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Abstra
tWe propose a method for semi-automati
 
lassi-�
ation of verbs to Levin 
lasses via the seman-ti
 network of WordNet. The method involves�rst 
lassifying entire WordNet senses to seman-ti
 
lasses and then 
lassifying individual verbson the basis of their WordNet senses. We reportevaluation whi
h shows that the method 
anbe used to build a verb 
lassi�
ation a

urateenough for pra
ti
al nlp use. The WordNet-Levin mapping produ
ed as a by-produ
t, may,in turn, be used to supplement WordNet withnovel information.1 Introdu
tionLinguisti
 resear
h has shown that verbs fallinto 
lasses distin
tive in terms of their synta
-ti
 and semanti
 properties (Ja
kendo�, 1990;Hale and Keyser, 1993; Levin, 1993; Pinker,1989). For example, verbs whi
h share themeaning 
omponent of `motion' (e.g. 
y andwalk) tend to behave similarly also in terms ofsub
ategorization and 
an thus be grouped to alinguisti
ally 
oherent 
lass.While the 
orresponden
e between the syntaxand semanti
s of verbs is arguably not perfe
tand while the whole notion of a verb 
lass issomewhat elusive1, verb 
lassi�
ations 
an be
onstru
ted whi
h provide a generalization overa range of synta
ti
 and semanti
 properties ofverbs.Su
h 
lassi�
ations are parti
ularly usefulfrom a pra
ti
al nlp point of view. They 
anbe used as a means of redu
ing redundan
y inthe lexi
on and for �lling gaps in lexi
al knowl-edge. To a 
ertain extent, they enable inferring1For example, as most verbs 
an be 
hara
terized byseveral meaning 
omponents, there is potential for 
ross-
lassi�
ation. Therefore di�erent, equally viable 
lassi�-
ation s
hemes 
an be 
onstru
ted.

the semanti
s of a word on the basis of its syn-ta
ti
 behaviour, and the syntax of a word onthe basis of its semanti
 behaviour.Verb 
lassi�
ations have, in fa
t, been usedto support various nlp tasks, in
luding ma-
hine translation, language generation (Dorr,1997), do
ument 
lassi�
ation (Klavans andKan, 1998), lexi
ography (San�lippo, 1994) andlexi
al a
quisition, su
h as word sense disam-biguation (Dorr and Jones, 1996) and sub
ate-gorization a
quisition (Korhonen, 2002b).The verb 
lassi�
ation employed most widelyin nlp is Levin's taxonomy of verbs and their
lasses (Levin, 1993). Levin 
lasses are based onthe ability of a verb to o

ur in spe
i�
 diathe-sis alternations, i.e. spe
i�
 pairs of synta
ti
frames whi
h are assumed to be meaning re-tentive. The 
lassi�
ation 
overs a substantialnumber of diathesis alternations o

urring inEnglish. It is not, however, exhaustive. Morework is required on extending and re�ning ituntil a 
omprehensive resour
e 
an be obtainedsuitable for large-s
ale nlp use (Dorr and Jones,1996; Dorr, 1997; Korhonen, 2002b).Perhaps the most 
hallenging task is to ex-tend the 
lassi�
ation with new parti
ipants.Manual 
lassi�
ation of verbs to semanti

lasses yields a

urate results but is time 
on-suming (Levin, 1993; Dang et al., 1998). Fullyautomati
 
lassi�
ation, on the other hand, isfast but su�ers from low a

ura
y (Dorr, 1997;Stevenson and Merlo, 1999). In this paper,we propose 
ombining the strengths of theseapproa
hes. We present a method for semi-automati
 semanti
 
lassi�
ation of verbs whi
hexploits automati
 te
hniques but also allowsfor some manual intervention.The method involves 
lassifying verbs seman-ti
ally via the semanti
 network of WordNet(Miller, 1990). Unlike Levin's sour
e, Wordnet



is a 
omprehensive lexi
al database. Althoughit 
lassi�es verbs on a purely semanti
 basis,the synta
ti
 regularities studied by Levin are tosome extent re
e
ted by semanti
 relatedness asit is represented by WordNet's parti
ular stru
-ture (Dorr, 1997; Fellbaum, 1999). Our methodmakes use of this partial overlap between Word-Net and Levin 
lasses. It involves �rst 
lassify-ing entire WordNet senses to semanti
 
lassesand then 
lassifying individual verbs on the ba-sis of their WordNet senses.We use this method to 
lassify verbs in a num-ber of WordNet �les and report experimentalevaluation whi
h shows that the method is fairlya

urate and 
an also be used to build a 
las-si�
ation suitable for pra
ti
al nlp use. The
lassi�
ation built using our method 
an alsobe used to bene�t linguisti
 resear
h, as knowl-edge about novel verb and verb 
lass asso
ia-tions 
an be used to test and enri
h linguisti
theory (e.g. (Levin, 1993)).As a by-produ
t, the method produ
es a map-ping between WordNet senses and Levin 
lasses.This mapping { on
e 
omprehensive { 
an a
tas a useful supplement to WordNet whi
h in-
orporates information about diathesis alterna-tions and semanti
 verb 
lasses. Currently thisinformation is absent in WordNet.We dis
uss the ba
kground for our work inse
tion 2. In se
tion 3, we des
ribe the methodfor 
lassifying verbs semanti
ally via WordNet.The details of the experimental evaluation ofour method are supplied in se
tion 4. Se
tion 5
on
ludes with dire
tions for future work.2 Ba
kgroundIn Levin (1993), verbs whi
h display the same orsimilar set of diathesis alternations in the real-ization of their argument stru
ture are assumedto share 
ertain meaning 
omponents and areorganized into a semanti
ally 
oherent 
lass.For instan
e, the Levin 
lass of \Break Verbs"(
lass 45.1) refers to a
tions that bring about a
hange in the material integrity of some entity.It is 
hara
terized by its parti
ipation (1-3) ornon-parti
ipation (4-6) in the following alterna-tions:1. Causative/in
hoative alternation:Tony broke the window $ The windowbroke

2. Middle alternation:Tony broke the window $ The windowbroke easily3. Instrument subje
t alternation:Tony broke the window with the hammer$The hammer broke the window4. *With/against alternation:Tony broke the 
up against the wall $*Tony broke the wall with the 
up5. *Conative alternation:Tony broke the window $ *Tony broke atthe window6. *Body-Part possessor as
ension alter-nation:*Tony broke herself on the arm $ Tonybroke her armLevin's 
lassi�
ation is attra
tive in provid-ing a summary of the variety of theoreti
al re-sear
h done on semanti
 verb 
lasses and a ref-eren
e work extensive enough for nlp resear
h.It is not, however, 
omprehensive in breadth ordepth of 
overage. It provides a 
lassi�
ationof around 3200 verbs into 48 
lasses (some ofwhi
h are split further into more distin
tive sub-
lasses, making the total number of 191 
lasses)a

ording to their parti
ipation in 79 alterna-tions involving np and pp 
omplements only.Work on re�ning the existent semanti
 
lassesand 
omposing novel ones is under way. Dang etal. (1998), for example, have re�ned the 
urrent
lassi�
ation by 
reating interse
tive 
lasses forthose verbs whi
h share membership of morethan one Levin 
lass. Dorr (1997) has 
reatednew 
lasses for verbs whose synta
ti
 behaviourdi�ers from the synta
ti
 des
ription of existingLevin 
lasses. Korhonen (2002b) has proposednovel alternations not 
overed by Levin { par-ti
ularly those involving sentential 
omplements{ with the aim to 
reate new 
lasses for furtherverb types.Attempts have also been made to extend the
lassi�
ation with new parti
ipants. Levin, forinstan
e, asso
iates only 13 verbs with the 
lassof \Break Verbs" (break, 
hip, 
ra
k, 
rash,
rush, fra
ture, rip, shatter, smash, snap, splin-ter, split, and tear), while it is possible thatother English verbs fall into this 
lass as well.Stevenson and Merlo (1999) and Dorr (1997)have proposed methods for automati
ally infer-



ring parti
ipation in verb 
lasses. Stevensonand Merlo have applied ma
hine learning te
h-niques to automati
ally 
lassify a set of verbs,based on distributional features extra
ted froma 
orpus. They a
hieve 70% a

ura
y on thetask, but their method is appli
able to threeverb 
lasses only. Dorr has proposed a methodappli
able to all Levin 
lasses whi
h relies heav-ily on lexi
al resour
es. It uses grammati
alinformation in the ldo
e di
tionary (Pro
ter,1978) alongside semanti
 information in Word-Net. The method yields 61% a

ura
y in as-signing verbs to (one of their) 
orre
t 
lasses.Although fully automati
 
lassi�
ation wouldbe an ideal solution, the methods proposed sofar have not led to a resour
e a

urate enoughfor all-purpose pra
ti
al nlp use (e.g. (Korho-nen, 2002b)). On the other hand, manual 
lassi-�
ation is not an ideal solution as it is time 
on-suming and thus 
ostly. Here, we address thisproblem by proposing a semi-automati
 methodwhi
h uses automati
 te
hniques to speed upthe 
lassi�
ation task but allows for some man-ual intervention to maximise a

ura
y of 
lassi-�
ation.3 Classifying Verbs Semanti
ally viaWordNetOur method involves assigning verbs to seman-ti
 
lasses via WordNet. Se
tion 3.1 provides abrief introdu
tion to this semanti
 network anddis
usses its suitability for the task. Se
tion 3.2gives details of the 
lassi�
ation algorithm.3.1 WordNetIn 
ontrast to Levin's 
lassi�
ation, WordNetorganizes words on a purely semanti
 basis with-out regard to their synta
ti
 properties. Its or-ganization is that of a network of interlinkednodes representing word meanings. The nodesare sets of synonym sets (`synsets'), whi
h 
on-sist of all the word forms that 
an expressa given 
on
ept (e.g. fsnooze, drowse, dozeg).While synonymy links individual words withinsynsets, the super-/subordinate relation linksentire synsets, resulting in hierar
hi
al stru
-tures.WordNet has several qualities whi
h make itsuitable for our purposes. Unlike Levin's sour
e,it is a 
omprehensive lexi
al database. It alsoin
ludes useful information about semanti
 re-lations and the frequen
y of word senses whi
h


an be exploited in the 
lassi�
ation task. Al-though WordNet's semanti
 organization doesnot always go hand in hand with synta
ti
 infor-mation, Dorr and Jones (1996) and Dorr (1997)have demonstrated that synonymous verbs inWordNet exhibit synta
ti
 behaviour similar tothat 
hara
terised in the 
lassi�
ation systemof Levin. This enables asso
iation of verbs withsemanti
 
lasses on the basis of their WordNetsynonyms.We utilized the verb hierar
hy of WordNetversion 1.6. whi
h 
ontains 10,319 word formswhose 22,066 senses spread over 12,127 synsets.Most synsets in this hierar
hy are interrelatedby a pointer standing for a manner relation tro-ponymy2. They divide into 15 subhierar
hieswhi
h represent di�erent, mostly semanti
ally-driven domains (e.g. \verbs of motion", \verbsof per
eption").3.2 Classi�
ation AlgorithmIn addition to WordNet, our 
lassi�
ation al-gorithm employs the following set of lexi
al re-sour
es:� Levin's semanti
 
lassi�
ation of 3200verbs� The ldo
e di
tionary� Dorr's (1997) sour
e of ldo
e grammati-
al 
odes for Levin 
lasses. This sour
e wasobtained by extra
ting automati
ally basi
synta
ti
 patterns from all the senten
es inLevin's book, mapping these onto ldo
egrammati
al 
odes and grouping them into
anoni
al and prohibited 
odes for ea
h
lass.Dorr (1997) employed the same set of lexi-
al resour
es in her fully automati
 
lassi�
a-tion approa
h. In Dorr's approa
h, ea
h un-known verb was assigned to one of its semanti

lasses by examining the verb's synonyms fromWordNet and sele
ting those whose Levin 
lassis asso
iated with synta
ti
 information mat
h-ing that of the unknown verb. The notion of2For example, the synset fsnooze, drowse, dozegis represented as one of the troponyms (subordinates)of the hypernym (superordinate) synset frest, reposeg,sin
e snooze, drowse or doze mean to rest or repose in aparti
ular manner.



\mat
h" was based on the degree of interse
-tion between the verb's ldo
e 
odes and theldo
e 
odes for a 
andidate 
lass.Our semi-automati
 approa
h di�ers, how-ever, essentially from Dorr's. In our approa
h,entire WordNet senses (i.e. synsets) are �rstassigned to semanti
 
lasses, using informa-tion in the lexi
al resour
es merely as a guid-an
e. After synsets are 
lassi�ed, individualverbs re
eive the 
lassi�
ation of their respe
-tive synsets. By 
lassifying entire synsets, ourobje
tive is to build a more stati
 sour
e whereWordNet senses are asso
iated with di�erentLevin 
lasses. Although stati
, the sour
e willallow for updating and adding new verbs toWordNet.Our algorithm makes use of the hierar
hi
alstru
ture of WordNet. It 
lassi�es synsets sub-hierar
hy by subhierar
hy, starting from the toplevel synsets, and going further down in the tax-onomy only when required. This makes sense,as many of the top level synsets interse
t di-re
tly with Levin 
lasses. For example, \Send-ing and Carrying" and \For
e Exerting" verbsare all found under the same top level synsetfmove, displa
eg.Ea
h synset is 
lassi�ed by �rst assigning themajority of its member verbs to a semanti
 
lassand then 
hoosing the Levin 
lass supported bythe highest number of verbs. `Member verbs'refer here to those whi
h are members of thesynset in question and of its hyponym (sub-ordinate) synsets. Thus if a 
lassi�ed synsethas hyponym synsets, the latter are 
lassi�eda

ording to their 
lassi�ed hypernym synset.At the present state of development, our al-gorithm 
lassi�es verbs a

ording to their pre-dominant (i.e. most frequent) sense in Word-Net only3. A

ordingly, synsets are 
lassi�ed by
onsidering only those member verbs whose pre-dominant sense belongs to the synset in ques-tion. The method is, however, generally ap-pli
able (i.e. fully suitable for 
lassifying non-predominant senses of verbs as well).The algorithm pro
eeds as follows:Step 1: If the majority of member verbs of agiven synset S are Levin verbs from thesame 
lass, 
lassify S dire
tly.3The WordNet frequen
y data is derived from theSemCor 
orpus.

Step 2: Otherwise, 
lassify more memberverbs (a

ording to Step 4a-d) until the ma-jority are 
lassi�ed, and then go ba
k toStep 1.Step 3: Otherwise, if the 
lassi�ed verbs pointto di�erent Levin 
lasses, examine whetherS 
onsists of hyponym synsets. If not, as-sign S to the Levin 
lass supported by thehighest number of 
lassi�ed verbs. If yes,go one level down in the hierar
hy and 
las-sify the hyponym synsets separately, start-ing again from Step 1.Step 4: If S in
ludes no Levin verbs, pro
eedas follows to 
lassify the majority of mem-ber verbs of S :(a) Extra
t the predominant sense of agiven verb V from WordNet(b) Extra
t the synta
ti
 
odes fromldo
e relevant to this sense(
) Examine whether V 
ould be assignedto a Levin 
lass already asso
iatedwith the other verbs in the (i) samesynset, (i) possible hypernym synset or(iii) possible sister synsets by 
ompar-ing the ldo
e 
odes of the sense andDorr's ldo
e 
odes of the respe
tiveLevin 
lass(es). Given the hypothe-sised 
lasses, make the �nal 
lass as-signment manually.(d) If no suitable 
lass is found, re-examine the 
ase after more verbs havebeen analysed. If the 
lassi�
ation re-mains unsolved, set V aside for laterexamination.The above algorithm is for the most part au-tomati
, however, Step 4b and part of Step4
 (the �nal 
lass assignment) are done man-ually to ensure a

ura
y of 
lassi�
ation. Theapproa
h of 
lassifying \only" the majority ofverbs in synsets (as opposed to all verbs) aims,however, to minimise manual e�ort.The following examples illustrate the use ofthis algorithm to assign hyponym synsets ofthe top level synset fmove, displa
eg to Levin
lasses4:4As we only 
onsider verbs whose predominant sensesbelong to the synsets in question, for 
larity, we refer tosynsets in these examples as WordNet synset identi�er



Example 1: The synset no. 01328437 has 5member verbs, 3 of whi
h are Levin verbs fromthe same verb 
lass. It is assigned dire
tly to theLevin 
lass of \Verbs of Sending and Carrying"(Step 1).ship => Verbs of Sending and Carryingdespat
hdispat
h => Verbs of Sending and Carryingrouteforward => Verbs of Sending and CarryingExample 2: The synset no. 01278717 in-
ludes Levin verbs whi
h point to di�erent
lasses. Sin
e it 
onsists of hyponym synsets (asindi
ated by the synset identi�ers below), we goone level down in the taxonomy and 
lassify thehyponym synsets separately (Step 3).push => Verbs of Exerting For
ejab poke 01296169 => Poke Verbsnudge prod 00838894 => Verbs of Conta
trepel 01034588shove 01278320 => Verbs of Exerting For
eram 01296169obtrude 01279473thrust 01296169 => Verbs of Exerting For
eelbow shoulder 01278320Example 3: The synset no. 00994853 in-
ludes 13 member verbs, 4 of whi
h are Levin\Verbs of Sending and Carrying". We need to
lassify more verbs to determine 
lass assign-ment (Step 2). We 
hoose whisk and extra
t itspredominant sense from WordNet (Step 4a):whisk -- (move somewhere qui
kly;"The president was whisked awayin his limo")In ldo
e the verb has three senses. That 
or-responding to the predominant WordNet senseis identi�ed as (Step 4b):
odes, rather than their a
tual names. To simplify theexamples somewhat, we also refer to broad rather than�ne-grained Levin 
lasses.

2. [X9 esp. OFF, AWAY℄ to removeb. by taking suddenly:"She whisked the 
ups away/ whisked him (off) home"11 Levin 
lasses are already mat
hed with theverbs in the same, hypernym and sister synsets.Those whose synta
ti
 des
ription in
ludes theldo
e 
ode X9 are:Verbs of puttingVerbs of removingVerbs of sending and 
arryingVerbs of exerting for
eVerbs of motionAfter verifying these options manually, whiskis assigned to \Verbs of Sending and Carrying"(Step 4
).Example 4: The synset no. 01527059 in-
ludes around 90 member verbs related to thetransfer of messages. These spread over nearly60 hyponym synsets. Seven of the verbs areLevin verbs from various 
lasses whi
h in
ludeverbs taking sentential 
omplements. Two ofthem are listed by Dorr (1997) as members ofher new semanti
 
lasses. The synset is set asidefor future work (Step 4d).4 Experimental EvaluationWe applied the verb 
lassi�
ation algorithm tothree WordNet subhierar
hies: 
onta
t, posses-sion and motion verbs. 1581 synsets in these�les were assigned to one of 32 Levin 
lassesand 148 were left un
lassi�ed. A small numberof synsets (35) from other verb �les were 
lassi-�ed as well.To evaluate the 
lassi�
ation algorithm, we
hose 60 synsets from among the 1616 
lassi-�ed. The synsets were 
hosen at random sothat 20 were taken from ea
h of the three Word-Net verb �les (
onta
t, possession and motionverbs). From the total of 501 verbs in thesesynsets, we 
hose for evaluation those 224 whi
hwere neither Levin verbs nor 
lassi�ed manu-ally when linking synsets with Levin 
lasses.For these verbs, the semanti
 
lassi�
ation (to abroad or { where appli
able { to a �ne-grained



Levin 
lass) was 
ompared against a manuallyobtained gold standard 
lassi�
ation.The algorithm 
lassi�ed 
orre
tly 181 verbsand in
orre
tly 43 verbs. A

ura
y of the 
lassassignment was thus 81%.5 All the mis
las-si�
ations 
orresponded to 
ases where thereis a semanti
 mismat
h between WordNet andLevin, i.e. the majority, but not all verbs in asynset 
orresponded to the same Levin 
lass.21% of the mis
lassi�
ations 
on
erned synsetswhi
h divide further into hyponym synsets. Itis possible that better results 
ould be obtainedfor these synsets if the 
lassi�
ation algorithmwas re�ned further (e.g. to 
lassify more than\just" the majority of the member verbs in asynset, for example 70%, before 
lassifying theentire synset).79% of the mis
lassi�
ations 
on
erned, how-ever, synsets whi
h do not divide further intohyponym synsets and whose analysis 
annot beimproved, if we maintain the idea of linkingentire synsets with Levin 
lasses. In the lightof these results, it thus seems that the upperbound of our method is around 85%.The 
orresponden
e between WordNetsynsets and Levin 
lasses varies, however,
onsiderably a
ross WordNet and this a�e
tsthe a

ura
y of our method. Further evaluationis therefore needed with a larger set of WordNet�les to get a better idea of the performan
e ofthe algorithm.Our results are not dire
tly 
omparable withthose of Dorr (1997), as Dorr does not restri
ther evaluation to a 
ertain sense. She reports61% a

ura
y in assigning a verb to any of its
orre
t 
lasses, while we report 81% a

ura
yin assigning a verb to the 
lass 
orrespondingto its predominant sense.Task-based evaluation of our 
lassi�
ation al-gorithm was reported in (Korhonen, 2002a). Inthis evaluation, a 
lassi�
ation obtained usingour algorithm was employed in the task of auto-mati
 sub
ategorization a
quisition. The algo-rithm was adapted to 
lassify verbs to (mainly)broad Levin 
lasses as in sub
ategorization a
-quisition it was adequate to assume a broad no-5Korhonen (2002a) reported a smaller evaluation ofthis 
lassi�
ation algorithm with 151 verbs whi
h yielded93% a

ura
y. However, in this evaluation a broad no-tion of Levin 
lass was assumed whi
h explains the highera

ura
y.

tion of a semanti
 
lass.The method for sub
ategorization a
quisitioninvolved �rst using the system of Bris
oe andCarroll (1997) to a
quire a putative sub
ate-gorization frame (s
f) distribution for a verbfrom 
orpus data. The system used a shallowparser to obtain the sub
ategorization informa-tion and employed a 
lassi�
ation of 163 ver-bal s
fs. The putative distribution was thensmoothed with the ba
k-o� distribution 
orre-sponding to the semanti
 
lass of (the predom-inant sense of) a verb. The semanti
 
lass wasdetermined by our 
lassi�
ation algorithm.This task-based evaluation is fairly sensitiveto the a

ura
y of the 
lass assigments. Wherethe predominant sense is assigned 
orre
tly, sig-ni�
ant improvement 
an be reported in s
f a
-quisition, as a

urate ba
k-o� estimates help to
orre
t the a
quired s
f distribution and dealwith sparse data. In
orre
t 
lass assignments
an, however, degrade performan
e.On a test set of 91 verbs from 16 Levin 
lasses,the method yielded 81% type pre
ision (the per-
entage of s
f types that the method proposeswhi
h are 
orre
t) and 73% type re
all (the per-
entage of s
f types in the gold standard thatthe method proposes). The method was 
om-pared against a baseline method whi
h assumedno semanti
 
lass and involved no smoothing.F measure6 was 76 for the method that as-sumed a semanti
 
lass and 61 for the baseline.This result shows that our algorithm is a

u-rate enough to yield a 
lassi�
ation whi
h 
anbene�t a pra
ti
al nlp task.5 Con
lusionWe have proposed a method for semi-automati
semanti
 
lassi�
ation of verbs whi
h 
ombinesthe bene�ts of manual 
lassi�
ation and auto-mati
 te
hniques. The method assigns verbs tosemanti
 
lasses via WordNet, by �rst 
lassi-fying entire WordNet senses and then 
lassify-ing individual verbs a

ording to their Word-Net senses. We have reported evaluation whi
hshows that method is fairly a

urate and 
an beused to build a 
lassi�
ation suitable for pra
ti-
al nlp use.In the future, we will apply the methodto other Wordnet �les, perform more 
om-prehensive evaluation and further re�ne the6F = 2�pre
ision�re
allpre
ision+re
all




lassi�
ation algorithm to 
onsider also non-predominant senses of verbs. Our long termgoal is to build a 
omprehensive semanti
 
las-si�
ation of verbs whi
h 
an be useful for nlpas well as for linguisti
 resear
h and { as a by-produ
t { a mapping between WordNet sensesand Levin 
lasses whi
h 
an a
t as a useful sup-plement to WordNet.6 A
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