Learning Argument/A djunct Distinction for Basque V erbs

Abstrac t

Th is pap er p resen ts th e exp eriments p erformed on lex ical kn o wledg e acqu isition in the fo rm of v erbal sub catego rizatio n in formation . Th e system o b tains the d ata from raw corp o ra after the ap plicati o n o f a p artial p arser and statistical filters.W e u sed th ree d ifferent statistical filters to acqu ire th e su bcatego rizatio n in formation : Mu tu al Info rmatio n,

Pearso n´s Ch i - squ are an d Fisher´s

Ex act test.

Du e to th e characteristics of agg lu tin ativ e lan gu age s lik e B asq ue, th e u sual classification of arg uments in terms of th eir sy ntactic catego ry

(su ch as NP o r PP) is no t su itab le. For th at reason , the arg umen ts will b e classified in 48 d ifferen t k ind s o f case markers, which makes the sy stem fin e g rained if co mpared to equ ivalen t systems that h ave b een d ev elo ped for o ther lang uag es.

Th is work add resses th e p ro blem of d istin gu ish ing arg uments fro m adjun cts, bein g this o ne of the most sig nifican t so urces of no ise in sub catego rizatio n frame acq uisitio n.

1 Intro duc ti on

In the last y ears a co nsid erable effo rt h as b een d on e o n the acqu isition of lex ical in formation .

As several au th ors po int ou t, this in formation is u sefu l for a wid e ran ge of app licatio ns. Fo r examp le, Carro ll an d Min nen (1 99 7) sho w h ow add in g su bcateg or izatio n info rmatio n imp ro ves th e perfo rmance o f a p arser.

Having th is in min d ou r aim is to ob tain a system that au to matically discriminates b etween sub catego rized elemen ts of v erb s (argu men ts) and n on - sub catego rized on es (adju ncts).

Fo r ev alu ating ou r sy stem we emp loy ed two d ifferent meth o ds. The p urp o se was to find ou t wh ich was the imp act o f each metho d o n th is p articular task. W e g ot sig nifican tly differen t results.

Basqu e is th e sub ject o f th is stu dy . A lan gu age th at, in con trast to lang uag es like En g lish, has limited reso urces in th e form of d ig ital co rpo ra, comp utation al lex icon s, g rammars o r ann o tated treeban ks. Th erefore, any effo rt lik e th e o ne p resen ted here, oriented to create lexical resou rces, h as to be driv en to do as mu ch automatic wo rk as p ossib le, min imizin g d ev elo pment costs.

Th e p ap er is div id ed into 5 sectio ns. Th e seco n d o ne is devo ted to exp lain the th eo retical motivation s u n derly in g th e p rocess. Th e third sectio n is a descrip tio n o f the d ifferent stages o f th e system. Th e fou rth sect io n presents th e results ob tain ed u nd er two d ifferen t evalu atio n metho d s. It also d iscu sses the p ossib le causes o f d iverg ences b etween th em. An d fin ally, th e fifth sectio n is a review o f prev iou s work o n automaticsu b categ orization acqu isition .Fin ally, we p resen t the main co nclu sion s.

2 The argument/a djunc tdistinc tion

Talk in g abo ut Su bcateg orization Frames (SCF), means talk in g abo u t argu ments. Many existin g systems acqu ire d irectly a set of p ossible SCFs with o ut an y prev iou s filtering o f adjun cts. Th is is a sub stantial so u rce o f n oise. Therefo re, in o rder to av oid this p rob lem, ou r ap proach is b ased on the arg ument/adju n ct distin ction .

Th e arg ument/adju n ct d istin ctio n is p rob ably o ne of th e mo st u n clear issu es in ling u istics.

Man y au tho rs con sider th e distin ctio n to be a con tin uu m where some elemen ts belo n gin g to th e ex tremes o f this con tin uu m can be easily classified as argu men ts o r adjun cts, wh ile th ose b elon gin g to the cen tral p art o f the co ntinu um can b e easily misclassified. From th e differen t d iagn ostic s prop osed so me are qu ite con sistent amon g th e d ifferent autho rs (Grishman et al.

1 99 4).

1 ) Th e Obligato rin ess co nd itio n. Wh en a verb d eman ds ob lig atorily th e ap p earan ce of an element, th is element will be an argu ment.

2 ) Freq uen cy. Argu ments o f a v erb o ccu r mo r e freq uently with th at verb th an with the o th er v erb s.

Th ese two d iag no stics can b e cap tu red statistically by the ap plication o f asso ciatio n measu res like Mutu al In fo rmation .

Befo re g oing into a discu ssion abo ut the d ifferent measu res th at cou ld b e app lie d ,wewill p resen t step b y step th e wh ole p ro cess we p ursu ed fo r ach iev ing th e argu men t/ad ju nct d istin ctio n.

3 The ac quisition pro ce ss

Ou r starting po in t was a raw co rpu s o f

1 ,33 7 ,44 5 word s, wh ere th ere were instan ces o f

1 ,41 2 v erbs. Fro m them, we selected 6 40 as statistically relev ant because th ey ap pear in more than 1 0 sen tences.

As we said earlier, ou r go al was to disting uish argu ments fro m ad ju ncts. Wh en starting from raw corp us, lik e in th is case, it is n ecessary to g et instan ces o f verb s tog eth er with th eir d ep end ents (arg uments an d adjun cts). We go t th is info rmatio n app ly in g a p artial parser

(sectio n 3. 1) to the corp us. On ce we had the d ep end ents, statistical measures help ed us d ecid in g which were argu ments and which were adjun cts (sectio n 3 .2 ).

3.1 The p arsing phase

Aimin g to ob tain the data again st wh ich statistical filters will be ap plied, we analy zed the corp u s usin g sev eral av ailab le lin gu istic resou rces:

· First, we p erformed th e mo rph olog ical analy sis of th e co rpu s, based o n two - lev el morph olo g y (Ko sk enn iemi 1 98 3; Alegria et al. 1 99 6 ) an d disamb igu atio n u sin g th e

Co nstraint Grammar formalism(Karlsson et al. 19 95 , Ad u riz et al. 19 97 ).

· Seco nd , a shallow parser was app lied

(Ald ezab al et al. 20 00 ), which reco gn izes b asic sy n tactic un its inclu d ing n ou n ph rases, p rep o sitio nal ph rases and sev eral typ es o f sub o rdin ate senten ces.

· Th e th ird step co nsisted in link in g each verb and its depen den ts. Basqu e lack s a rob u st p arser for p erforming fu ll p arsing as in

(Brisco e an d Carro ll 1 99 7 , Kawah ara et al.

2 00 1), an d th erefore we u sed a fin ite state g rammar (Ald ezab al et al. 2 00 1 ) to link th e d ep end ents (b oth arg umen ts an d adjun cts) with th e verb . Th is g rammar was d evelo ped u sing th e Xerox Fin ite State To ol (Karttu nen et al. 19 97 ). Fig ure 1 sh ows the resu lt o f th e p ars in g ph ase. In th iscase,b o th sociativean d in essive cases (PPs) are adjun cts.

Th e lin kin g o f dep end en ts to a v erb is n ot trivial co nsiderin g that Basqu e is a free wo rd o rder lan gu ag e, and any elemen t app earing b etween two verb s co uld be, in p rin ciple, d e p en den t o n any of them. Many pro blems must b e tak en into accou n t, su ch as ambig u ity and d etermin ation o f clau se b ou nd aries, amon g oth ers. W e ev aluated th e accu racy up to th is p oint and we g ot a p recision o f 87 % and a recall o f 6 6 %. So th e in pu t data to the nex t ph ase was relativ ely n oisy .

3.2 The a rg ument selection phase

In the d ata resu ltin g fro m th e sh allow p arsin g p hase we co un ted up to 6 5 differen t cases (ty pes o f arg umen ts, inclu d ing po stpo sition s an d d ifferent ty pes o f su ffixes). Th ese are div id ed in two main g rou ps:

1 ) � EEBBetako lehen da karia k UEko 15 herria ld e eta ko merkata ritza min istro ekin b azkaldu beh ar

zuen n eg o ziazio en bilgu nea n �

2 ) � the presid en t of the USA h ad to eat with th e min isters o f Co mmerce of 15 co un tries o f th e UE in

th e neg otiatio n cen ter �

3 .1) [EEBB - eta ko leh end aka ri - a - k] [UE - ko 1 5 herria ld e - eta ko merkataritza ministro - ekin]

[USA - o f p residen t - th e - erg. ] [UE - o f 15 co un tries - o f C ommerce ministers - with ]

3 .2) NP - ergative(p residen t, sing ) PP(with ) - sociative(min ister, plu ral)

[b azka ld u beh ar zu en] [neg ozia zio - en bilgu ne - a n]

[to eat h ad] [neg otiatio n - o f center - in ]

verb (eat) PP(in ) - in essive(center, sin g)

Fig u re 1. Examp le of the ou tp ut of th e sh allow p arsing ph ase: 1) In pu t (in Basq ue), 2)English tran slation ,

3.1) Verb an d d ep en d en ts (ph rases), an d 3. 2) Verb and d ep en den ts (case+h ead)

· 4 3 co rrespo nd to p o stpo sitio ns. So me o f

th emcan b e directly map p ed to Eng lish

p rep o sitio ns, b u t in man y cases sev eral

Basqu e po stp osition s corresp on d to just on e

En glish p repo sitio n (see Table 1 ). Th is set

also co ntains p ostp osition s th at ma p to

catego ries o th er than En g lish p repo sitio ns,

such as adv erb s.

Tab le 1. Corresp ond ence b etween En glish

p rep osition s and Basq u epostp osition s.

English Ba sque

To Dativ e

Alativ e

Final ab lativ e

Like - en gisa

g isa

b ezala

leg ez

· 2 2 typ es of sen tential comp lements (Fo r

in stance, En glish th at comp lemen tizer

corresp on d s to several su bo rd ination

suffixes: - la , - n , - n a, - n ik ).

Th is sho ws to which exten t th e rang e o f

argu ments is fin e - g rained , in co ntrast to o ther

wo rks wh ere th e ran g e is at th e catego rial lev el,

such as NP o r PP (Bren t 1 99 3, Man nin g 19 93 ,

Merlo 20 01 ).

Du e to the co mp lex ity carried b y hav ing su ch a

h igh n u mb er o f cases, we decid ed to g ather

p ostp ositio ns th at are eq uivalen t or almo st

equ iv alent (fo r ex ample, Eng lish b etween and

a mon g ). Even if the re are so me semantic

d ifferences b etween th em th ey do n ot seem to be

relevan t at the syn tactic level. Some lin gu ists

were in ch arg e o f co mp letin g th isg rou p ing task .

Ev en con sid ering the risk of mak ing mistakes

wh en g rou p ing th e cases, we con clud ed that th e

lo ss of accuracy d u e to h av in g too sparse data

(con sequ ence of h aving man y cases) wou ld be

wo rse than th e no ise in tro du ced b y an y mistake

in th e gro up in g. Th e resu ltin g set con tained 4 8

cases. Th e co mplex ity g ot red u ced bu t it is still

con sid erab le.

An o th er imp ortan t asp ect we want to men tio n is

th at o u r g oal is to g et informatio n ab ou t the

elements that co uld b e eith er argu ments o r

adjun cts. In Basqu e th ere are three structu ral

cases which are sp ecial because, when th ey

app ear, they are alway s arg u men ts . Th ey

corresp on d to th e sub ject, direct ob ject an d

in direct o bject fu nctio n s. These cases are no t

v ery co nflictiv ewhen p arsing . The reaso n isthat

in Basqu e th e aux iliary b ears info rmatio n ab ou t th eir ap pearan ce in th e sen tence. So they are

easily recog n ized and lin k ed to the

corresp on d ing verb . Th at is th e reaso n fo r no t

in clud in g them in this work . Prob ably Precisio n

and R ecall wou ld imp ro ve if we decided to

in clud e th em, b ecau seth ey arethemo stfreq u en t

cases in th e co rp us, an d statistics perfo rm wel l

o ver freq uen t d ata.

Most o f th e wo rk s on au to matic acq u isitio n o f

sub catego rizatio n in formation (C arroll &

Brisco e 19 9 7, Sark ar & Zeman 20 00 , Ko rh on en

2 00 1) ap ply statistical metho ds (h yp othesis

testin g ). Basically th e id ea is thefo llo win g: th ey

g et "po ssib le su bcatego rizatio n frames" from

automatically parsed data (eith er comp letely o r

p artially p arsed ) o r fro m a sy ntactically

ann otated co rpu s. Afterwards a statistical

metho d is emplo y ed to d ecid e wh ether th ose

"po ssib le frames" are or n ot real

sub categ o rization frames. Th ese statistical

metho d s can b e p rob lematic mo stly because

th ey p erform b ad ly on sparse d ata. In o rder to

avo id as mu ch as po ssible d ata sparseness, we

d ecid ed to desig n a system th at learn s wh ich are

th e argu men ts o f a giv en v erb instea d of

learning wh ole frames. Frames are co mbin atio ns

o f arg u men ts, an d con sid ering th at ou r system

d eals with 4 8 cases, then umb ero fco mbin atio ns

was high , resultin g in sp arse d ata. So we

d ecid ed to wo rk at the lev el of the

argu ment/adju nct d istin ctio n. W o rk ing on th is

d istin ctio n is also v ery u seful to av oid n oise in

th e su bcatego rizatio n frame, because ad ju ncts

are sy no ny ms o f n o ise in th e acqu isition o f

sub catego rizatio n frames. A sy stem th at tries to

g et sub catego rizatio n frames witho u t p revio usly

makin g th e argu ment/adju nct distin ction will

suffer of hav in g h ig hly sp arse an d no isy d ata.

To acco mplish the arg umen t/adjun ct d istin ctio n

we ap plied three statistical measu res: Mutual

In formation (MI), Pearson ’s C hi - squ are and

Fisher’ s Ex act Test (fo r more in fo rmation on

th ese measures, see Man ning & Hin rich 19 99 ).

All th ese tests are b ro ad ly u sed to disco ver

associatio n s between word s, b ut th ey sh ow

d ifferent behav io ur d epen din g o n the n ature o f

th e data (Du nn ing 93 ). MI seems to

o verestimate on small n umb er o f o ccurren ces.

Pearso n’ s Ch i - squ are is based on th eassump tio n

o f n ormality. Th at is to say , it is o nly ap p licable

wh en the d atau sed is no rmally d istrib uted . And ,

fin ally , there is agreement o n th e go o d

b eh aviou r of Fisher´s Ex act Test. We did no t

want t o make an y a priori decisio n on the

measu re emplo yed . On the con trary , we aimed to check which test was b eh avin g better on ou r

d ata.

4 Eva luatio n

We fo u nd in th e literatu re two main ap p roaches

to ev alu ate a system lik e the o ne prop osed in

th is pap er (Brisc o e & Carro ll 19 97 , Sark ar &

Zeman 20 00 , Ko rh on en 2 0 01 ):

· Co mparin g the ob tained in fo rmation with a

g old stan dard .

· Calcu latin g th e cov erage of th e o btained

in formation o n a co rp us.

Un der th e fo rmer ap p roach a furth er d istin ctio n

emerges: some sy stems u se a diction ary as a

g old stan dard . Some o th ers perfo rm man ual

evalu atio n b y extracting the sub catego rizatio n

frames ap pearin g in a co rpu s an d comp arin g

th emwith th e set o f su bcateg orization frames

o btain ed au to matically .W edecid ed to do itb oth

ways, that i s to say, u sin g a g old stan dard an d

calculating th e cov erage ov er a co rpu s. The

in tention was to determin e, all th in gs b ein g

equ al, th e imp act of do in g it o ne way o r the

o ther.

4.1 Evalua tion 1: co mparison of the

results with a go ld sta ndard

From the 6 40 an aly zed verb s, we selected 10 fo r

evalu atio n. Fo r each o f these v erb s we ex tracted

fro m th e co rpu s th e list o f all their depen den ts.

We p rov id ed 4 hu man an no tators with this list

and th ey mark ed each d ep end ent as either

argu ment o r adjun ct. The list ob tain ed f ro m

merging 1 th e 4 lists in on e is tak en to be o ur

g old stand ard. Notice that wh en th e ann otators

d ecid ed wh eth er a po ssib le argu men t was really

an argu men t o r n ot, n o co n text was in vo lved . In

o ther wo rd s, th ey were d ecidin g ov er b are pairs

o f verb s and ca ses. Therefore differen t sen ses of

th e v erb were con sid ered , even th ose no t

app earing in the corpu s, because th ere was n o

con tex t to d isamb ig uate the sp ecific mean in g o f

th e verb . Tab le 1 sh ows the resu lts o btain ed in

terms o f Precision and Recall.

Tab le 1. Results of Evalu ation 1 (Context

in dep end ent)

Precision Recall F - score

MI 6 2% 5 0% 5 5%

1 Merging was possible once the annotators agreed

on the marking of each element.

Pearso n 2 4% 5 6% 3 4%

Fisher 6 4% 4 4% 5 2%

4.2 Evalua tion 2: Ca lcula tion of the

coverag e on a co rpus

Th e in itial co rp us was d iv ided in two p arts, o ne

fo r train in g th e sy stem an d an o ther on e fo r

evalu atin g it. Fro m the fraction reserv ed fo r

evalu atio n we ex tracted 20 0 sen ten ces

corresp on d ing to th e same 1 0 verb s used in the

"go ld stand ard" b ased ev aluation . In this case,

th e task carried ou t b y the ann o tators co nsisted

in extracting , fo r each o f th e 20 0 sen ten ces, the

elements (arg umen ts/adjun cts) lin ked to the

corresp on d ing verb . Each element was mark ed

as argu ment or ad ju nct with respect to the

corresp on d ing verb . Note that in this case the

ann otatio n tak es place in side t h e co ntex t o f th e

senten ce, in o ther word s, the v erb sho ws precise

seman tics.

We p erformed a simp le evalu atio n o n the

senten ces, calcu latin g p recisio n an d recall o ver

each argu men t marked b y th e an n otato rs. Fo r

examp le, if a v erb app eared in a sen tence wi th

two arg umen ts an d th e statistical filters were

recog nizing them as argu ments, bo th p recisio n

and recall wou ld be 1 00 %. If, o n the co ntrary ,

o nly on e was fo un d, then p recisio n wo uld be

1 00 %, and recall 5 0 %.

Tab le 2. Results of Evalu ation 2 (in sid e conte xt)

Precision Recall F - score

MI 9 3% 9 7% 9 5%

Pearso n 9 3% 6 1% 7 4%

Fisher 9 3% 9 3% 9 3%

4.3 Discussion

It is ob viou s th at th e resu lts attained in th e first

evalu atio n are worse th an th ose in the seco n d

o ne. The o rig in o f th is d ifference co mes, on o ne

h an d, fro m seman tics an d , on the o ther h an d ,

fro m th e natu re o f statistics.

· Seman tic so urce. Th e fo rmer exp eriment

was n ot con textu alized, wh ile th e latter

u sed a con text. Our ex perien ce sh o wed u s

th atb road ersemantics(no n - con tex tualized )

leads to a situ atio n wh ere the nu mber o f

argu ments increases with resp ect to

n arrower (con textualized ) semantics. This

h ap pen s b ecau se in man y cases d ifferent

senses of th e same v erb req uire d ifferent

argu ments. Th erefore, the task b eco mes

more d ifficu lt. In add itio n to this, an d also tied to seman tics, the corpu s used for

learning and ev aluating were d ifferent parts

o f th e same co rpu s, with similar, if n ot

equ al, semantics.

· Statistical o rigin. The d isagreemen t in th e

results co mes from th e n atu re o f th e

statistics th emselv es. A n y statistical

measu re perfo rms b etter on the most

freq uent cases th an on th e less frequ ent

o nes. In the first exp eriment, all po ssible

argu ments are ev aluated , inclu din g th e less

freq uent o n es, wh ereas in th e secon d

exp eriment, o nly the po ssib le arg uments

fo un d in th e p iece o f co rpu s u sed were

evalu ated. In most of th e cases, th epo ssible

argu ments fo un d were the mo st frequ ent

o nes.

5 Rela ted work

Co ncern ing the acq uisitio n of v erb

sub catego rizatio n info rmatio n, th ere are

p rop osals ran gin g from man ual ex am in atio n o f

corp o ra (Grish man et al. 1 99 4) to fully

automatic ap pro aches.

Tab le 3, p artially b orro wed from Ko rh on en

(2 00 1), su mmarizes several systems o n

sub catego rizatio n frame acq uisitio n.

Man ning (1 99 3) presents th e acq uisitio n o f

sub catego rizatio n fram es from un labelled text

corp o ra. He uses a sto chastic tagg er and a fin ite

state parser to o btain instan ces o f v erb s with

th eir ad jacen t elements (eith er argu men ts o r

adjun cts), and then a statistical filtering p h ase

p rod uces su bcatego rizatio n frames (fro m aset of

p rev io usly d efin ed 1 9 frames) for each verb .

Brisco e an d Carroll (19 9 7) d escribe a g rammar

b ased ex p erimen t fo r th e ex tractio n o f

sub catego rizatio n frames with th eir asso ciated

relativ e frequ encies, o btainin g 76 .6 % p recisio n

and 43 .4 % recall. Reg arding ev aluation , th ey

u se ANLT an d COMLEX Sy ntax d ictio naries as

g old stand ard. Th ey also p erformed evalu atio n

o f co verag e o ver a co rp us. For o ur wo rk, we

cou ld n ot mak e u se of an y prev io us info rmatio n

o n sub catego rizatio n, b ecau se there is no th in g

lik e a su bcatego rizatio n diction ary for Basq u e.

Sark ar and Zeman (2 00 0) repo rt resu lts o n th e

automatic acqu isition o f sub catego rizatio n

frames fo r verb s in Czech , a free wo rd o rder

lan gu age. Th e inp ut to the sy stem is a set o f

manu ally ann otated senten ces, whe re each v erb

is link ed with its d epen den ts (with ou t

d istin gu ish ing arg uments and adjun cts). The

task co n sists in iterativ ely eliminating elemen ts fro m the p ossib le frames with th e aim o f

remov in g ad ju ncts. Fo r evalu atio n, th ey g iv e an

estimate of h ow many o f the ob tain ed frames

app ear in a set o f 5 00 sen ten ces where

d ep end ents were ann otated manu ally , sho win g

an imp rov emen t fro ma b aselin e o f 5 7% (all

elements are ad ju ncts) to 88 %.

Co mparin g th is app roach to o ur wo rk, Sarkar

and Zeman ’s d ata do es no t co me f ro m raw

corp u s, th us th ey d o no t d eal with th e p ro blem

o f no ise co min g fro m th e p arsin g p hase. Th eir

main limitation comes b y relying o n a treeb ank ,

wh ich is an ex pen sive reso u rce.

Kawahara et al. (2 00 1) u se afullsy ntacticparser

to ob tain a case frame d ictio n ary fo r Jap anese,

wh ere arg umen ts are distin gu ished by th eir

syn tactic case, in clud in g th eir h ead word

(selectio nal restriction s). Th e resulting case

frame co mpo n en ts are selected by a freq uen cy

th resho ld .

Marag ou dak is et al. (2 00 1) app ly a

morph olo g i cal an alyzer an d ph rase chu nk in g

mod u le to acq uire su bcateg orizatio n frames fo r

Mod ern Greek . In co ntrast to th iswo rk ,they use

d ifferent mach ine learn in g tech niqu es. Th ey

claim th at B ay esian Belief Netwo rks are the best

learning techn iq ue.

Merlo (2 00 1) p resents su perv ised learnin g

exp eriments for au tomatic d istin ctio n o f

argu ments an d ad jun cts, ap plied to the case o f

p rep o sitio nal ph rases attach ed to a v erb. She

u ses d ecision trees tested o n a set of 4 0 0 v erb

in stances with a sing le PP, reach ing an accu ra cy

o f 8 6.5 % ov er a b aseline o f 7 4 %.

No te that bo th Mann in g and Merlo ’s systems

learn fro mcon texts with ju sto n ePP (maximum)

p er v erb (finite state filter). Ou r sy stem learns

fro m con tex ts with u p to 5 PPs.Furthermo re,we

d istin gu ish 48 d ifferen tk in ds o f cases,h encethe

comb in ation n umb er in creases.

Reg ard in g th e p arsing ph ase, the systems

p resen ted so far are h etero g en eou s. Wh ile

Man ning , Merlo an d Marago ud akis et al. use

v ery simp le parsin g tech niqu es, Briscoe &

Carro ll and Kawah ara et al. use sop his ticated

p arsers. Our system can b e placed between th ese

two app roach es. Th e resu lt o f th e shallow

p arsing is n ot simple in that it relies on a ro bu st

morph olo g ical an alysis an d d isambig uation .

RememberthatBasqu eisag glutinativ elan gu age

with stron g mo rp h olo gy an d, th erefo re, this

stag e is p articularly relev ant. Moreo ver, the

fin ite state filter used for p arsing is v ery

sop h isticated (Karttu nen et al. 19 97 ).

6 Conc lusion

Th is work describ es an initial effort to o btain

sub catego rizatio n in formation fo r Basq u e. To

successfully perfo rm this task we h ad to g o

d eep er than mere sy ntactic categ ories (NP, PP,

�) en rich in g theset of po ssib leargu mentsto 4 8

d ifferent classes. Th is leads to qu ite sp arse data.

To geth er with sp arseness, ano th er p ro blem

commo n to ever y su b categ orization acq uisito n

system is th at of n oise, co min g fro m ad ju ncts

and in correctly parsed elemen ts. For th at reason ,

we defin ed su bcateg orization acq uisitio n in

terms o f distin gu ishing between argu men ts an d

adjun cts.

We carried o ut two d ifferen t k ind so fev aluation ,

wh ich allowed u s to verify the relev ance o f

seman tics in this kin d of task.

Fo r th e fu ture, we plan to in corp orate the

in formation resu ltin g from th is wo rk in ou r

p arsing system. W e h op e that this will lead to

g et better resu lts in par sin g. Con sequ en tly , we

wo uld get b etter su bcatego rizatio n info rmatio n

(b oo tstrap pin g ). We also plan to imp rov e the

results b y u sing semantic in fo rmation as

Ko rho nen (2 00 1) pro po ses. An d finally we also

in tend to u se a bigg er q uantity o f data.

Acknowledg eme nts

Th is wo rk was p artly sup p orted b y a gran t

p rov id ed b y the B asq ue Gov ernment.

References

Ad uriz I., Arrio la J. M., Artola X., Díaz d e

Ilarraza A., Gojen o la K. an d Maritxalar M.

(1 99 7) Morp ho synta ctic disamb ig ua tio n fo r

Ba squ e ba sed o n the Co nstra in t Gr a mmar

Fo rmalism . C on feren ce on Recen t Ad v an ces in

Natu ral Lan gu age Processin g (RANLP).

Aleg ria I., Artola X. , Sarasola K., Urk ia M.

(1 99 6) Au to matic morp ho lo gica l a n alysis of

Ba squ e . Literary and Lin gu istic Comp uting . 1 1

(4 ), Ox fo rd Univ ersity .

Ald ezab al I., Go jen ola K., Saraso la K.

(2 00 0) A Bo otstrap pin g Ap p ro a ch to Pa rser

Develop ment . In ternation al Wo rksh op on

Parsin g Techn olog ies (IW PT), Tren to .

Tab le 3. Summa ry of sev era l sy stems on subcateg orization fra me a cquisitio n

Method Number

o f frames

Number

o f v erbs

Linguistic

resources

F - Sco re

(eva luation

ba sed o n a

g old sta ndard)

Co verag e on a

corpus

Man ning (1 99 3) 1 9 2 00 POS tag ger + simp le

fin ite state parser

5 8

Brisco e & Carro ll

(1 99 7)

1 61 1 4 Fu ll parser 5 5

Sark ar & Zeman

(2 00 0)

1 37 9 14 An no tated tr eeban k - 8 8

Kawahara et al.

(2 00 1)

- 2 3,4 9 7 Fu ll parser 8 2 accuracy

Marag ou dak is et al.

(2 00 1)

- 4 7 Simple p h rase

chu nk er

7 7

Th is p aper - 6 40 Morp h. Analy zer +

Ph rase Ch un ker +

Finite State Parser

5 5 9 5

Ald ezab al I., Aranzab e M., Atu tx a A.,

Go jeno l a K. , Oron oz M. , Sarasola K. (20 0 1)

Ap plication o f fin ite - sta te tra nsd u cers to th e

a cq uisitio n of verb su b ca tego riza tio n

in fo rmation . Fin ite State Meth od s in Natural

Lan gu age Processing , ESSLLI Wo rksh op ,

Helsin ki.

Bren t, M. R. (1 99 3) Fro m Gra mmar to

Lexico n : Un sup ervised Learn in g of Lexica l

S yn ta x . Comp utation alLin gu istics, 19 :2 43 - 2 62 .

Brisco e, T. an d Carro ll J. (19 9 7) Au to matic

Extra ctio n o f S ub categ orization fro m Corp ora .

ANLP - 9 7:3 56 - 3 63 .

Carro ll J., Minn en G. and Brisco e T. (1 9 98 )

Ca n Su bca tego rization Pro ba bilities Help a

S tatistica l Pa rser? Pro ceed in gs o f the 6 th

ACL/SIGDAT Wo rk sh o p o n Very Large

Co rpo ra, Mon treal.

Karlsso n F., Vou tilain en A., Heikk ila J.,

An ttila A. (19 95 ) Co nstra in t Gramma r: A

La n gu ag e - in dep end en t System for Parsin g

Un restricted Text . Mo uto n de Gruy ter.

Karttu nen L., Chan od J - P. , Grefenstette G. ,

Sch iller A. (1 9 97 ) Reg ula r Exp ression s For

La n gu ag e En gin eering . Natural Lan g uag e

En gineerin g.

Kawahara D., Kaji N. an d Ku ro hashi S.

(2 00 0) Jap an ese Ca se Structu re An alysis b y

Un sup ervised Co n structio n o f a Case Frame

Dictio n ary . COLING - 2 00 0, Saarb ruck en .

Ko rho nen A. (20 01 ) S ub ca teg oriza tio n

a cq uisitio n . Ph D Thesis, Un iv ersity o f

Cambridg e.

Ko skenn iemi K. (1 98 3) Tw o - level

Morp ho lo gy: A g eneral C omp utation al Mo del

fo r Word - Fo rm Reco gn ition a nd Pro du ctio n .

Ph D thesis, Univ ersity o f Helsin ki.

Ku hn J., Eckle - Ko hler J. , Ro hrer. C. (1 99 8)

Lexico n Acqu isition with an d fo rS ymb olicNLP -

S ystems -- a Bo o tstrap ping Ap p roa ch . First

In ternation al C on feren ce o n Lan gu age

Resou rces and Ev alu ation (LREC9 8), Gra n ad a.

Grish man R. , Macleo d C., Mey ers A. (1 9 94 )

Co mlex S ynta x: Bu ild ing a Co mp uta tio na l

Lexico n . COLING - 9 4.

Karttu nen L., Chan od J - P. , Grefenstette G. ,

Sch iller A. (1 9 97 ) Reg ula r Exp ression s For

La n gu ag e En gin eering . Natural Lan g uag e

En gineerin g.

Man ning , C. D. (1 99 3 ) Au to matic

Acq uisitio n of a La rge Su b ca tego riza tio n

Dictio n ary from Co rpo ra . Proceed in gs o f the

3 1th ACL.

Marag ou dak is M., Kerman idis K., Fako tak is

N. an d Kok k inak is G. (20 0 1) Lea rning

Au to matic Acq u isitio n o f Su b ca tego riza tio n

Fra mes usin g Bay esia n In feren ce an d S up po rt

Vecto r Ma chines . The 2 00 1 IEEE Intern atio nal

Co nferen ce on Data Mining , IMDC’ 01 , San

José.

Merlo P. and Ley bo ld M. (20 01 ) Au to matic

Distinctio n o f Argu men ts an d Mod ifiers: the

Ca se of Prep osition al Ph rases . EACL - 2 00 1,

To ulou sse.

Sark ar, A. an d Zeman D. (20 0 0) Au to matic

Extra ctio n o f S ub categ oriza tio n Fra mes for

Czech . COLING - 2 00 0, Saarb ruck en .