simplicit y doe s no t  see m t o b e th e correc t  metric . 

•  I n a  consU-aint-base d model ,  a  larg e numbe r  o f 
parameter s ma y effec t  a n initia l  decisio n durin g 
sentenc e processing .  I n ou r  model ,  initia l  decision s 
ar e mitigate d b y tw o simpl e statistica l  counts ,  ye t  w e 
ca n stil l  accoun t  fo r  th e sam e data . 

• The range of information types that effect initial 
decision s i n constraint-base d model s mea n tha t  a 
hug e amoun t  o f  statistica l  informatio n mus t  b e 
gathere d durin g languag e learning .  Ou r  mode l  i s fa r 
mor e "compact" . 

• Due to the sparsity of some statistical data, it can be 
difficul t  t o reliabl y estimat e th e parameter s require d 
by constraint-base d models .  Th e interactio n o f  thes e 

parameter s als o tend s t o b e underspecified ,  makin g i t 
difficul t  t o produc e concret e predictions .  Th e simple r 
statistic s use d b y ou r  mode l  mea n tha t  i t  i s  predictive . 

• Constraint-based models allow statistical information 
t o cros s level s o f  representatio n -  fo r  instance ,  th e 
previou s phonem e ma y b e use d a s a  predicto r  fo r  th e 
nex t  word .  W e argu e tha t  th e bes t  predictor s ten d t o 
occu r  o n th e sam e leve l  o f  representation .  Thi s i s 
buil t  i n t o ou r  mode l  -  again ,  reducin g th e numbe r  o f 
parameters .  Suc h behaviou r  may ,  a t  best ,  b e emergen t 
from  constraint-base d models ,  whil e i t  i s  predicte d b y 
ours . 

In summary, our model uses simpler statistics, and therefore 
les s parameters ,  tha n constraint-base d models ,  an d make s 
no appea l  t o additiona l  mechanisms ,  ye t  stil l  predict s th e 
same data . 

Further Conclusions and Lessons Learnt. 

We have argued that our model is simpler than a constraint-
base d model ,  bu t  ca n accoun t  fo r  th e sam e data .  However , 
th e implication s ar e fa r  wide r  tha n this . 

We ar e no t  jus t  usin g statistic s t o supplemen t  th e decisio n 
makin g proces s o f  a n existin g model .  Instead ,  th e us e o f 
statistic s ha s informe d th e architectur e o f  th e model .  Th e 
inclusio n o f  low-leve l  statistica l  mechanism s coul d 
significantl y reduc e th e workloa d o f  th e structur e buildin g 
componen t  o f  th e H S P M.  Withi n a  statistica l  approach ,  th e 
syntacti c modul e nee d no t  b e unitary . 

We hav e als o learn t  tw o lesson s from  undertakin g thi s 
work .  Th e first  i s  tha t  i t  ca n b e ver y difficul t  t o intui t  th e 
behaviou r  o f  a  particula r  statistica l  system .  I n orde r  t o 
furthe r  th e argument ,  w e mus t  buil d explici t  mathematica l 
model s a s wel l  a s argu e genera l  principles .  Th e secon d 
lesso n i s tha t  th e complexit y o f  behaviou r  possibl e wit h 
ver y simple ,  coarse-graine d statistica l  model s ca n b e 
surprising . 

Acknowledgements. 

We are thankful to Chris Mellish and the three anonymous 
reviewer s fo r  helpfu l  an d supportiv e comment s o n earlie r 
draft s o f  thi s paper . 

The author s als o gratefull y acknowledg e th e suppor t  o f 
th e E S R C (gran t  R0042933408 1 t o th e first  author ,  researc h 
fellowshi p H52427(XX)39 4 t o th e second) . 

References. 

Chamiak, E. (1993). Statistical Language Learning. MIT 
Press . 

Church ,  K.W .  (1988) .  A  Stochasti c Part s Progra m an d Nou n 
Phras e Parse r  fo r  Unrestricte d Text .  I n Proceeding s o f  th e 
Secon d Conferenc e o n Applie d Natura l  Languag e 
Processin g (pp .  136-143) .  Austin ,  Texas .  A C L . 

Corley ,  M. ,  Mitchell ,  D.C. ,  Brysbaert ,  M. ,  Cuetos ,  F .  an d 
Corley ,  S .  (1995) .  Explorin g th e Rol e o f  Statistic s i n 
H u m an Natura l  Languag e Processing .  I n Proceeding s o f 
th e 4t h Internationa l  Conferenc e o n th e Cognitiv e Scienc e 
of  Natura l  Languag e Processing .  Dublin ,  Ireland . 

276 



Frazier ,  L .  an d Rayner ,  K .  (1987) .  Resolutio n o f  Syntacti c 
Categor y Ambiguities :  Ey e Movement s i n Parsin g 
Lexicall y Ambiguou s Sentences .  Journa l  o f  Memor y an d 
Language ,  26 ,  505-526 . 

Juliano .  C .  an d Tanenhaus ,  M.K .  (1993) .  Contingen t 
Frequenc y Effect s i n Syntacti c Ambiguit y Resolution .  I n 
Proceeding s o f  th e Fifteent h Annua l  Conferenc e o f  th e 
Cognitiv e Scienc e Societ y (pp .  593-598) .  Lawrenc e 
Erblau m Associates . 

MacDonald ,  M.C .  (1993) .  Th e Interactio n o f  Lexica l  an d 
Syntacti c Ambiguity .  Journa l  o f  Memor y an d Language , 
32.  692-715 . 

MacDonald ,  M.C .  (1994) .  Probabilisti c  Constraint s an d 
Syntacti c Ambiguit y Resolution .  Languag e an d Cognitiv e 
Processes ,  9(2) ,  151-201 . 

MacDonald ,  M . C ,  Pearlmutter ,  N.J .  an d Seidenberg ,  M.S . 
(1994) .  Lexica l  Natur e o f  Syntacti c Ambiguit y 
Resolution .  Psychologica l  Review ,  101(4) ,  676-703 . 

Magerman,  D.M .  an d Marcus ,  M.P .  (1991) .  Pearl :  A 
Probabilisti c  Char t  Parser .  I n Proceedings :  Secon d 
Internationa l  Worksho p o n Parsin g Technologie s (pp . 
193-199) . 

Mitchell ,  D.C .  an d Cuetos ,  F .  (1991) .  Th e Origin s o f  Parsin g 
Strategies .  I n C .  Smit h (Ed.) ,  Curren t  Issue s i n Natura l 
Languag e Processing .  Universit y o f  Austin ,  Texas . 

Pritchett ,  B.L .  (1992) .  Grammatica l  Competenc e an d 
Parsin g Performance .  Universit y o f  Chicag o Press . 

Trueswell ,  J.C .  an d Tanenhaus ,  M.K .  (1994) .  Towar d a 
Lexicalis t  Framewor k fo r  Constraint-Base d Syntacti c 
Ambiguit y Resolution .  I n C .  Clifton ,  Jr. ,  L .  Frazie r  an d K . 
Rayner  (Eds.) ,  Perspective s o n Sentenc e Processin g (pp . 
155-179) .  Lawrenc e Erblau m Associates . 

Viterbi ,  A.J .  (1967) .  Erro r  Bound s fo r  Convolutio n Code s 
and a n Asymptoticall y Optima l  Decodin g Algorithm . 
IEE E Transaction s o n Informatio n Theory ,  13 ,  260-269 . 

277 


	cogsci_1996_272-277

