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Abstract

In this paper, we intro duce a model for senseas-
signmert which relies on assigning sensesto the

contexts within which words appear, rather than to

the words themselves. We argue that word senses
as such are not directly encaded in the lexicon

of the language. Rather, ead word is assciated

with one or more stereotypical syntagmatic pat-

terns, which we call selection contexts. Each selec-
tion context is assaiated with a meaning, which

can be expressedin any of various formal or com-
putational manifestations. We presert a formalism

for encading contexts that help to determine the

semartic contribution of a word in an utterance.

Further, we develop a methodology through which

such stereotypical contexts for words and phrases
can beidentied from very large corpora, and sub-
sequertly structured in a selection context dictio-

nary, encading both stereotypical syntactic and se-
mantic information. We presert some preliminary

results.

1 Intro duction

This paper describes a new model for the acquisi-
tion and exploitation of selectional preferencesfor
predicatesfrom natural languagecorpora. Our goal
is to apply this model in order to construct a dic-
tionary of normal selestion contexts for natural lan-
guage;that is, a computational lexical database of
rich selectionalcontexts, assaiated with procedures
for assigninginterpretations on a probabilistic basis
to lessnormal corntexts. Sud a semi-automatically
deweloped resourcepromisesto have applications for
a number of NLP tasks, including word-sensedisam-
biguation, selectional preferenceacquisition, as well
as anaphora resolution and inferencein specialized
domains. We apply this methodology to a selected
set of verbs, including a subset of the verbs in the
Senseal 3 word sensediscrimination task and report
our initial results.

1.1 Selectional Preference Acquisition:
Curren t State of the Art

Predicate subcategorization information constitutes
an essetial part of the computational lexicon ertry.
In recert years, a number of approades have been
proposed for dealing computationally with selec-
tional preferenceacquisition (Resnik (1996); Briscoe
and Carroll (1997); McCarthy (1997); Rooth et al.

(1999); Abney and Light (1999); Ciaramita and
Johnson (2000); Korhonen (2002)).

The currently available bestalgorithms dewveloped
for the acquisition of selectionalpreferencesor pred-
icates are induction algorithms modeling selectional
behavior asa distribution over words (cf. Abney and
Light (1999)). Semaric classesassignedto predi-
cate argumerts in subcategorization frames are ei-
ther derived automatically through statistical clus-
tering techniques (Rooth et al. (1999), Light and
Grei (2002)) or assignedusing hand-constructed
lexical taxonomiessudc asthe WordNet hierarchy or
LDOCE semariic classes. Overwhelmingly, Word-
Net is chosenasthe default resourcefor dealing with
the sparsedata problem (Resnik (1996); Abney and
Light (1999); Ciaramita and Johnson(2000); Agirre
and Martinez (2001); Clark and Weir (2001); Carroll
and McCarthy (2000); Korhonen and Preiss(2003)).

Much of the work on inducing selectional prefer-
encedor verbsfrom corpora dealswith predicatesin-
discriminately, assumingno di erentiation between
predicate senses(Resnik (1996); Abney and Light
(1999); Ciaramita and Johnson (2000); Rooth et al.
(1999)). Those approacesthat do distinguish be-
tweenpredicate senser complemenation patterns
in acquisition of selectional constraints (Korhonen
(2002); Korhonen and Preiss(2003)) do not usecor-
pus analysisfor verb senseclassi cation.

1.2 Word Sense Disam biguation: Curren t

State of the Art

Previous computational concerns for econony of
grammatical represertation have given way to mod-
els of language that not only exploit generative
grammatical resourcesbut also have accesdo large
lists of contexts of linguistic items (words), to which
new structures can be compared in new usages.
Howewer, following the work of Yarowsky (1992),
Yarowsky (1995), many supervised WSD systems
useminimal information about syntactic structures,
for the most part restricting the notion of con-
text to topical and local features. Topical features
track open-classwords that appear within a cer-
tain window around a target word, and local fea-
tures track small N-grams assaiated with the tar-

get word. Disambiguation therefore relies on word
co-occurrence statistics, rather than on structural

similarities. That remainsthe casefor most systems



that participated in Senseul-2 (Preissand Yarowsky
(2001)). Somerecert work (Stetina et al. (1998);
Agirre et al. (2002); Yamashita et al. (2003)) at-
tempts to change this situation and presers a di-
rected e ort to investigate the impact of using syn-
tactic featuresfor WSD learning algorithms. Agirre
et al (2002) and Yamashita et al. (2003) report re-
sulting improvemern in precision.

Stevensonand Wilks (2001) proposea somewhat
related technique to handle WSD, based on inte-
grating LDOCE classeswith simulated annealing.
Although spacedoesnot permit discussionhere, ini-
tial comparisonssuggestthat our selectioncorntexts
could incorporate similar knowledge resources;it is
not clear what role model bias plays in assaiating
patterns with senseshowever.

In this paper we modify the notion of word sense,
and at the sametime revise the manner in which
sensesare encaded. The notion of word sensethat
has been generally adopted in the literature is an
artifact of seweral factors in the status quo, notably
the availabilit y of lexical resourcessudh as machine-
readabledictionaries, in which ne sensedistinctions
are not supported by criteria for selectingone sense
rather than another, and WordNet, where synset
groupings are taken as de ning word sensedistinc-
tions. Thus, for instance, Senseul-2 WSD tasks re-
quired disambiguation using WordNet senses(see,
e.g.,discussionin Palmer et al. (2004)). The feature
setsusedin the supervised WSD algorithms at best
useonly minimal information about the typing of ar-
gumerts. The approad we adopt, Corpus Pattern
Analysis (CPA) (Pustejovsky and Hanks (2001)),
incorporates semartic features of the argumerts of
the target word. Semariic featuresare expressedn
terms of a restricted set of shallow types, chosenfor
their prevalencein selectioncontext patterns. This
type systemis extended with predicate-basednoun
clustering, in the bootstrapping processdescribed
below.

1.3 Related Resources: FrameNet

It is necessaryto say a few words about the dif-
ferencesbetween CPA and FrameNet. The CPA
approad has its origins in the analysis of large
corpora for lexicographic purposes(e.g. Cobuild
(Sinclair et al., 1987)) and in systemic-functional
grammar, in particular in Halliday's notion of "lexis
as a linguistic level" (Halliday, 1966) and Sin-
clair's empirical approach to collocational anal-
ysis (Sinclair, 1991). FrameNet (freely avail-
able online in a beautifully designeddata base at
http://www.icsib  erkeley.edu/~framenet/ ), IS an attempt to
implemert Fillmore's 1975proposal that, instead of
seekingto satisfy a set of necessaryand su cien t
conditions, the meaningsof words in text should be
analyzed by calculating resenblanceto a prototype
(Fillmore, 1975).

CPA (Hanks, 2004)is concernedwith establishing
prototypical norms of usagefor individual words. It
is possible(and certainly desirable)that CPA norms

will be mappable onto FrameNet's semariic frames
(for which seethe whole issue of the International
Journal of Lexicography for Septenber 2003(in par-
ticular Atkins et al. (2003a), Atkins et al. (2003b),
Fillmore et al. (2003a), Baker et al. (2003), Fillmore
et al. (2003b)). In frame semariics, the relationship
betweensemariics and syntactic realization is often
at a comparatively deeplevel, i.e. in many sertences
there are elemerns that are potentially preser but
not actually expressed.For example,in the sertence
\he risked his life", two semartic rolesare expressed
(the risker and the valued object \his life" that is put
at risk). But at least three other roles are sublim-
inally presen although not expressed:the possible
bad outcome (\he risked his death"), the bene ciary
or goal (\he risked his life for her/for a few dollars"),
and the means(\he risked a badkward glance").

CPA, on the other hand, is shallover and more
practical: the objective is to identify, in relation to
a given target word, the overt textual clues that
activate one or more componerts of its meaning
potential. There is also a methodological di er-
ence: whereasFrameNet researt proceedsframe by
frame, CPA proceedsword by word. This means
that when a word has been analysed in CPA the
patterns are immediately available for disambigua-
tion. FrameNet will be usable for disambiguation
only when all frameshave beencompletely analysed.
Eventhen, FrameNet's methodology, which requires
the researders to think up all possiblemembers of
a Frame a priori, meansthat important sensesof
words that have been partly analysed are missing
and may cortinue to be missing for yearsto come.
There is no attempt in FrameNet to identify the
sense®f eah word systematically and contrastiv ely.
In its present form, at least, FrameNet has at least
as many gaps as senses. For example, at the time
of writing toast is shawvn as part of the Apply _Heat
frame but not the Celebrate frame. It is not clear
how or whether the gapsare to be lled systemat-
ically. We do not even know whether there is (or
is going to be) a Celebrate frame and if so what it
will be called. What is neededis a principled x { a
decisionto proceedfrom evidence,not frames. This
is ruled out by FrameNet for principled reasons:the
unit of analysis for FrameNet is the frame, not the
word.

2 CPA Metho dology

The Corpus Pattern Analysis (CPA) technique uses
a semi-automatic bootstrapping processto produce
a dictionary of selection contexts for predicates
in a language. Word sensesfor verbs are distin-
guished through corpus-derived syntagmatic pat-
terns mappedto Generative Lexicon Theory (Puste-
jovsky (1995)) as a linguistic model of interpreta-
tion, which guides and constrains the induction of
sensesfrom word distributional information. Each
pattern is speci ed in terms of lexical setsfor eah
argumert, shallow semartic typing of thesesets,and



other syntagmatically relevant criteria (e.g., adver-
bials of manner, phrasal particles, genitives, nega-
tives).

The procedure consistsof three subtasks: (1) the
manual discovery of selection cortext patterns for
speci ¢ verbs; (2) the automatic recognition of in-
stancesof the identi ed patterns; and (3) automatic
acquisition of patterns for unanalyzed cases. Ini-
tially, a number of patterns are manually formulated
by a lexicographerthrough corpus pattern analysis
of about 500 occurrencesof ead verb lemma. Next,
for higher frequencyverbs, the remaining corpus oc-
currencesare scrutinized to seeif any low-frequency
patterns have been missed. The patterns are then
translated into a feature matrix usedfor identifying
the senseof unseeninstancesfor a particular verb.
In the remainder of this section, we describe these
subtasksin more detail. The following sectionsex-
plain the current status of the implementation of
thesetasks.

2.1 Lexical Discovery

Norms of usageare captured in what we call selec-
tion context patterns. For eadh lemma, cortexts

of usageare sorted into groups, and a stereotypi-

cal CPA pattern that captures the relevant seman-
tic and syntactic features of the group is recorded.
Many patterns have alternations, recordedin satel-
lite CPA patterns. Alternations are linked to

the main CPA pattern through the same sense-
modifying medanisms as those that allow for ex-
ploitations (coercions) of the norms of usageto be
understood. For example, here is the set of pat-

terns for the verb treat. Note that these patterns

do not capture all possibleuses,and other patterns

may be added, e.g. if additional evidenceis found

in domain-speci ¢ corpora.

(1) CPA Pattern setfor treat :

I. [[Person 1]] treat [[Person 2]] ({at | in} [[Location]])
(for [[Event = Injury | Ailment]]); NO[Adv[Manner]]
Il. [[Person 1]] treat [[Person 2]] [Adv[Manner]]
Illa.  [[Person]] treat [[TopType 1]] {{as | like} [[TopType 2]}
Illb.  [[Person]] treat [[TopType]] {{as if | as though | like}
[CLAUSE]}

V. [[Person 1]] treat [[Person 2]] {to [[Event]]}

V. [[Person]] treat [[PhysObj | Stuff 1]] (with [[Stuff 2]])

There may be sewral patterns realizing a single
senseof a verb, asin (I1la/l IIb) above. Also, there
may be seweral equivalent alternations or there may
be a stereotype. Note that alternations are di erent
realizations of the samenorm, not exploitations (i.e.,
not coercions).

(2) Alternations for treat Pattern 1 :

[[Person 1]]

(for  [[Injury
Alternation  1:

[[Person 1 <--> Medicament | Med-Procedure | Institution]]
Alternation  2:

[[Person 2 <--> Injury

treat [[Person 2]] ({at | in} [[Hospital]])
| Ailment]]); NO[Adv[Manner]]

| Ailment | Bodypart]]

CPA Patterns

A CPA pattern extendsthe traditional notion of se-
lectional context to include a number of other con-
textual features,such asminor category parsing and
subphrasal cues. Accurate identi cation of the se-
marntically relevant aspects of a pattern is not an
obvious and straightforward procedure,ashassome-
times beenassumedin the literature. For example,
the presenceor absenceof an adverbial of mannerin
the third valencyslot around a verb candramatically
alter the verb's meaning. Simple syntactic encading
of argumert structure, for instance, is insu cien t to
discriminate between the two major sensesof the
verb treat, asillustrated below.

(3) a. They say their bossestreat them with respect.
b. such patien ts are treated with antibiotics.

The ability to recognizethe shallow semaric type
of a phrasein the context of a predicate is of course
crucial [for example,in (3a) recognizingthe PP as
(a) an adverbial, and (b) an adverbial of manner,
rather than an instrumental co-agen (as in (3b)),
is crucial for assigningthe correct senseto the verb
treat above.

In the CPA model, automatic identi cation of
selection cortexts not only captures the argumert
structure of a predicate, but also more delicate fea-
tures, which may have a profound e ect on the
semairic interpretation of a predicate in context.
There are four constraint setsthat contribute to the
patterns for encaling selectioncontexts. Theseare:

(4) a. Shalow Syntactic Parsing: Phrase-lev el recogni-
tion of major categories.
b. Shalow Semantic Typing: 50-100 primitiv e shal-
Event, Abstract, Ar-
These are the top types se-

low typ es, such as Person, Institution,

tifact, Location, and so forth.

lected from the Brandeis Shallow Ontology (BSO), and are
similar to entities (and some relations) employed in Named
Entit y Recognition tasks, such as TREC and ACE.

c. Minor Syntactic Category Parsing: e.g., loca-
tiv es, purp ose clauses, rationale clauses, temp oral adjuncts.
d. Subphasal Syntactic Cue Recognition: eg.,
genitiv es, partitiv es, bare plural/determiner distinctions,

in nitiv  als, negativ es.

The notion of a selectioncortext pattern, as pro-
ducedby a human annotator, is expressedasa BNF
speci cation in Table 1.1 This speci cation relies
on word order to specify argumert position, and is
easily translated to a template with slots allocated
for eadh argumert. Within this grammar, a seman-
tic rolescan be speci ed for ead argument, but this
information currently is not usedin the automated
processing.

English contains only about 8,000verbs, of which
we estimate that about 30%have only onebasicpat-
tern. The rest are evenly split between verbs hav-
ing 2-3 patterns and verbs having more than 4 or

1Round brackets indicate optional elements of the pattern,
and curly brackets indicate syntactic constituents.



CPA-Pattern ! Segmert verb-lit Segmert j verb-lit Segmert j Segmert verb-lit j CPA-P attern ';' Element
Segmert ! Element j Segmert Segmert j * Segmert " j ‘(' Segmert ')’ j Segmert 'j' Segmert
Element ! literal j '[' Rstr ArgType '] j [ Rstr literal T jT Rstr ] j'[' NO Cue 7 j'T Cue

Rstr ! POS j Phrasal j Rstr 'j' Rstr j epsilon
Cue ! POS j Phrasal j AdvCue

AdvCue ! ADV T AdvT ype

AdvT ype! Manner j Dir j Location

Phrasal | OBJ j CLAUSE j VP j QUOTE

POS! ADJ jADV j DET j POSDET j COREF POSDET j REFL-PR ON j NEG j
MASS j PLURAL jV jINF j PREP j V-ING j CARD j QUANT j CONJ
ArgT ype! [ SType'l j'[ SType'=" SubtypeSpec j ArgT ype'j' ArgT ypej [ SType Argldx 17 j

T SType Argldx '=' SubtypeSpec T

SType! AdvT ypej TopTypej Entity j Abstract j PhysObj j Institution

Role ! Role j Role 'j' Role j Benciary j Meronym j Agent j Payer

Polarity ! Negative j Positive

j Asset j Location j Human j Animate j
Human Group j Substance j Unit of Measurement j Quality j Event j State of Aairs j Process
SubtypeSpec! SubtypeSpec'j' SubtypeSpec| SubtypeSpec'& SubtypeSpecj Role j Polarity j LSet

LSet ! Worker j Pilot j Musician j Competitor j Hospital j Injury j Ailment j Medicament j Medical Procedure j
Hour-Measure j Bargain j Clothing j BodyPart j Text j Sewage j Part j Computer j Animal

Argldx ! <number>
literal ! word

verb-lit ! <verb-word-form >

word ! <word>

CARD ! <number> NEG ! not

POSDET ! my jyourj ... INF I to

QUANT ! CARD j alot j longer j more j many j ...

Table 1: Pattern grammar
more patterns. About 20 light verbs have between e ——
100 and 200 patterns ead. This is less alarming E::,Iwh LAE:_':.]?@
than it sounds, becausethe majority of light verb Action Accommodation
patterns involve selection of just one speci ¢ nom- apsechdet Energy
inal head, e.g., take account, take plunge, take ;‘:O’;“" “f[:::j:j’
photograph , with few if any alternations. The pat- Stte Emorion
tern setsfor verbsof di erent frequencygroupsdi er Entity Respansibitity
in terms of the number and type of featuresead pat- £isah Friviless
tern requires, the number of patterns in a set for a el e =
given verbs, the number of alternations for eat pat- Vehicle Mo
tern, and the type of selectionalpreferencesa ecting Hardware Music
the verb's argumerts. Document Artwork
Music Film

Brandeis Shallow Ontology Artwerk Frogram
The Brandeis Shallow Ontology (BSO) is a shallow i L
hierarchy of types selectedfor their prevalence in Softwire Language
manually identied selection context patterns. At Medium Concept
the time of writing, there are just 65 types,in terms Girment i
of which patterns for the rst one hundred verbs A AL ket
have beenanalyzed. New typesare added occasion- Vapor Shape
ally, but only when all possibilities of using existing Animate TimePeriod
types prove inadequate. Once the set of manually i s S
extracted patterns is su cien t, the type system will i ikt
be re-populated and becomepattern-driv en. Human Group Asset

The BSO type system allows multiple inheri- Plant Rowute
tance (e.g. Documentv PhysObj and Documentv W
Information . The types currently comprising the BodyPart
ontology are listed above. The BSO contains type Institution
assignmers for 20,000noun entries and 10,000nom- HumanGiroup,
inal collocation entries.




Corpus-driv en Typ e System

The acquisition strategy for selectional preferences
for predicates proceedsas follows:

(5) a. Partition the corpus occurrences of a
predicate according to the selection contexts
pattern grammar, distinguished by the four
levels of constraints mertioned in (4). These
are uninterpreted patterns for the predicate.

b. Within a given pattern, promote the statisti-
cally signi cant literal typesfrom the corpusfor
ead argumert to the predicate. This induces
an interpretation of the pattern, treating the
promoted literal type asthe speci ¢ binding of
a shallow type from step (a) above.

c. Within a given pattern, coerce all lexical
heads in the same shallow type for an argu-
men, into the promoted literal type, assigned
in (b) above. This is a coercion of a lexical
head to the interpretation of the promoted
literal type induced from step (b) above.

In a sense,(5a) can be seenas a broad multi-
level partitioning of the selectional behavior for a
predicate according to a richer set of syntactic and
semariic discriminants. Step (5b) can be seenas
capturing the norms of usagein the corpus, while
step (5¢) is a way of modeling the exploitation
of these norms in the language (through coercion,
metonymy, and other generative operations). To
illustrate the way in which CPA discriminates un-
interpreted patterns from the corpus, we return to
the verb treat asit is usedin the BNC. Although
there are three basic sensesfor this verb, the two
major sensesas illustrated in (1) above, emergeas
correlated with two distinct cortext patterns, us-
ing the discriminant constraints mertioned in (4)
above. For the full speci cation for this verb, see
www.cs.brandeis.edu/~arum/cpa/treat.html

(6) a. [[Person 1]] treat [[Person 2]J; NO[Adv[Manner]]

b. [[Person 1]] treat [[Person 2]] [Adv[Manner]]

Given a distinct (contextual) basison which to an-
alyze the actual statistical distribution of the words
in ead argumert position, we can promote statisti-
cally relevant and signi cant literal typesfor these
positions. For example, for pattern (a) above, this
inducesDoctor asPersonl, and Patient asbound
to Person2. This producesthe interpreted context
pattern for this senseas showvn below.

(7) [[doctor]] treat [[patient]]

Promoted literal types are corpus-derived and
predicate-dependert, and are syntactic heads of
phrasesthat occur with the greatestfrequencyin ar-
gumert positions for a given sensepattern; they are
subsequetly assumedto be subtypesof the particu-
lar shallow typein the pattern. Step (5c) above then

enablesusto bind the other lexical headsin thesepo-
sitions as coerced forms of the promoted literal type.
This can be seenbelow in the concordancesample,
wheretherapiesis interpreted as Doctor , and people
and girl are interpreted as Patient .

(8) a. returned with a doctor who treated the girl till an am-
bulance arriv ed.

b. mor e than 90,000 people have been treated for choler a
since the epidemic began

c. nonsur gical ther apies to treat the breast cancer, whic h

may involve

Mo del Bias

The assumption within GL is that semartic types
in the grammar map systematically to default syn-
tactic templates (cf. Pustejovsky (1995)). These
are termed canonical syntactic forms (CSFs). For
example, the CSF for the type proposition is a
tensed S. There are, howewver, many possible real-
izations (such asin nitiv al S and NP) for this type
due to the dierent possibilities available from gen-
erative devicesin a grammar, suc as coercion and
co-composition. The resulting set of syntactic forms
assciated with a particular semariic type is called
a phrasal paradigm for that type. The model bias
provided by GL acts to guide the interpretation of
purely statistically basedmeasures(cf. Pustejovsky
(2000)).

2.2 Automatic Recognition of Pattern Use

Essertially, this subtask is similar to the traditional
supervised WSD problem. Its purposeis (1) to test
the discriminatory power of CPA-derived feature-
set, (2) to extend and re ne the invertory of features
captured by the CPA patterns, and (3) to allow for
predicate-basedargumert groupings by classifying
unseeninstances. Extension and re nement of the
invertory of features should involve feature induc-
tion, but at the momert this part has not beenim-
plemerted. During the lexical discovery stage, lex-
ical setsthat Il someof the argumert slots in the
patterns are instantiated from the training exam-
ples. As more predicate-basedlexical sets within
shallow types are explored, the data will permit
identi cation of the typesof featuresthat unite ele-
merts in lexical sets.

2.3 Automatic Pattern Acquisition

The algorithm for automatic pattern acquisition in-
volvesthe following steps:

(9) a. Collect all constituents in a particular argu-
mernt position;
b. Identify syntactic alternations;
c. Perform clustering on all nounsthat occurin
a particular argumert position of a given pred-
icate;
d. For ead cluster, measureits relatedness
to the known lexical sets, obtained previously
during the lexical discovery stageand extended



through WSD of unseeninstances. If none of
the existing lexical setspassthe distancethresh-
old, establishthe cluster asa new lexical set, to
be usedin future pattern speci cation.

Step (9d) must include extensive ltering proce-
dures to ched for shared semariic features, look-
ing for commonality between the members. That
is, there must be some threshold overlap between
subgroups of the candidate lexical set and and the
existing semaric classes.For instance, cheding if,
for a certain percertage of pairs in the candidate set,
there already exists a set of which both elemeris are
members.

3 Curren t Implemen tation

The CPA patterns are dewveloped using the British
National Corpus (BNC). The sorted instances are
usedasatraining setfor the superviseddisambigua-
tion. For the disambiguation task, ead pattern is
translated into into a set of preprocessing-spcic
features.

The BNC is preprocessedusing the Robust Accu-
rate Statistical Parsing system (RASP) and seman-
tically tagged with BSO types. The RASP system
(Briscoe and Carroll (2002)) tokenizes, POS-tags,
and lemmatizestext, generatinga forest of full parse
treesfor ead sertence and assaiating a probability
with ead parse. For ead parse, RASP producesa
set of grammatical relations, specifying the relation
type, the headword, and the dependert elemert. All
our computations are performed over the single top-
ranked tree for the senenceswhere a full parsewas
successfullyobtained. Someof the grammatical re-
lations identied by RASP are shawvn in (10).

(10) sub jects :

ob jects :

ncsub j, clausal (csubj, xsubj)
dobj, iobj, clausal complemen t
mo diers : adverbs, modiers of event nominals

We use endocertric semartic typing, i.e., the head-
word of ead constituent is usedto establishits se-
mantic type. The semartic tagging strategy is simi-
lar to the onedescribed in Pustejovsky et al. (2002).
Currently, a subsetof 24 BSO typesis usedfor se-
mantic tagging.

A CPA pattern is translated into a feature set,
which in the current implementation usesbinary fea-
tures. It is further complemened with other dis-
criminant context features which, rather than dis-
tinguishing a particular pattern, are merely likely to
occur with a givensubsetof patterns; that is, the fea-
tures that only partially determine or co-determine
a sense.In the future, theseshould be learned from
the training set through feature induction from the
training sample,but at the momen, they are added
manually. The resulting feature matrix for ead pat-
tern cortains features such as those in (11) below.
Each pattern is translated into a template of 15-25
features.

(11) Selected context features:
a. obj institution  : object belongs to the BSO typ e 'Insti-

tution’

b. subj _humangroup: subject belongs to the BSO type 'Hu-

manGroup'

c. modadv_ly : target verb has an adverbial modier, with a

-ly adverb

d. clausal _like : target verb has a clausal argument intro-

duced by 'lik €'

e. iobj _with : target verb has an indirect object by 'with'

f. obj _PRP direct object is a personal pronoun

g. stem_VVGthe target verb stem is an -ing form

Each feature may be realized by a number of RASP
relations. For instance, a feature dealing with
objects would take into accourt RASP relations
'dobj' , 'obj2' , and 'ncsubj’ (for passiwes). The
features such as (11a)-(11e) are typically taken di-
rectly from the pattern speci cation, while features
such asin (11f) and (11g) would typically be added
as co-determining the pattern.

4 Results and Discussion

The experimertal trials performed to date are too
preliminary to validate the methodology outlined
above in generalterms for the WSD task. Our re-
sults are encouraging however, and comparable to
the best performing systemsreported from Senseual
2. For our experimerts, we implemented two ma-
chine learning algorithms, instance-basedk-Nearest
Neighbor, and a decision tree algorithm (a version
of ID3). For these experimerts, KNN was run with
the full training set. Table 2 shaws the results on a
subsetof verbsthat have beenprocessedalsolisting
the number of patterns in the pattern setfor eact of
the verbs?

verb number of | training accuracy
patterns set ID3 | kNN
edit 2 100 87% | 86%
treat 4 200 45% | 52%
submit | 4 100 59% | 64%

Table 2: Accuracy of pattern identi cation

Further experimertation is obviously neededto
adequately gauge the e ectiv enessof the selection
context approach for WSD and other NLP tasks.
It is already clear, howewver, that the traditional
senseerumeration approad, where sensesre asso-
ciated with individual lexical items, must give way
to a model where sensesare assignedto the contexts
within which words appear. Furthermore, because
the variabilit y of the stereotypical syntagmatic pat-
terns that are assaiated with words appearsto be
relatively small, such information canbe encaded as

2Test set size for each lemma is 100 instances, selected out
of several randomly chosensegmerts of BNC, non-overlapping
with the training set



lexically-indexed contexts. A comprehensie dictio-
nary of such contexts could prove to be a powerful
tool for a variety of NLP tasks.
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