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COMPUTATIONAL
18 LEXICAL SEMANTICS

He was white and shaken, like a dry martini.
P.G. Wodehouse;ocktail Time(1958)

This chapter introduces a series of topics related to camgputith word meanings,
or computational lexical semantics Roughly in parallel with the sequence of
topics in Ch. 16, we'll introduce computational tasks assed with word senses,
relations among words, and the thematic structure of pagelibearing words.

We begin withword sense disambiguationthe task of examining word to-
kens in context and determining which sense of each wordirgghesed. WSD
is a task with a long history in computational linguisticadaas we will see, is a
non-trivial undertaking given the somewhat elusive natfrenany word senses.
Nevertheless, there are robust algorithms that can achighelevels of accuracy
given certain reasonable assumptions.

We next look at algorithms for computing relationships bedw words, with
a particular focus oword similarity , and thenypernym, hyponym, andmeronym
WordNet relations introduced in Ch. 16. Relations such asdlplay important
roles in applications such as question answering, natangluage generation, au-
tomatic essay grading and plagiarism detection.

Finally, we describe algorithms faemantic role labeling also known as
case roleor thematic role assignment These algorithms generally use informa-
tion extracted from parses of the kind introduced in Ch. 14ssign semantic roles
such a\GENT, THEME andINSTRUMENT to the phrases in a sentence with respect
to particular predicates.

18.1 WORD SENSEDISAMBIGUATION: OVERVIEW

Our discussion of compositional semantic analyzers in Glprétty much ignored
the issue of lexical ambiguity. It should be clear by now thét is an unreasonable



Chapter 18. Computational Lexical Semantics

WORD SENSE
DISAMBIGUATION
WSD

LEXICAL SAMPLE

approach. Without some means of selecting correct sensdgbheovords in an
input, the enormous amount of homonymy and polysemy in tkieda would
quickly overwhelm any approach in an avalanche of competitegpretations.

The task of selecting the correct sense for a word is called sense dis-
ambiguation, or WSD. Disambiguating word senses has the potential to improve
many natural language processing tasks. As we’ll see in &machine transla-
tion is one area where word sense ambiguities can cause sevétenpso others
include question-answering information retrieval , andtext classification The
way that WSD is exploited in these and other applicationgesawidely based on
the particular needs of the application. The discussiosgmted here ignores these
application-specific differences and focuses on the imptaation and evaluation
of WSD systems as a stand-alone task.

In their most basic form, WSD algorithms take as input a wor@ontext
along with a fixed inventory of potential word senses, andrrethe correct word
sense for that use. Both the nature of the input, and the tomeinf senses de-
pends on the task. For machine translation from English ami8p, the sense tag
inventory for an English word might be the set of differenaBish translations. If
speech synthesis is our task, the inventory might be réstirio homographs with
differing pronunciations such dsmssandbow. If our task is automatic indexing
of medical articles, the sense tag inventory might be theo&éeSH (Medical
Subject Headings) thesaurus entries. When we are evauatBD in isolation,
we can use the set of senses from a dictionary/thesaurusrcedike WordNet or
LDOCE. Fig. 18.1 shows an example for the the wbegs which can refer to a
musical instrument or a kind of fish.

WordNet| Spanish | Roget

Sense | Translation Category Target Word in Context

bas$ lubina FISH/INSECT| ...fish as Pacific salmon and stripealssand. ..
bas$ lubina FISH/INSECT| ... produce filets of smokdaassor sturgeon. ..
bas$ bajo MUSIC ... exciting jazzbassplayer since Ray Brown. .|.
bas$ bajo MUSIC ... playbassbecause he doesn't have to solo.|..

Figure 18.1 Possible definitions for the inventory of sense tagbfiss

It is useful to distinguish two variants of the generic WSBktaln thelex-
ical sampletask, a small pre-selected set of target words is choseng alath
an inventory of senses for each word from some lexicon. Simeeset of words
and the set of senses is smallpervised machine learningapproaches are often

1 The WordNet database includes 8 senses; we have arbitsatégted two for this example; we
have also arbitrarily selected one of the many possible iSparames for fishes which could be used
to translate Engliskea-bass
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used to handle lexical sample tasks. For each word, a nunflsergus instances
(context sentences) can be selected and hand-labeledheittotrect sense of the
target word in each. Classifier systems can then be trairiad tieese labeled ex-
amples. Unlabeled target words in context can then be ldhsli|eg such a trained
classifier. Early work in word sense disambiguation focusadly on lexical sam-

ple tasks of this sort, building word-specific algorithms disambiguating single

words likeline, interest or plant

In contrast, in thall-words task systems are given entire texts and a lexicenworos
with an inventory of senses for each entry, and are requarelisembiguate every
content word in the text. The all-words task is very simiapart-of-speech tag-
ging, except with a much larger set of tags, since each lemasatéown set. A
consequence of this larger set of tags is a serious dataesgesss problem; there
is unlikely to be adequate training data for every word intés set. Moreover,
given the number of polysemous words in reasonably-sizeddes, approaches
based on training one classifier per term are unlikely to betmal.

In the following sections we explore the application of vas machine learn-
ing paradigms to word sense disambiguation. We begin wipersised learning,
followed by a section on how systems are standardly evaludie then turn to a
variety of methods for dealing with the lack of sufficientijutupervised training
data, include dictionary-based approaches, bootstrggpehniques, and unsuper-
vised learning.

18.2 SUPERVISEDWORD SENSEDISAMBIGUATION

If we have data which has been hand-labeled with correct wendes, we can use

a supervised learningapproach to the problem of sense disambiguation. In this
style of approach, we use the hand-labeled data to extraeirang set suitable
for use with standard machine learning classifier systemareMpecifically, we
extract features from the text that are helpful in predgtparticular senses, and
then train a classifier to assign the correct sense givee fieasures. The output
of classifier training is thus a classifier system capablessiganing sense labels to
unlabeled words in context.

For lexical sampletasks, there are various labeled corpora for individual
words, consisting of context sentences labeled with theecbsense for the target
word. These include thkne-hard-serve(Leacock et al., 1993) corpus containing
4,000 sense-tagged exampledingé as a nounhard as an adjective anserveas
a verb, and thénterest(Bruce and Wiebe, 1994) corpus with 2,369 sense-tagged
examples ointerestas a noun. TheENSEVAL project has also produced a number
of such sense-labeled lexical sample corp@aNSEVAL-1 with 34 words from
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theHECTORIexicon and corpus (Kilgarriff and Rosenzweig, 2000; Atit993),
(SENSEVAL-2 and -3 with 73 and 57 target words, respectively (Palmai: €2001;
Kilgarriff, 2001)).

For trainingall-word disambiguation tasks we uss@mantic concordance
a corpus in which each open-class word in each sentenceeiethtwvith its word
sense from specific dictionary or thesaurus. One commoely csrpus is SemCor,
a subset of the Brown Corpus consisting of over 234,000 wetdsh were manu-
ally tagged with WordNet senses (Miller et al., 1993; Lanelesl., 1998). In addi-
tion, sense-tagged corpora have been built forsthesevAL all-word tasks. The
SENSEVAL-3 English all-words test data consisted of 2081 taggedetntord to-
kens, from 5,000 total running words of English from the WBd Brown corpora
(Palmer et al., 2001).

18.2.1 Extracting Feature Vectors for Supervised Learning

The first step in supervised training is to extract a usefulbéeatures that are
predictive of word senses. As Ide and Véronis (1998b) pairtt the insight that
underlies all modern algorithms for word sense disambigoatas first articulated
by Weaver (1955) in the context of machine translation:

If one examines the words in a book, one at a time as througbague mask
with a hole in it one word wide, then it is obviously impossilid determine,
one at a time, the meaning of the words. [...] But if one lergththe slit in

the opague mask, until one can see not only the central wogideéstion but
also say N words on either side, then if N is large enough oneinambigu-

ously decide the meaning of the central word. [...] The pcatguestion is :

“What minimum value of N will, at least in a tolerable fraatiof cases, lead
to the correct choice of meaning for the central word?”

To extract useful features from such a window, a minimal amhad pro-
cessing is first performed on the sentence containing thdominThis processing
varies from approach to approach but typically includeg-paspeech tagging,
lemmatization or stemming, and in some cases syntactiéngats reveal infor-
mation such as head words and dependency relations. Céedgutes relevant to
the target word that capture information relevant to thk tam then be extracted
from this enriched input. A simpl&ature vector consisting of numeric or nom-
inal values can easily encode the most frequently useditiginformation, and
is appropriate for use in most learning algorithms.

Two classes of features are generally extracted from thesgdlnoring con-
texts: collocational features and bag-of-words featubesollocation is a word or
phrase in a position-specific relationship to a target woed, exactly one word to
the right, or exactly 4 words to the left, and so on). Tleo#ocational features
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encode information abowpecificpositions located to the left or right of the target
word. Typical features extracted for these context wordtuge the word itself,
the root form of the word, and the word’s part-of-speech.Seatures are effec-
tive at encoding local lexical and grammatical informatibat can often accurately
isolate a given sense.

As an example of this type of feature-encoding, considestiuation where
we need to disambiguate the wdrdssin the following WSJ example:

(18.1) An electric guitar andassplayer stand off to one side, not really part of
the scene, just as a sort of nod to gringo expectations perhap

A collocational feature-vector, extracted from a windowwb words to the right
and left of the target word, made up of the words themselvestzeir respective
parts-of-speech, i.e.,

Wi_2,POS_2,Wi_1,POS_1,Wi11,POS1,Wi;2,POS, (18.2)
would yield the following vector:
[guitar, NN1, and, CJC, player, NN1, stand, VVB]

The second type of feature consistbaf-of-wordsinformation about neigh-
boring words. Abag-of-words means an unordered set of words, ignoring theis-or.woros
exact position. The simplest bag-of-words approach repissthe context of a
target word by a vector of features, each binary featurecatitig whether a vo-
cabulary wordv does or doesn’t occur in the context. This vocabulary iscyiby
preselected as some useful subset of words in a trainingusorm most WSD
applications, the context region surrounding the targetw® generally a small
symmetric fixed size window with the target word at the cerBag-of-word fea-
tures are effective at capturing the general topic of theadisse in which the target
word has occurred. This, in turn, tends to identify sensesvedrd that are specific
to certain domains. We generally don’t use stop-words asifes, and may also
limit the bag-of-words to only consider a small number ofjfrently used content

words.

For example a bag-of-words vector consisting of the 12 nregfent content
words from a collection obasssentences drawn from the WSJ corpus would have
the following ordered word feature set:

[fishing, big, sound, player, fly, rod, pound, double, runayipig, guitar, bangl

Using these word features with a window size of 10, exampeljlwould
be represented by the following binary vector:
[0,0,0,1,0,0,0,0,0,0,1,0]

We'll revisit the bag-of-words technique in Ch. 20 where Nveée that it
forms the basis for nearly all modern search engines.
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Most approaches to sense disambiguation use both cotboehtind bag-of-
words features, either by joining them into one long veaohy building a distinct
classifiers for each feature type, and combining them in soir@ner.

18.2.2 Naive Bayes and Decision List Classifiers

Given training data together with the extracted featurag, supervised machine
learning paradigm can be used to train a sense classifier. iNMestrict our dis-
cussion here to the naive Bayes and decision list approasimes they have been
the focus of considerable work in word sense disambiguation
NANERAYES The naive Bayes classifiempproach to WSD is based on the premise that
choosing the best sens®ut of the set of possible sensgsor a feature vectof
amounts to choosing the most probable sense given thatrvéctither words:
§=argmax(s|f) (18.3)
seS
As is almost always the case, it would be difficult to collezzisonable statistics for
this equation directly. To see this, consider that a simlary bag of words vector
defined over a vocabulary of 20 words would ha#®ssible feature vectors. It's
unlikely that any corpus we have access to will provide cagerto adequately
train this kind of feature vector. To get around this probbemn first reformulate
our problem in the usual Bayesian manner as follows:

y P(f|s)P(s)
S= argenswaxip( 1?) (18.4)

Even this equation isn’t helpful enough, since the datalavig that asso-
ciates specific vector§ with each senss is also too sparse. However, what is
available in greater abundance in a tagged training sefdemation about individ-
ual feature-value pairs in the context of specific sense®refbre, we can make
the independence assumption that gives this method its,reamdethat has served
us well in part-of-speech tagging, speech recognition,mobabilistic parsing —
naively assume that the features are independent of onbeandflaking this as-
sumption that the features acenditionally independent given the word sense
yields the following approximation fd?( ﬂs):

n
P(fls) ~ [1P(fj|s) (18.5)
n
In other words, we can estimate the probability of an entéetar given a sense

by the product of the probabilities of its individual feagargiven that sense. Since
P(f) is the same for all possible senses, it does not effect thiedinking of senses,
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leaving us with the following formulation:

seS

§=argmaxP(s) - P(fjls) (18.6)
ﬂ j

Given this equationtraining a naive Bayes classifier consists of estimating
each of these probabilities. (18.6) first requires an esériwa the prior probability
of each sens@(s). We get the maximum likelihood estimate of this probability
from the sense-tagged training corpus by counting the nuwibémes the sense
s occurs and dividing by the total count of the target ward(i.e. the sum of the
instances of each sense of the word). That is:

N counts,w;j)
P(s) = coun{w;)
We also need to know each of the individual feature prolasIP(f;|s).
The maximum likelihood estimate for these would be:
count f;,s)
counts)

Thus, if a collocational feature such ag [, = guitar] occurred 3 times for
sense badsand sense basgself occurred 60 times in training, the MLE estimate
is P(fj|s) = 0.05. Binary bag-of-word features are treated in a similar meaywe
simply count the the number of times a given vocabulary iteprésent with each
of the possible senses and divide by the count for each sense.

With the necessary estimates in place, we can assign sensesds in con-
text by applying 18.6. More specifically, we take the targetchin context, extract
the specified features, compuggs) []_; P(f;|s) for each sense, and return the
sense associated with the highest score. Note that in geatiie probabilities pro-
duced for even the highest scoring senses will dangeroashdue to the various
multiplications involved; mapping everything to log-spaand instead performing
additions is the usual solution.

Of course, the use of a simple maximum likelihood estimagsuits in most
features having counts of zero. In practice, this meansdinang testing as soon
as atarget word cooccurs with a word that it did not coocctin wmitraining, all of
its senses will receive a probability of zero. Smoothindheréfore essential to the
whole enterprise. Naive Bayes approaches to sense disaatibig generally use
the simple Laplace (add-one or add-k) smoothing discuss€ihi 4.

One problem with the naive Bayes and other statistical ampres is that the
classifiers, and the reasons for their resulting decisiaresfairly opaque. That is,
it's hard for humans to examine their workings and undetstheir decisions. De-
cision lists and decision trees are somewhat more transpapproaches that lend
themselves to inspectionDecision list classifiersare equivalent to simple cas@fNLLsT

(18.7)

P(f}]s) = (18.8)
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Rule Sense
fishwithin window = basg
striped bass = basg
guitar within window = bas$
bass player = basg
pianowithin window = bas$
tenorwithin window = basg
sea bass = basg
play/V bass = basg
river within window = basg
violin within window = bas$
salmonwithin window = basg
on bass = bas$
bass are = basg
Figure 18.2  An abbreviated decision list for disambiguating the fishsseof bass
from the music sense. Adapted from Yarowsky (1996).

statements in most programming languages. In a decisioridissifier, a sequence
of tests is applied to each target word feature vector. Eeshis indicative of a
particular sense. If a test succeeds, then the sense dedogiith that test is re-
turned. If the test fails, then the next test in the sequemepplied. This continues
until the end of the list, where a default test simply retumesmajority sense.

Figure 18.2 shows a portion of a decision list for the taskis€riminating
the fish sense dfassfrom the music sense. The first test says that if the viisid
occurs anywhere within the input context thieass is the correct answer. If it
doesn't then each of the subsequent tests is consultechimtdit one returns true;
as with case statements a default test that returns trueligled at the end of the
list.

Learning a decision list classifier consists of generatimy@dering individ-
ual tests based on the characteristics of the training d&tkexe are a wide number
of methods that can be used to create such lists. In the agpusad by Yarowsky
(1994) for binary homonym discrimination each individuaafure-value pair con-
stitutes a test. We can measure how much a feature indicg@sieular sense by
computing the log-likelihood of the sense given the featiitee ratio between the
log-likelihoods of the two senses tells us how discrimiveat feature is between
senses:

Abs(Log <

P(Sensg| f;) >) (18.9)

P(Sensg| f;)
The decision list is then created from these tests by simpgring the tests in
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the list according to the log-likelihood ratio. Each tescigecked in order and
returns the appropriate sense. This training method diffaite a bit from standard
decision list learning algorithms. For the details and th8cal motivation for
these approaches see Rivest (1987) or Russell and Non8&).19

18.3 WSD BE/ALUATION, BASELINES, AND CEILINGS

Evaluating component technologies like WSD is always a dimawed affair. In
the long-term, we’re primarily interested in the extent toietr they improve per-
formance in some end-to-end application such as informatdrieval, question
answering or machine translation. Evaluating componeni Kdsks embedded
in end-to-end applications is sometimes calilediivo evaluation, orend-to-end wwwo
evaluation. It is only with this kind of evaluation that wenceell if a technology
such as WSD is working in the sense of actually improvinggremince on some
real task.

In vivo evaluations are much more difficult and time-consugnio imple-
ment, however, since they require integration into conepletrking systems. Fur-
thermore, an in vivo evaluation may only tell us somethinguab/N/SD in the
context of the application, and may not generalize to otpplieations.

For these reasons, WSD systems are typically developed \ahglagedin
vitro, i.e., as if they were stand-alone systems operating inatgpely of any given wviro
application. In this style of evaluation, systems are enmald either using exact
matchaccuracy. the percentage of words that are tagged identically wighémnd-
labeled sense tags in a test set; or with standard precisiomezall measures if
systems are permitted to pass on labeling some instancgenéral, we evaluate
using held out data from the same sense-tagged corpora ¢hased for training,
such as the SemCor corpus discussed above, or the variqueagroduced by
the SENSEVAL effort.

Many aspects of sense evaluation have been standardizeltel®ekSE
VAL/SEMEVAL efforts (Palmer et al., 2006; Kilgarriff and Palmer, 2000)his
framework provides a shared task with training and testirgenials along with
sense inventories for all-words and lexical sample tasksvariety of languages.

Whichever WSD task we are performing, we ideally need twoitsmfl
measures to assess how well we're doing: a baseline meastaleuse how well
we're doing as compared to relatively simple approached,aaceiling to tell us
how close we are to optimal performance. Two commonly usedllrees arenost
frequent sense discussed here, and thesk algorithm, discussed in the next
section. The simplest baseline is to choosentiost frequent sensdor each word Y93I FREQUENT
(Gale et al., 1992b) from the senses in a labeled corpus. BodNét, this corre-
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sponds to théake the first senseheuristic, since senses in WordNet are generally
ordered from most-frequent to least-frequent. WordNessdrequencies come
from the SemCor sense-tagged corpus described above.

Unfortunately, many WordNet senses do not occur in Sem@eseg unseen
senses are thus ordered arbitrarily after those that dofotlméNordNet senses of
the nounplant, for example, are as follows:

Freq Synset Gloss

338 plant, works, industrial plantbuildings for carrying on industrial labor

207 plant, flora, plant life a living organism lacking the power of locomotion

2 plant°’ something planted secretly for discovery by another

0 plant an actor situated in the audience whose acting is re-

hearsed but seems spontaneous to the audience

The most frequent sense baseline can be quite accurates #retefore of-
ten used as a default, to supply a word sense when a supeslgaithm has
insufficient training data.

Human inter-annotator agreement is generally considesedcailing, or up-
per bound, for sense disambiguation evaluations. Humaseawgnt is measured
by comparing the annotations of two human annotators ondhee glata given
the same tagging guidelines. The ceiling (inter-annotagpeement) for many all-
words corpora using WordNet-style sense inventories seemange from about
75% to 80% (Palmer et al., 2006). Agreement on more coarsseghaoften binary,
sense inventories is closer to 90% (Gale et al., 1992b).

While using hand-labeled test sets is the best current rdddraevaluation,
labeling large amounts of data is still quite expensive. $umrervised approaches,
we need this data anyhow for training so the effort to labejdaamounts of data
seems justified. But for unsupervised algorithms like theseliscuss in Sec. 18.6,
it would be nice to have an evaluation method that avoided! tabeling. The
use ofpseudowordsis one such simplified evaluation method (Gale et al., 19924a;
Schuetze, 1992). A pseudoword is an artificial word creayedomcatenating two
randomly-chosen words together (elgananaanddoor to createbanana-door)
Each occurrence of the two words in the test set is replacedeogew concatena-
tion, creating a new ‘word’ which is now ambiguous betwees shnsedanana
anddoor. The ‘correct sense’ is defined by the original word, and secareapply
our disambiguation algorithm and compute precision asludnageneral, pseu-
dowords give an overly optimistic measure of performanagsesthey are a bit
easier to disambiguate than average ambiguous words. sThecause the differ-
ent senses of real words tend to be similar, while pseudavare generally not
semantically similar, acting like homonymous but not pely®us words (Gaustad,
2001). Nakov and Hearst (2003) shows that it is possible firane the accuracy
of pseudoword evaluation by more carefully choosing theigse/ords.
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18.4 WSD: DCTIONARY AND THESAURUSMETHODS

Supervised algorithms based on sense-labeled corporheal®st performing al-

gorithms for sense disambiguation. However, such labesding data is expen-
sive and limited and supervised approaches fail on wordénnbie training data.

Thus this section and the next describe different ways tongktect supervision

from other sources. In this section, we describe methodsdimg a dictionary or

thesaurus as an indirect kind of supervision; the next@ecdescribes bootstrap-
ping approaches.

18.4.1 The Lesk Algorithm

By far the most well-studied dictionary-based algorithmdense disambiguation
is the Lesk algorithm, really a family of algorithms that choose the sense whas® acoritHm
dictionary gloss or definition shares the most words withténget word’s neigh-
borhood. Fig. 18.3 shows the simplest version of the algarjtoften called the
Simplified Lesk algorithm (Kilgarriff and Rosenzweig, 2000). SIMPLIFIED LESK

function SIMPLIFIED LESK(word, sentencereturns best sense oford

best-sense- most frequent sense farord
max-overlap—0
context—set of words irsentence
for each sensen senses ofvord do
signature— set of words in the gloss and examplesehse
overlap— CoMPUTEOVERLAP(signature contexj
if overlap> max-overlapghen
max-overlap—overlap
best-sense-sense
end
return (best-senge

Figure 18.3 The Simplified Lesk Algorithm. The GMPUTEOVERLAP function
returns the number of words in common between two sets, iigndunction words
or other words on a stop list. The original Lesk algorithm wiesi thecontextin a
more complex way. Th€orpus Leslalgorithm weights each overlapping wondy
its —logP(w), and includes labeled training corpus data inglgmature

As an example of the Lesk algorithm at work, consider disgundting the
word bankin the following context:
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CORPUS LESK

(18.10) Thebank can guarantee deposits will eventually cover future tnitio
costs because it invests in adjustable-rate mortgageisesur

given the following two WordNet senses:

bank | Gloss: a financial institution that accepts deposits and chanriads |t
money into lending activities
Examples] “he cashed a check at the bank”, “that bank holds the mortgage
on my home”

bank | Gloss: sloping land (especially the slope beside a body of water)
Examples] “they pulled the canoe up on the bank”, “he sat on the bankef th
river and watched the currents”

Senséank! has two (non-stop) words overlapping with the context in 0%
depositsandmortgage while sense barfkhas zero, so sensmnk! is chosen.

There are many obvious extensions to Simplified Lesk. Thgirai Lesk
algorithm (Lesk, 1986) is slightly more indirect. Insteadcomparing a target
word’s signature with the context words, the target sigreaisi compared with the
signatures of each of the context words. For example, centiglsk’'s example of
selecting the appropriate sensecofiein the phraseine conegiven the following
definitions forpineandcone

pine 1 kinds of evergreen tree with needle-shaped leaves
2 waste away through sorrow or illness
cone 1 solid body which narrows to a point
2 something of this shape whether solid or hollow
3 fruit of certain evergreen trees
In this example, Lesk’s method would seleoné® as the correct sense since two of
the words in its entryevergreerandtree overlap with words in the entry fqrine
whereas neither of the other entries have any overlap witidsvim the definition
of pine In general Simplified Lesk seems to work better than oridieak.

The primary problem with either the original or simplifiedpapaches is that
the dictionary entries for the target words are short, ang nwm provide enough
chance of overlap with the contektOne remedy is to expand the list of words
used in the classifier to include words related to, but notainad in their indi-
vidual sense definitions. But the best solution, if any seagged corpus data like
SemCor is available, is to add all the words in the labelepu®sentences for a
word sense into the signature for that sense. This versitreatlgorithm, the&or-
pus Leskalgorithm is the best-performing of all the Lesk variantsig&rriff and
Rosenzweig, 2000; Vasilescu et al., 2004) and is used astirtas theSENSE
VAL competitions. Instead of just counting up the overlappimgds, theCorpus

2 Indeed, Lesk (1986) notes that the performance of his sysemms to roughly correlate with the
length of the dictionary entries.
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Lesk algorithm also applies a weight to each overlapping worde Weight is
the inverse document frequencyor IDF, a standard information-retrieval mealiEissRgcuMENT
sure that measures how many different ‘documents’ (in thseadefinitions and or
examples) a word occurs in (Ch. 20). IDF is a way of discognfimction words
the IDF weight of function words likéhe of, etc, is very low, since they occur in
many documents, while the IDF of content words is high. Csripesk thus uses
IDF instead of a stoplist. The IDF of a womdis estimated as-logP(w), where
P(w) is the percentage of ‘documents’ (glosses and examplesydhéainw.

Finally, it is possible to combine the Lesk and supervisegr@gches, by
adding new Lesk-like bag-of-words features. For exampkegtosses and example
sentences for the target sense in WordNet could be used touterthe supervised
bag-of-words features instead of (or in addition to) thedsan the SemCor context
sentence for the sense (Yuret, 2004).

18.4.2 Selectional Restrictions and Selectional Prefereas

One of the earliest knowledge-sources for sense disantimguis the notion of
selectional restrictionsdefined in Ch. 16. For example the vezbt might have
a restriction that itsHEME argument bd +FOQOD] . In early systems, selectional
restrictions were used to rule out senses that violate tleetgenal restrictions of
neighboring words (Katz and Fodor, 1963; Hirst, 1987). @ersthe following
pair of WSJ examples of the wortish

(18.11) “In our house, everybody has a career and none of ifeodes washing
dishes” he says.

(18.12) In her tiny kitchen at home, Ms. Chen works efficigrgtir-frying
several simplalishes including braised pig’s ears and chicken livers
with green peppers.

These correspond to WordNeish' (a piece of dishware normally used as a
container for holding or serving food), with hypernyms lieifact, anddish?: (a
particular item of prepared food) with hypernyms liked

The fact that we perceive no ambiguity in these examples eaatthbuted
to the selectional restrictions imposedwsgshandstir-fry on theirTHEME seman-
tic roles. The restrictions imposed lash(perhaps [WASHABLE]) conflict with
dish®. The restrictions ostir-fry [+EDIBLE] conflict with dish®. In both cases, in
early systemsthe predicate selects the correct semdean ambiguous argument
by eliminating the sense that fails to match one of its seleat restrictions. But
such hard constraints have a number of problems. The maligonas that selec-
tional restriction violations often occur in well-formedrgences, either because
they are negated as in (18.13), or because selectiondttiests are overstated as
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in (18.14):

(18.13) But it fell apart in 1931, perhaps because people realizectgn’teat gold for
lunch if you're hungry.

(18.14) In his two championship trials, Mr. Kulkaraite glass on an empty stomach,
accompanied only by water and tea.

As Hirst (1987) observes, examples like these often resdlé elimination
of all senses, bringing semantic analysis to a halt. Modesdets thus adopt the
view of selectional restrictions as preferences, rathen tigid requirements. Al-
though there have been many instantiations of this approaahthe years (Wilks,
1975c, 1975b, 1978, e.g.,), we'll discuss a member of thellpowrobabilistic or
information-theoretic family of approaches: Resnik's§IPmodel ofselectional
association

Resnik first defines theelectional preference strengtlas the general amount
of information that a predicate tells us about the semargisscof its arguments.
For example, the verbattells us a lot of information about the semantic class of
its direct object, since they tend to be edible. The \mlby contrast, tells us less
about its direct objects. The selectional preference gtrecan be defined by the
difference in information between two distributions: thstdbution of expected
semantic classe®(c) (how likely is it that a direct object will fall into class) and
the distribution of expected semantic classes for the qdati verbP(c|v) (how
likely is it that the direct object of specific verbwill fall into semantic clasg).
The greater the difference between these distributioresyrtbre information, the
more the verb is telling us about possible objects. Thigdsfice can be quantified
by therelative entropy between these two distributions, I§ullback-Leibler di-
vergence(?). The selectional preferen&g(v) expresses how much information,
in bits, the verbv expresses about the possible semantic class of its argument

K(v) = D(P(c[v)[[P(c))

= 3 Ple)log PF(,?‘C‘)') (18.15)

Resnik then defines treelectional associatiorof a particular class and verb
as the relative contribution of that class to the generaicteinal preference of the
verb:

1 P(clv)

Ar(v,C) D) P(c|v)log 0

The selectional association is thus a probabilistic meastfithe strength
of association between a predicate and a class dominats@rgument to the
predicate. Resnik estimates the probabilities for thesecetions by parsing a
corpus, counting all the times each predicate occurs with eagument word,

(18.16)
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and assuming that each word is a partial observation of @llibrdNet concepts
containing the word. The following table from Resnik (1986pws some sample
high and low selectional associations for verbs and the@&ctliobjects.

Verb || Direct Object semantic class Asgdairect Object Semantic class Assoc

read || WRITING 6.80 |ACTIVITY -.20
write || WRITING 7.26 | COMMERCE 0
see ||ENTITY 5.79 |METHOD -0.01

Resnik (1998) shows that these selectional associatianbeaised to per-
form a limited form of word sense disambiguation. Roughlgadpng the algo-
rithm selects as the correct sense for an argument the ohdndkathe highest
selectional association between one of its ancestor hyperiand the predicate.

While we have presented only the Resnik model of selectipreferences,
there are other more recent models, using probabilistihiogist and using other
relations than just direct object; see the end of the chdptex brief summary. In
general, selectional restriction approaches perform disasether unsupervised
approaches at sense disambiguation, but not as well as kesksupervised ap-
proaches.

18.5 MINIMALLY SUPERVISEDWSD: BOOTSTRAPPING

Both the supervised approach and the dictionary-basedagipito WSD require

large hand-built resources; supervised training sets éoase, large dictionaries

in the other. We can instead ubeotstrapping algorithms, often calledemi- soorstrarring

supervised learningor minimally supervised learning, which need only a very

small hand-labeled training set. The most widely emulatedtsirapping algo-

rithm for WSD is theYarowsky algorithm (Yarowsky, 1995). HAQWEKY
The goal of the Yarowsky algorithm is to learn a classifierddarget word

(in a lexical-sample task). The algorithm is given a smadidseet/\, of labeled

instances of each sense, and a much larger unlabeled &Grplise algorithm first

trains an initial decision-list classifier on the seed#sgtlt then uses this classifier

to label the unlabeled corpig. The algorithm then selects the exampleSgthat

it is most confident about, removes them, and adds them tadheng set (call

it now A1). The algorithm then trains a new decision list classifien¢a set of

rules) on/\1, and iterates by applying the classifier to the now-smalf¢aheled

setVi, extracting a new training sét, and so on. With each iteration of this

process, the training corpus grows and the untagged cohpinks. The process

is repeated until some sufficiently low error-rate on thintrey set is reached, or

until no further examples from the untagged corpus are atioeshold.
The key to any bootstrapping approach lies in its ability ieate a larger
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Figure 18.4 PLACEHOLDER FIGURE TO BE REPLACED. The Yarowsky algorithirtiae ini-
tial stage (a), with only seed sentendesabeled by collocates, at an intermediate state(b), where
more collocates have been discovered and more instandédave been labeled and moved/io
and at a final stage (c).

training set from a small set of seeds. This requires an atzuritial set of seeds
and a good confidence metric for picking good new exampledddathe training

set. The confidence metric used by Yarowsky (1995) is the mneadescribed
earlier in 18.2.2, the log-likelihood ratio of the decisilist rule that classified the
example.

One way to generate the initial seeds is to hand-label a smiadif examples
(Hearst, 1991). Instead of hand-labeling, it is also pdssi use a heuristic to
automatically select accurate seeds. Yarowsky (1995) tle=@ne Sense per

ONE SENSE PER Collocation heuristic, which relies on the intuition that certain worsphrases
strongly associated with the target senses tend not to edtlithe other sense.
Yarowsky defines his seed set by choosing a single collatétioeach sense. As
an illustration of this technique, consider generatinglssmtences for the fish and
musical senses dfass Without too much thought, we might come up witthas
a reasonable indicator bass, andplay as a reasonable indicator loésg. Figure
18.5 shows a partial result of such a search for the stringe™&nd “play” in a
corpus ofbassexamples drawn from the WSJ.

We can also suggest collocates automatically, for examyitacting words
from machine readable dictionary entries, and selectiegsesing collocational
statistics such as those described in Sec. 18.8 (Yarow3k{)1

The original Yarowsky algorithm also makes use of a secondistec, called

ONE SENSE PER One Sense Per Discoursdased on the work of Gale et al. (1992c¢), who noticed
that a particular word appearing multiple times in a textiscdurse often appeared
with the same sense. Yarowsky (1995), for example, showaaorpus of 37,232
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We need more good teachers — right now, there are only a half@ndvho camplay
the freebasswith ease.

An electric guitar andbass player stand off to one side, not really part of the scene,
just as a sort of nod to gringo expectations perhaps.

When the New Jersey Jazz Society, in a fund-raiser for therfane Jazz Hall of
Fame, honors this historic night next Saturday, Harry GoaalnMr. Goodman'’s
brother andbass player at the original concert, will be in the audience with other
family members.

The researchers said the worms spend part of their life éggcdechfish as Pacific
salmon and stripedassand Pacific rockfish or snapper.

And it all started wherfishermen decided the stripdzhssin Lake Mead were too
skinny.

Though still a far cry from the lake’s record 52-pouba@ssof a decade ago, “you
could fillet thesefish again, and that made people very, very happy,” Mr. Paulson
says.

Figure 18.5 Samples obasssentences extracted from the WSJ using the simple
correlateplay andfish

examples that every time the wobdssoccurred more than once in a discourse,
that it occurred in only thdish or only themusiccoarse-grain sense throughout
the discourse. The validity of this heuristic depends orgtiaaularity of the sense
inventory and is not valid in every discourse situationggs to be true mostly for
coarse-grain senses, and particularly for cases of hompngther than polysemy
(Krovetz, 1998). Nonetheless, it has still been useful inimiber of unsupervised
and semi-supervised sense disambiguation situations.

18.6 UNSUPERVISEDMETHODS DISCOVERINGWORD SENSES

Unsupervised approaches to sense disambiguation escbewsdtof sense tagged
data of any kind during training. In these approaches, featactor representa-
tions of unlabeled instances are taken as input and are tioaipep into clusters
according to a similarity metric. These clusters can therepessented as the av-
erage of their constituent feature-vectors, and labeledamd with known word
senses. Unseen feature-encoded instances can be cldsgifissigning them the
word sense from the cluster to which they are closest acogrdi the similarity
metric.

Fortunately, clustering is a well-studied problem with @enumber of stan-
dard algorithms that can be applied to inputs structuredeatoxs of numerical
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AGGLOMERATIVE
CLUSTERING

values (Duda and Hart, 1973). A frequently used techniguariguage applica-
tions is known asagglomerative clustering In this technique, each of thg
training instances is initially assigned to its own clust&rew clusters are then
formed in a bottom-up fashion by successively merging the dlusters that are
most similar. This process continues until either a spetifiember of clusters is
reached, or some global goodness measure among the clasteingeved. In cases
where the number of training instances makes this methodxpensive, random
sampling can be used on the original training set (Cuttingl.etL992) to achieve
similar results.

The fact that these unsupervised methods do not make usendfl&lzeled
data poses a number of challenges for evaluating any dlugtegsult. The fol-

lowing problems are among the most important ones that ltabe addressed in
unsupervised approaches:

e The correct senses of the instances used in the trainingndayanot be
known.

e The clusters are almost certainly heterogeneous with cespéhe senses of
the training instances contained within them.

e The number of clusters is almost always different from theaber of senses
of the target word being disambiguated.

Schitze’s experiments (Schitze, 1992, 1998) consatuextensive applica-
tion of unsupervised clustering to word sense disambignathlthough the actual
technique is quite involved, unsupervised clustering ihatcore of the method.
Schitze’s results indicate that for coarse binary distins, unsupervised tech-
niques can achieve results approaching those of superaiskdootstrap methods,
in most instances approaching the 90% range. As with mostesupervised
methods, this method was tested on a small sample of words.

18.7 WORD SIMILARITY : THESAURUSMETHODS

WORD SIMILARITY

SEMANTIC DISTANCE

We turn now to the computation of various semantic relatitrad hold between
words. We saw in Ch. 16 that such relations include synonyanionymy, hy-
ponymy, hypernomy, and meronymy. Of these, the one thatéws most compu-
tationally developed is the idea of wasgthonymy. Synonymy is a binary relation
between words; two words are either synonyms or not. For mmsiputational
purposes we use instead a looser metrigofd similarity or semantic distance
Two words are more similar if they share more features of imeguror are near-
synonyms. Two words are less similar, or have greater seengdistance, if they
have no common meaning elements. Although we have deschibadas relations
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between words, synonymy, similarity, and distance areadigtvelations between
word sensesFor example of the two senseslmdnk we might say that the finan-
cial sense is similar to one of the sensedunfd while the riparian sense is more
similar to one of the senses slope In the next few sections of this chapter, we
will need to compute these relations over both words andesens

The ability to compute word similarity is a useful part of ngdianguage
understanding applications. Information retrieval or question answeringwe
might want to retrieve documents whose words have similammngs to the query
words. Innatural language generationand machine translation, we need to
know whether two words are similar to know if we can subsgitome for the other
in particular contexts. ltanguage modeling we can use semantic similarity to
cluster words for class-based models. One interesting dasipplications for
word similarity is automatic grading of student respon$as.example algorithms
for automatic essay gradingise word similarity to determine if an essay is similar
in meaning to a correct answer. We can also use word-sityilasi part of an al-
gorithm totakean exam, such as a multiple-choice vocabulary test. Autoaibt
taking exams is useful in test designs in order to see howadassrd a particular
multiple-choice question or exam is.

There are two classes of algorithms for measuring word antyl This sec-
tion focuses orthesaurus-basedalgorithms, in which we measure the distance
between two senses in an on-line thesaurus like WordNet &H&he next sec-
tion focuses owlistributional algorithms, in which we estimate word similarity by
finding words that have similar distributions.

The thesaurus-based algorithms use the structure of tsauhes to define
word similarity. In principle we could measure similaritging any information
available in a thesaurus (meronymy, glosses, etc). Inipeadtowever, thesaurus-
based word similarity algorithms generally use only thedmgm/hyponymig-a
or subsumption) hierarchy. In WordNet, verbs and nounsreseparate hypernym
hierarchies, so a thesaurus-based algorithm for WordNettuas only compute
noun-noun similarity, or verb-verb similarity; we can’tropare nouns to verbs, or
do anything with adjectives or other parts of speech.

Resnik (1995) and Budanitsky and Hirst (2001) draw the irtgydrdistinc-
tion betweerword similarity andword relatedness Two words are similar if they %%, css
are near-synonyms, or roughly substitutable in contextrdWelatedness charac-
terizes a larger set of potential relationships betweerds;antonyms, for exam-
ple, have high relatedness, but low similarity. The wardsandgasolineare very
related, but not similar, whilear andbicycleare similar. Word similarity is thus
a subcase of word relatedness. In general, the five algmithendescribe in this
section do not attempt to distinguish between similaritgf aemantic relatedness;
for convenience we will call themsimilarity measures, although some would be
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more appropriately described as relatedness measuregtuva to this question
in Sec. 18.9.

7 .~ medium of exchange scale

Richter scale

“hickel dime

Figure 18.6 A fragment of the WordNet hypernym hierarchy, showing path
lengths frommickelto coin (1), dime(2), money5), andRichter scalg7).

The oldest and simplest thesaurus-based algorithms agd baghe intuition
that the shorter thpath in the thesaurus hierarchy between two words or senses,
the more similar they are. Thus a word/sense is very sindlatstparents or its
siblings, and less similar to words that are far away in thevaek. This notion
can be operationalized by measuring the number of edgebatihie two concept
nodes in the thesaurus graph. For WordNet, which has 11 exiigginner nodes
rather than a single root, we’ll need to add a special rooenodanake sure there is
a path between any two concepts (senses or synsets). FagsH@vs an intuition;
the conceptlimeis most similar tonickel andcoin, less similar frommoney and
even less similar tRichter scale Formally, we specify path length as follows:

pathlerici,c;) = the number of edges in the shortest path in the the-
saurus graph between the sense nagesdc,

Path-based similarity can be defined just as the path lebgthye most often apply
a log transform (Leacock and Chodorow, 1998):

simpath(cl,cz) = —log pathlergcy, c,) (18.17)

For most applications, we don't have sense-tagged datahasdve need our
algorithm to give us the the similarity between words ratihan between senses
or concepts. For any of the thesaurus-based algorithms aweajproximate the
correct similarity (which would require sense disambigugt by just using the
pair of senses for the two words that results in maximum sginsérity, following
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Resnik (1995):
wordsim(wy, W) = Clesrg]nasé@l) sim(cy, Cy) (18.18)
c,€SEeNSEe )

The basic path-length algorithm makes the implicit assionghat each link
in the network represents a uniform distance. In practitis, dssumption is not
appropriate. Some links (for example those that are very deehe WordNet
hierarchy) often seem to represent an intuitively narrcstedice, while other links
(e.g., higher up in the WordNet hierarchy) represent aritimély wider distance.
For example, in Fig. 18.6, the distance framckel to money(5) seems intuitively
much shorter than the distance framckel to an abstract wordtandard the link
betweenmedium of exchangend standardseems wider than that between, say,
coinandcoinage

It is possible to refine path-based algorithms with nornagilens based on
depth in the hierarchy (Wu and Palmer, 1994), but in genee&l like an approach
which lets us represent the distance associated with egehiedependently.

A second class of thesaurus-based similarity algorithtesgits to offer just
such a fine-grained metric. Thesgormation content similarity algorithms still  RQRMATION
rely on the structure of the thesaurus, but also add prabadbinformation derived
from a corpus.

Using similar notions to those we introduced earlier to defioft selectional
restrictions, let’s first defin®(c), following Resnik (1995), as the probability that
a randomly selected word in a corpus is an instance of corc@®., a separate
random variable, ranging over words, associated with eanbept). This implies
thatP(root) = 1, since any word is subsumed by the root concept. Intutivbee
lower a concept in the hierarchy, the lower its probabiliy/e train these proba-
bilities by counting in a corpus; each word in the corpus ¢t®@s an occurrence
of each concept that contains it. For example, in Fig. 18dv@ban occurrence of
the worddimewould count toward the frequency obin, currency standard etc.
More formally, Resnik computeB(c) as follows:

P(c) = Zwewords(lil) count(w) (18.19)
where wordsc) is the set of words subsumed by concepandN is the total
number of words in the corpus that are also present in thatines.

Fig. 18.7, from Lin (1998b), shows a fragment of the WordNwmiaept hier-
archy augmented with the probabilitiegc).

We now need two additional definitions. First, following kamformation
theory, we define the information content (IC) of a conceas:

IC(c) = —logP(c) (18.20)

Second, we define tHewest common subsumeor LCS of two concepts: LT GOMMON
LCS
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RESNIK SIMILARITY

enTty 0.395
inanimarobjcct 0.167

natural-Tbject 0.0163

geological—forgtion 0.00176

0.000113 natural-/elevation shore  0.0000836

0.0000189 hill coast 0.0000216

Figure 18.7 PLACEHOLDER FIGURE: A fragment of the WordNet hierarchy,
showing the probability(c) attached to each content, from Lin (1998b)

LCS(c1,c2) = the lowest common subsumer, i.e., the lowest node in
the hierarchy that subsumes (is a hypernym of) lmpthndc,

There are now a number of ways to use the information confenhode in a
word similarity metric. The simplest way was first proposgddesnik (1995). We
think of the similarity between two words as related to tleeimmon information;
the more two words have in common, the more similar they aesnR proposes
to estimate the common amount of information by thisrmation content of
the lowest common subsumer of the two nodesMore formally, theResnik
similarity measure is:

SiMpagnik(C1;C2) = —logP(LCS(cy, ¢2)) (18.21)
Lin (1998b) extended the Resnik intuition by pointing oudttla similarity
metric between objects A and B needs to do more than measairanbunt of
information in common between A and B. For example, he pdirdet that in

addition, the moralifferences between A and B, the less similar they are. In
summary:

e commonality. the more information A and B have in common, the more
similar they are.
e difference: the more differences between the information in A and B, the
less similar they are
Lin measures the commonality between A and B as the infoomatontent
of the proposition that states the commonality between ABind
IC(Common(A,B)) (18.22)
He measures the difference between A and B as

IC(description(A,B))}- IC(common(A,B)) (18.23)
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where description(A,B) describes A and B. Given a few add#l assumptions
about similarity, Lin proves the following theorem:

Similarity Theorem: The similarity between A and B is mea&slby the ratio
between the amount of information needed to state the coralityaof A and
B and the information needed to fully describe what A and B are

: logP(common(A,B)
Simjin (A,B) = logP(description(A,B) (18.24)
Applying this idea to the thesaurus domain, Lin shows (inghsimodifica-
tion of Resnik’s assumption) that the information in comrbetween two concepts
is twice the information in the lowest common subsumer [ S,). Adding in
the above definitions of the information content of thesawancepts, the finalin

similarity function is: LIN SIMILARITY
2% |0g P(LCSCl, Cz))
logP(c1) +logP(cy)

For example, using sifp, Lin (1998b) shows that the similarity between the
concepts ohill andcoastfrom Fig. 18.7 is:

. . 2 x logP(geological-formation

simy i, (hill,coasy = logP(hill) +logP(coas)) 0.59 (18.26)

A very similar formula,Jiang-Conrath distance(Jiang and Conrath, 1997 )j¢ QAT
(although derived in a completely different way from Lindagxpressed as a dis-
tance rather than similarity function) has been shown tdwasrwell or better than
all the other thesaurus-based methods:

distjc(c1,C2) = 2 x logP(LCS(cy, ¢c2)) — (logP(c1) +logP(c2))  (18.27)

dist, can be transformed into a similarity by taking the reciptoca

Finally, we describe dictionary-basedmethod, an extension of the Lesk al-
gorithm for word-sense disambiguation described in Sed.18We call this a dic-
tionary rather than a thesaurus method because it maked gksses, which are
in general a property of dictionaries rather than thesalthgugh WordNet does
have glosses). Like the Lesk algorithm, the intuition o thxtended Gloss Over-
lap, or Extended Leskmeasure (Banerjee and Pedersen, 2003) is that two G350 60ss
cepts/senses in a thesaurus are similar if their glossdainanverlapping words. exrenoeo tesk
We'll begin by sketching an overlap function for two gloss€onsider these two
concepts, with their glosses:

simp iy (c1,¢2) = (18.25)

e drawing paper:paperthat isspecially preparetbr use in drafting

e decal: the art of transferring designs froepecially prepared papéo a word or
glass or metal surface.

For eacm-word phrase that occurs in both glosses, Extended Leskiadds
score ofn? (the relation is non-linear because of the Zipfian relatim®etween
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lengths of phrases and their corpus frequencies). Hereviirdapping phrases are
paperandspecially preparegdfor a total similarity score of2+ 22 = 5.

Given such an overlap function, when comparing two concéptasets),
Extended Lesk not only looks for overlap between their glesbut also between
the glosses of the senses which are hypernyms, hyponymsnymes, and other
relations of the two concepts. For example if we just considdyponyms and
hypernyms, the total relatedness between two concepts A anidht be:

similarity(A,B) = overlap(gloss(A), gloss(B)) + overlapgss(hypo(A)),
gloss(hypo(B))) + overlap(gloss(hyper(A)), gloss(hy¥pay)

Let RELS be the set of possible WordNet relations whose gisse com-
pare; assuming a basic overlap measure as sketched abovanween define the
Extended Lesk overlap measure as:

SiMg| esKC1,C2) = Iglzl_soverlaﬁgloss(r(cl)),gloss(q(cz))) (18.28)

r,qe

simpath(cl,cz) = —log pathlericy, cy)
SiMRegniKC1,C2) = —IlogP(LCS(cy,¢2))
2 x logP(LCY(cy,C))
logP(cy) + logP(c2)
1

2x logP(LCS(c1,¢2)) — (logP(c1) +logP(cy))
SiMgeskC1,C2) = gE overlag{glosgr(cy)),glosgq(c2)))
rgeRELS

Sim jp(€1,C2) =

simjc(cl,cz) =

Figure 18.8 Five thesaurus-based (and dictionary-based) similarggsuares.

Fig. 18.8 summarizes the five similarity measures we haverites in this
section The publicly availabM6r dnet : : Si mi | ari t y package implementing
all these and other thesaurus-based word similarity meassirdescribed in Ped-
ersen et al. (2004).

Evaluating Thesaurus-based Similarity Which of these similarity measures is
best? Word similarity measures have been evaluated in tws.wane method is
to compute the correlation coefficient between word sintylascores from an al-
gorithm and word similarity ratings assigned by humanshgumman ratings have
been obtained for 65 word pairs by Rubenstein and Gooden(i8§b), and 30
word pairs by Miller and Charles (1991). Another method i®tobed the simi-
larity measure in some end application like detectiomafapropisms (real-word
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spelling errors) (Budanitsky and Hirst, 2006; Hirst and Bitsky, 2005) or word-

sense disambiguation (?; McCarthy et al., 2004) and ewlitsimpact on end-

to-end performance. All of these evaluations suggest th#teaabove measures
perform relatively well, and that of these, Jiang-Conrathilarity and Extended

Lesk similarity are two of the best approaches, dependintp@application.

18.8 WORD SIMILARITY : DISTRIBUTIONAL METHODS

The previous section showed how to compute similarity betwany two senses in
a thesaurus, and by extension between any two words in teauhes hierarchy.
But of course we don't have such thesauri for every languggen for languages
where we do have such resources, thesaurus-based metledsianber of lim-
itations. The obvious limitation is that thesauri oftenkarcords, especially new
or domain-specific words. In addition, thesaurus-basedhoastonly work if rich
hyponymy knowledge is present in the thesaurus. While we liag for nouns,
hyponym information for verbs tends to be much sparser, aedrt exist at all
for adjectives and adjectives. Finally, thesaurus-basethoas can only compare
words in the same hierarchy, and so with current online tiresannot compare
nouns with verbs or other parts of speech.

For these reasons, methods which can automatically exdyacinyms and
other word relations from corpora have been developed. i$nsitction we intro-
duce suctdistributional methods, which can be applied directly to supply a word
relatedness measure for NLP tasks. Distributional metlcadsalso be used for
automatic thesaurus generatiorfor automatically populating or augmenting on-
line thesauruses like WordNet with new synonyms and, as \Weed in Sec. 18.9,
with other relations like hyponymy and meronymy.

The intuition of distributional methods is that the meanifig word is related
to the distribution of words around it; in the famous dictuffath (1957), “You
shall know a word by the company it keeps!”. Consider theofeihg example,
modified by Lin (1998a) from (?):

(18.29) A bottle oftezgiinois on the table.
Everybody likegezgiino.
Tezglino makes you drunk.
We maketezgdiino out of corn.

The contexts in whichiezgiino occurs suggest that it might be some kind
of fermented alcoholic drink made from corn. The distribn&l method tries to
capture this intuition by representing features of the exinbftezdiino that might
overlap with features of similar words likeeer, liquor, tequila and so on. For
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VECTOR

example such features might becurs beforelrunkor occurs aftebottleor is the
direct object ofikes

We can then represent a wondas avector of these features, just as we saw
with the bag-of-words features in Sec. 18.2. For examplppase we had one
binary featuref; representing each of thewords in the lexiconv;. The feature
meansw occurs in the neighborhood of woxgl and hence takes the value Iwif
andv; occur in some context window, and O otherwise. We could ssprethe
meaning of wordw as the vector

W= (fla f27 f37"'7 fn)

If w=tezglino, vi=bottle v,=drunk andvz=matrix, the co-occurrence vector
for w from the corpus above would be:

W=(1,1,0,)

Given two words represented by such sparse feature vewtersan apply a
vector distance measure and say that the words are similae tiwo vectors are
close by this measure. Fig. 18.9 shows an intuition aboubveimilarity for the
four wordsapricot, pineapple digital, andinformation Based on the meanings of
these four words, we would like a metric that shaagsicot and pineappleto be
similar, digital andinformation to be similar, and the other four pairings to produce
low similarity. For each word, Fig. 18.9 shows a short piegédinensions) of the
(binary) word co-occurrence vectors, computed from wolgg dccur within a
two-line context in the Brown corpus. The reader should cwe/themselves that
the vectors forapricot and pineappleare indeed more similar than those of, say,
apricotandinformation For pedagogical purposes we've shown the context words
that are particularly good at discrimination. Note thatsinocabularies are quite
large (10,000-100,000 words) and most words don’t occur eaeh other in any
corpus, real vectors are quite sparse.

arts | boil | data | function | large | sugar | summarized | water
apricot 0 1 0 0 1 1 0 1
pineapple 0 1 0 0 1 1 0 1
digital 0 0 1 1 1 0 1 0
information 0 0 1 1 1 0 1 0

Figure 18.9 Co-occurrence vectors for four words, computed from thenBroor-
pus, showing only 8 of the (binary) dimensions (hand-pict@dpedagogical pur-
poses to show discrimination). Note tHatge occurs in all the contexts arafts

occurs in none; a real vector would be extremely sparse.

Now that we have some intuitions, let's move on to examinediigils of
these measures. Specifying a distributional similarityasuee requires that we
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specify three parameters: (1) how the co-occurrence terendefined (i.e. what
counts as a neighbor), (2) how these terms are weightedr{firffeequency? mu-
tual information?) and (3) what vector distance metric we (g®sine? Euclidean
distance?). Let’s look at each of these requirements inéixethree subsections.

18.8.1 Defining a Word’s Co-occurrence Vectors

In our example feature vector, we used the featui@ccurs in the neighborhood
of wordv;. That is, for a vocabulary siZ¢, each wordv hadN features, specify-
ing whether vocabulary elemewt occurred in the neighborhood. Neighborhoods
range from a small window of words (as few as one or two wordsithrer side) to
very large windows o0f£500 words. In a minimal window, for example, we might
have two features for each wowglin the vocabularyyord vk occurs immediately
before wordw andword vk occurs immediately after wond.
To keep these contexts efficient, we often ignore very frajuerds which
tend not to be very discriminative, often function wordstsasa, am the, of, 1, 2,
and so on. These removed words are catlegphwordsor thestoplist. STOPWORDS
Even with the removal of the stopwords, when used on veryelamypora storust
these co-occurrence vectors tend to be very large. Insteasirg every word in
the neighborhood, Hindle (1990) suggested choosing wbedotcur in some sort
of grammatical relation or dependencyto the target words. Hindle suggested
that nouns which bear the same grammatical relation to time seerb might be
similar. For example, the wordea water, andbeerare all frequent direct objects
of the verbdrink. The wordssenate congresspanel andlegislatureall tend to be
subjects of the verbsonsider vote andapprove
Hindle’s intuition follows from the early work of Harris (88), who sug-
gested that:

The meaning of entities, and the meaning of grammaticatioals
among them, is related to the restriction of combinationthe$e enti-
ties relative to other entities.

There have been a wide variety of realizations of Hindleg&aidince then. In gen-
eral, in these methods each sentence in a large corpus edpand a dependency
parse is extracted. We saw in Ch. 10 lists of grammaticatiogla produced by

dependency parsers, including noun-verb relations likgesty object, indirect ob-

ject, and noun-noun relations like genitive, ncomp, andrscfsentence like the

following would result in the set of dependencies shown here

(18.30) I discovered dried tangerines:
discover (subject I) | (subj-of discover)
tangerine (obj-of discover) tangerine (adj-mod dried)
dried (adj-mod-of tangerine)
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Since each word can be in a variety of different dependenieyioas with
other words, we’ll need to augment the feature space. Eathréeis now a pairing
of a word and a relation, so instead of a vectoNdleatures, we have a vector of
N x R features, wher® is the number of possible relations. Fig. 18.10 shows an
schematic example of such a vector, taken from Lin (1998a)xhe wordcell. As
the value of each attribute we have shown the frequency détitare co-occurring
with cell; the next section will discuss the use of what values and hteitp use
for each attribute.

subj-of, adapt
pobj-of, inside
obj-of, call

obj-of, come from

w| nmod-of abnormality
®| nmod-of anemia

| nmod-of architecture
N nmod bone marrow

| subj-of absorb
| subj-of behave

&| pobj-of, into

o| obj-of, attack
N| obj-of, decorate
w| nmod bacteria
N nmod body

[Eny
D

1 3

Figure 18.10 Co-occurrence vector for the wooll, from Lin (1998a), showing
grammatical function (dependency) features. Values foh edtribute are frequency
counts from a 64-million word corpus, parsed by an earlyieaersf MINIPAR.

=
=

cell

Since full parsing is very expensive, it is common to use ankbu () or a
shallow parser (?), with the goal of extracting only a snmadket of relations like
subject, direct object, and prepositional object of a paldir preposition (Curran,
2003).

18.8.2 Measures of Association with Context

Now that we have a definition for the features or dimensiona wbrd’s context
vector, we are ready to discuss the values that should beiassbwith those fea-

ASSOCIATION tures. These values are typically thought ofhesghts or measures aissociation
between each target wovdand a given featuré. In the example in Fig. 18.9, our
association measure was a binary value for each featuréhé ielevant word had
occurred in the context, 0 if not. In the example in Fig. 1846 used a richer as-
sociation measure, the relative frequency with which thriqadar context feature
had co-occurred with the target word.

Frequency, or probability, is certainly a better measurassociation than
just a binary value; features that occur often with a targetdaare more likely
to be good indicators of the word’s meaning. Let's define séeneminology for
implementing a probabilistic measure of association. Ftarget wordw, each
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element of its co-occurrence vector is a featéiyeonsisting of a relatiom and a
related wordw’; we can sayf = (r,w'). For example, one of the features of the
word cellin Fig. 18.10 isf = (r,w) =(obj-of, attack. The probability of a feature

f given a target wordv is P(f|w), for which the maximum likelihood estimate is:

_counff,w)

PFIW) = = ot (18.31)

Similarly, the maximum likelihood estimate for the joiniopability p( f,w)

count f,w)
N
_ count f,w) (18.32)
Zf’WCOUI’l(W, f))
P(w) andP(f) are computed similarly.
Thus if we were to define simple probability as a measure ajcason it
would look as follows:

P(f,w) =

asso%rob(w, f)=P(f|lw) (18.33)

It turns out, however, that simple probability doesn't waik well as more
sophisticated association schemes for word similarity.

Why isn’t frequency or probability a good measure of asgarisbetween a
word and a context feature? Intuitively, if we want to knowawkinds of contexts
are shared bypricot andpineapplebut not bydigital andinformation we're not
going to get good discrimination from words liklee, it, or they, which occur fre-
quently with all sorts of words, and aren’t informative abauy particular word.
We'd like context words which are particularly informatigbout the target word.
We, therefore, need a weighting or measure of associatiachvasks how much
more often than chance that the feature co-occurs with tgettavord. As Curran
(2003) points out, such a weighting is what we also want fatifig goodcollo-
cations and so the measures of association used for weighting>domteds for coLLocations
semantic similarity are exactly the same measure used ftingra word’s collo-
cations.

One of the most important measures of association was fiogtoped by
Church and Hanks (1989, 1990) and is based on the notiowbfal information .

Themutual information between two random variableésandY is T oN
P(x,y)
[(X,Y) = P(x,y)log, — =~ (18.34)
22 2POP(Y)

The pointwise mutual information (Fano, 1961 is a measure of how of- fQNTWISE MuTUAL
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LIN ASSOCIATION
MEASURE

TTEST

ten two eventx andy occur, compared with what we would expect if they were
independent:

P(x.y)

[(x,y) = log, POIP(Y) (18.35)

We can apply this intuition to co-occurrence vectors, byrded the point-
wise mutual information association between a target woaid a featurd as:
P(w, f
assog\(w, f) = log, W

The intuition of the PMI measure is that the numerator tedlfiow often we
observed the two words together (assuming we compute pitibjpaising MLE as
above). The denominator tells us how often we woengectthe two words to
co-occur assuming they each occurred independently, sopitudabilities could
just be multiplied. Thus the ratio gives us an estimate of hmaveh more the target
and feature co-occur than we expect by chance.

Sincef is itself composed of two variablesandw/, there is a slight variant
on this model, due to Lin (1998a), that breaks down the erplecalue forP(f)
slightly differently; we’'ll call it the Lin association measureassogj,, not to
be confused with the WordNet measure gjjthat we discussed in the previous
section:

(18.36)

- P(w, f)

29508in (M 1) =190 BB fw)P(w w

For both assqg, and assqgp,, we generally only use the featufefor a
word w if the assoc value is positive, since negative Ml values mg things
are co-occurrindess ofterthan we would expect by chance) tend to be unreliable
unless the training corpora are enormous (Dagan et al.,; 1983 1998a). In
addition, when we are using the assoc-weighted featuresrtgpare two target
words, we only use features that co-occur with both targetiso

Fig. 18.11 from Hindle (1990) shows the difference betweem frequency
counts and MI-style association, for some direct objecth®fverbdrink.

One of the most successful association measures for woilastynattempts
to capture the same intuition as mutual information, busuket-test statistic to
measure how much more frequent the association is than ehartds measure
was proposed for collocation-detection by Manning anduBzh(1999, Chapter 5)
and then applied to word similarity by Curran and Moens (30Q2irran (2003).

The t-test statistic computes the difference between vbdesnd expected
means, normalized by the variance. The higher the valuedh) the more likely

(18.37)

3 Fano actually used the phrasmitual informatiorto refer to what we now cajpointwise mutual
information and the phrasexpectation of the mutual informatidor what we now callmutual
information
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|Object | Count| Mlassocd| Object | Count| Ml assod
bunch beer 2 12.34 wine 2 9.34
tea 2 11.75 water 7 7.65
Pepsi 2 11.75 anything 3 5.15
champagne 4 11.75 much 3 5.15
liquid 2 10.53 it 3 1.25
beer 5 10.20 <SOME AMOUNT>| 2 1.22
Figure 18.11 Obijects of the verldrink, sorted by MI, from Hindle (1990).

we can reject the null hypothesis that the observed and tegeceans are the
same.

X—H
( 18.38
= ( )

N

When applied to association between words, the null hygathe that the
two words are independent, and hertd,w) = P(f)P(w) correctly models the
relationship between the two words. We want to know how bffé the actual
MLE probability P(f,w) is from this null hypothesis value, normalized by the
variance. Note the similarity to the comparison with thedua model in the
MI measure above. Manning and Schiitze (1999) show thatahances? can
be approximated by the expected probabilityf )p(w). Ignoring N (since it is
constant), the resulting t-test association measure frama@ (2003) is thus:

P(w, f) — P(W)P(f)
P(f)P(w)

See the history section for a summary of various other wigightictors that
have been tested on word similarity.

assogtestW, f) = (18.39)

18.8.3 Defining similarity between two vectors

From the previous sections we can now compute a co-occérnexator for a target
word, with each co-occurrence feature weighted by an aastsocimeasure, giving
us a distributional definition of the meaning of a target word
To define similarity between two target wordandw, we need a measure for
taking two such vectors and giving a measure of vector siityildPerhaps the sim-
plest two measures of vector distance are the Manhattan acldl&an distance.
Fig. 18.12 shows a graphical intuition for Euclidean and Ntan distance be-
tween two two-dimensional vecto#iandb. TheManhattan distance also known MANHATTAN
aslLevenshtein distanceor L1 norm, is BISTANGE
L1 NORM
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L2 NORM

BINARY VECTOR
DOT PRODUCT
INNER PRODUCT

N
distance,annattaf®Y) = Zl % — Vil (18.40)
1=

TheEuclidean distance also called thé.2 norm, was introduced in Ch. 9:

N
distanceclieartX:y) = Zl(xi —Vi)? (18.41)

A
b b

2

Euclidean(a,b) = L2(a,) ... .___,‘_.,.--Manhattan(?i,lg) =L1(a,b)

IS

Figure 18.12 The Euclidean and Manhattan distance metrics for vecioss
(a1,a2), andb = (bg,by), shown as an intuition; these are generally not used|for
word similarity. See Ch. 9 for more on distance metrics.

Although the Euclidean and Manhattan distance metricsigeoa nice geo-
metric intuition for vector similarity and distance, theseasures are rarely used
for word similarity. This is because both measures turn oliet very sensitive to
extreme values. Instead of these simple distance metras similarity is based
on closely related metrics fromformation retrieval and frominformation the-
ory. The information retrieval methods seem to work better fordsimilarity, so
we’'ll define a number of these in this section.

Let’'s begin with the intuition for a similarity metric in Fidl8.9, in which
the similarity between two binary vectors was just the nundfdeatures the two
words had in common. If we assume a feature vectorlimary vector, we can
define such a similarity metric as follows, using th& product or inner product
operator from linear algebra:

N
simdot_producfv, W) =V-W= ZlVi X Wi (18.42)
=

In most cases, though, as we saw in the previous sectionatbessof our
vector are not binary. Let’'s assume for the rest of this eadtiat the entries in the
co-occurrence vector are thssociationvalues between the target words and each
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of the features. In other words, let’s define the vector foargdt wordw with n
featuresf;..f, as:

W = (assow, f1),asso¢w, f;),asso¢w, f3),...,assow, f,), (18.43)

Now we can apply Sigjot-product!® vectors with values defined as associ-
ations, to get the dot-product S|m|Iar|ty between weightellies. This raw dot-
product, however, has a problem as a similarity metric:vbfalong vectors. The
vector lengthis defined as: VECTOR LENGTH

N

V| = Zlvf (18.44)

A vector can be longer because it has more non-zero valudsoause each di-
mension has a higher value. Both of these facts will incrélasedot product. It
turns out that both of these can occur as a by-product of wegliEncy. A vector
from a very frequent word will have more non-zero co-ocauteeassociation val-
ues, and will probably have higher values in each (even wsssgciation weights
that control somewhat for frequency). The raw dot produastfavors frequent
words.

We need to modify the dot product to normalize for the veatmigth. The
simplest way is just to divide the dot product by the lengthgach of the two
vectors. Thisnormalized dot product turns out to be the same as tbesineof NSENLZED DOT
the angle between the two vectors. The cosine or normaliaeprdduct similarity cosie
metric is thus:

Mo ¥oi) = 0 TV X W (18.45)

‘VH ‘ \/Z \/2\/2I 1W2

Because we have transformed the vectors to unit length,dbi@e metric,
unlike Euclidean or Manhattan distance, is no longer sigadi long vectors from
high-frequency words. The cosine value ranges from 1 fotovegointing in
the same direction, through 0 for vectors which are orthag{hare no common
terms), to -1 for vectors pointing in opposite directiorith@ugh in practice values
tend to be positive.

Let's discuss two more similarity measures derived fronorimfation re-
trieval. TheJaccard (?) (also calledlfanimoto (?) ormin/max (Dagan, 2000)) sccarp
measure was originally designed for binary vectors. It wdsreled by Grefen- manmoro
stette (1994) to vectors of weighted associations as fatlow MIN/MAX
. o Z|N:1 min(vi,wi)

siMyaccardV W) SN max(vi,w)

The numerator of the Grefenstette/Jaccard function usesihfunction, es-
sentially computing the (weighted) number of overlappiegtéires (since if either

(18.46)
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vector has a zero association value for an attribute, thdtredl be zero). The
denominator can be viewed as a normalizing factor.

DICE A very similar measure, thBice measure, was similarly extended from bi-
nary vectors to vectors of weighted associations; one sidarirom Curran (2003)
uses the Jaccard numerator, but uses as the denominataalization factor the
total weighted value of non-zero entries in the two vectors.

- L 2x 3 min(vi, w
e N

(18.47)

assogrob(w, f) = P(f|w)

assoppm (W, f) = logy ———=—~

assogi, (w, f) = log, A

assogtesfW, f) =

|V||w| B ﬁ 2 ﬁ

zizlmln(v,,w.)

SiMcosindV: W) =

SiMyaccardV.W) =

SN max(vi, wi)
4 o 2X zi’\‘:lmin(vi,wi)
SMpice(: W) = S (Vi+W)

Figure 18.13 Defining word similarity: measures of association betweéarget
word w and a featurd = (r,w), and measures of vector similarity between ward
co-occurrence vectofsandw.

Fig. 18.13 summarizes the measures of association and tfra&milarity
that we have designed. See the history section for a sumrhatier vector simi-
larity measures.

Finally, let's look at some of the results of distributionabrd similarity.
The following are the 10 most similar words to the differeattp of speech of
hopeandbrief, deriving using the online similarity tool (?); this tool fiees the
co-occurrence vector using all minipar grammatical retsj uses the asspe
measure of association, and a vector similarity metric ftam(1998a).
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e hope (N):optimism 0.141338, chance 0.136681, expectation 0.13¢#68pect
0.125597, dream 0.119079, desire 0.117939, fear 0.11@#68; 0.111264,
confidence 0.109136, promise 0.108269

¢ hope (V):would like 0.157988, wish 0.139532, plan 0.139349, say&/ 88,
believe 0.135058, think 0.132673, agree 0.129985, wond&t9@09, try
0.127047, decide 0.125387,

e brief (N): legal brief 0.139177, affidavit 0.103401, filing 0.09826étition
0.0864875, document 0.0835244, argument 0.0831851r, (e@é85654, re-
buttal 0.077766, memo 0.0768226, article 0.0758248

e brief (A): lengthy 0.256242, hour-long 0.191421, short 0.17356krekd
0.163085, frequent 0.162555, recent 0.15815, short-vé84955, Prolonged
0.149289, week-long 0.149128, occasional 0.146385

18.8.4 Evaluating Distributional Word Similarity

Distributional similarity can be evaluated in the same waythesaurus-based sim-
ilarity; we can compare to human similarity scores, or we®aaluate it as part of
end-to-end applications. Besides word sense disambgguatid malapropism de-
tection, similarity measures have been used as a part @mgdor the grading of
exams and essays(Landauer et al., 1997), or taking TOEFiipteuthoice exams
(Landauer and Dumais, 1997; Turney et al., 2003)).

Distributional algorithms are also often evaluated in adthvay: by compar-
ison with a gold-standard thesaurus. This comparison catirbet with a single
thesaurus (Grefenstette, 1994; Lin, 1998a) or by usingigioecand recall mea-
sure against an ensemble of thesauri (Curran and Moens).20815 be the set of
words that are defined as similar in the thesaurus, by beitigeisame synset, or
perhaps sharing the same hypernym, or being in the hypehyponym relation.
Let S be the set of words that are classified as similar by someitilgorWe can
define precision and recall as:

cion 1SSI . ISnS]
precision= ———reca

S| IE

(18.48)

18.9 HYPONYMY AND OTHER WORD RELATIONS

Similarity is only one kind of semantic relation between dsrAs we discussed in
Ch. 16, WordNet and MeSH both inclutigponymy/hypernomy, as do many the-
sauruses for other languages, such as CiLin for Chines@g#)YINet also includes
antonymy, meronymy, and other relations. Thus if we want to know if two senses
are related by one of these relations, and the senses océraiNet or MeSH,
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LEXICO-SYNTACTIC
PATTERN

we can just look them up. But since many words are not in theseurces, it is
important to be able to learn new hypernym and meronym oglatautomatically.

Much work on automatic learning of word relations is base@ &gy insight
first articulated by Hearst (1992), that the presence oatehtxico-syntactic pat-
terns can indicate a particular semantic relationship eéetntwo nouns. Consider
the follow sentence extracted by Hearst from an encycl@p&di

(18.49) Agar is a substance prepared from a mixture of reakalguch as
Gelidium, for laboratory or industrial use.

Hearst points out that most human readers will not know v@etdiumis,
but that they can readily infer that it is a kind oft(gponym of) red algae whatever
that is. She suggests that the followilegico-syntactic pattern

NPg such as NP{,NP,...,(andor)NR },i > 1 (18.50)
implies the following semantics
VNP, i > 1, hyponymNP;,NPy) (18.51)
allowing us to infer
hyponymGelidium red algag (18.52)
NP{,NP} % {, } (andor) otherNPy ...temples, treasuries, and other important civic bugdin
NPy such ag/NP,}* (or|and)NP red algae such as Gelidium
suchNPy as{NP,}* (or|and)NP works by such authors as Herrick, Goldsmith, and Shakespea
NPy {,} including{NP,}* (or|]and)NP  All common-law countries, including Canada and England
NPy {,} especially{NP,}* (orland)NP ... most European countries, especially France, EnglamtiSaain
Figure 18.14 Hand-built lexico-syntactic patterns for finding hyperrg/(hlearst, 1992, 1998)

Fig. 18.14 shows the 6 patterns Hearst (1992, 1998) sughéstanferring
the hyponym relation; we've showsPy as the parent/hyponym. There are a num-
ber of other attempts to extract different WordNet reladiasing such patterns; see
the history section for more details.

Of course, the coverage of such pattern-based methodstiedityy the num-
ber and accuracy of the available patterns. Unfortunatelge the obvious exam-
ples have been found, the process of creating patterns liybenomes a difficult
and slow process. Fortunately, we've already seen thei@oltd this kind of prob-
lem. We can find new patterns usibgotstrapping methods that are common in
information extraction (Riloff, 1996; Brin, 1998), and aiso key to the Yarowsky
method described earlier in Sec. 18.5.

The key insight for the use of bootstrapping in relationdtgra discovery is
that with a large corpus we can expect that words involvedréiaion to show up
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with many different patterns that express that same relaficnerefore, in theory
at least, we need only start with a small number of precisieipes to acquire a set
of seed words involved in a given relation. These words can tie used to query
a large corpus for sentences containing both terms in sontk dfi dependency
relation; new patterns can then be extracted from these eeigrces. The process
can be repeated until the pattern set is large enough.

As an example of this process, consider the terms “red alyag"Gelidium”
discovered earlier using Hearst’s simple pattern set. Agriba results of a simple
Google search using these as query terms is the followingpbea

(18.53) One example of a red algae is Gelidium.

Removing the seed words from such a sentence and replacing with
simple wildcards is the crudest kind of pattern generatiorthis case, submitting
the pattern “One example of a * is *” to Google currently yildearly 500,000
hits, including the following example:

(18.54) One example of a boson is a photon.

We can also extract slightly more sophisticated patternpdrging the ex-
tracted sentences and putting wildcards into the parse tree

The key to the success of bootstrapping approaches is td gtwesemantic
drift that tends to occur as part of repeated applications of tsapting. The
further we get from the original set of seed words or patténesmore likely it is
that we’ll come across patterns with meanings quite diffeh@m what we set out
to discover.

Despite this kind of drift, and the low precision of each eati the combi-
nation of a very large number of weak bootstrapped patteangpoove very pow-
erful. Snow et al. (2005), for example, automatically digred tens of thousands
of weak hyponym patterns and combined them by treating thefeatures in a
logistic regression classifier. The resulting classifidlieged good performance at
hypernym classification.

Another way to view thétypernym problem is as choosing the place to insert
unknown words into an otherwise complete hierarchy. It ssgae to do this with-
out using lexico-syntactic patterns. For example, we canausimilarity classifier
(using distributional information, or morphological imfoation) to find the words
in the hierarchy that are most similar to an unknown wordhgisin approach like
K-Nearest-Neighbors, and insert the new word there (Ts283). Or we can
treat the task of hypernym labeling as a labeling task likeed@entity tagging.
Ciaramita and Johnson (2003) take this approach, usingga2@supersenses suersenses
from the 26 broad-category ‘lexicographer class’ labedsfiVordNet person lo-
cation, event quantity, etc). They use features such as surrounding part-of-Bpeec
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tags, word bigram and trigram features, spelling and mdggical features, and
apply a multiclass perceptron classifier.

Findingmeronymsseems to be harder than hyponyms; here are some exam-
ples from Girju et al. (2003):

(18.55) The car’s mail messenger is busy at work intRART>mail cax/ PART> as
the <WHCL E>train</ WHOLE> moves along.

(18.56) Through the openPART>side dooxk/ PART> of the <WHOL E>car/ WHOLE>,
moving scenery can be seen.

Meronyms are hard to find because the lexico-syntactic noattbat charac-
terize them are very ambiguous. For example the two most aimpatterns indi-
cating meronymy are the English genitive constructions;[NFNP,] and [NP;’s
NP;], which also express many other meanings sucpassessior{Girju et al.,

2003; ?).
Learning individual relations between words is an impdriamponent of
NESAURLS the general task dhesaurus induction In thesaurus induction, we combine our

estimates of word similarity with our hypernym or other tias to build an entire
ontology or thesaurus. For example the two-step thesandugiion algorithm of
Caraballo (1999, 2001) first applies a bottomelgstering algorithm to group to-
gether semantically similar words into an unlabeled woetdrichy. Recall from
Sec. 18.6 that in agglomerative clustering, we start bygassj each word its own
cluster. New clusters are then formed in a bottom-up fasbyosuccessively merg-
ing the two clusters that are most similar; we can use anyiorfetrsemantic simi-
larity, such as one of the distributional metrics descriiveitie previous section. In
the second step, given the unlabeled hierarchy, the dhgonises a pattern-based
hyponym classifier to assign a hypernym label to each cludterords. See the
history section for more recent work on thesaurus induction

18.10 SEMANTIC ROLE LABELING

The final task we’ll discuss in this chapter links word meagsimwith sentence

SEMANTIC ROLE meanings. This is the task eémantic role labeling sometimes callethematic
role labeling, case role assignmenbr evenshallow semantic parsing Semantic
role labeling is the task of automatically finding tteematic rolesfor each pred-
icate in a sentence. More specifically, that means detengiwhich constituents
in a sentence are semantic arguments for a given predicatehan determining
the appropriate role for each of those arguments. Semanédabeling has the
potential to improve performance in any language undedgtgntask, although
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to date its primary applications have been in question ansg@nd information
extraction.

Not surprisingly, most current approaches to semanticlableling are based
on a supervised machine learning paradigm and, hence,reegotcess to ade-
guate amounts of training and testing materials. Over thieféav years, both the
FrameNet and PropBank resources discussed in Ch. 16 hawhis role. That
is, they have been used to specify what counts as a predioadefine the set of
roles used in the task, as well as to provide training andist TheSENSEVAL-3
evaluation used Framenet, while the CONLL evaluations i428nd 2005 were
based on PropBank.

The following examples show the different representatioos the two ef-
forts. Recall that FrameNet (18.57) employs a large numibdrame-specific
frame elements as roles, while PropBank (18.58) makes uaeswofaller number
of generic argument labels.

(18.57)
[You] can't [blame] [the program] [for being unable to cortly identify a processor]
COGNIZER TARGET EVALUEE REASON
(18.58)
[The San Francisco Examiner] issued [a special editionpyad noon yesterday]
ARGO TARGET ARGl ARGM-TMP

A simplified semantic role labeling system is shown in Fig183 Following
the very earliest work on semantic role analysis (SimmoB8g3}, most work on
semantic role labeling begins by parsing the sentence.idRullvailable broad-
coverage parsers (such as Collins (1996) or Charniak (199&)typically used to
assign a parse to the input string. Fig. 18.16 shows a par&e3&8) above. The
resulting parse is then traversed to find all predicatetbgarords. For each of
these predicates the tree is again traversed to determiiod waie, if any, each
constituent in the parse plays with respect to that preelicetis judgment is made
by first characterizing the constituent as a set of featuiis respect to the pred-
icate. A classifier trained on an appropriate training sé¢tes passed this feature
set and makes the appropriate assignment.

Let’'s look in more detail at the simple set of features sutggedy Gildea
and Jurafsky (2000, 2002), which have been incorporatednmast role-labeling
systems. We'll extract them for the firlstP in Fig. 18.16, theNP-SBJconstituent
the San Francisco Examiner

e The governingpredicate, in this case the verissued For PropBank, the
predicates are always verbs; FrameNet also has noun anctiaeljpredi-
cates. The predicate is a crucial feature, since both PripBad FrameNet
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function SEMANTICROLELABEL (wordsg returns labeled tree

parse— PARSE(wordg
for each predicatein parsedo
for eachnodein parsedo
featurevector— EXTRACTFEATURESnode predicate parse
CLAssIFYNODE(node featuresparse

Figure 18.15 A generic semantic role labeling algorithm. TheA3SIFYNODE
component can be a simple 1-of-N classifier which assignsisgarole (or NONE
for non-role constituents). IASSIFYNODE can be trained on labeled data such as
FrameNet or PropBank.

__>S

VBD = TARGET NP=ARG1 PP-TMP=ARGM-TMP

issued DT JJ NN IN NP

a special edition around NN NP-TMP

noun yesterday

Figure 18.16 Parse tree for a PropBank sentence, showing the PropBankiarg labels. The
dotted line shows thpath feature NRS|VP|VBD.

labels are defined only with respect to a particular predicat

e The phrase type of the constituent, in this caddP (or NP-SBJ. This is
simply the name of the parse node which dominates this ¢oastiin the
parse tree. Some semantic roles tend to appeaddPasothers as$ or PP,
and so on.

e Thehead word of the constituentExaminer The head word of a constituent
can be computed using standard head rules, such as thosdrgi2é. 10 in
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Fig. ??. Certain head words (e.g. pronouns) place strong contsramthe
possible semantic roles they are likely to fill.

e Thehead word part-of-speechof the constituentNNP.

e Thepath in the parse tree from the constituent to the predicate. gdtis is
marked by the blue dotted line in Fig. 18.16. Following (@ddand Jurafsky,
2000), we can use a simple linear representation of the &5 VP |VBD.

1 and | represent upward and downward movement in the tree regpkcti
The path is very useful as a compact representation of manuslof gram-
matical function relationships between the constituedtthe predicate.

e Thevoice of the clause in which the constituent appears, in this eatiee
(as contrasted withassivg. Passive sentences tend to have strongly different
linkings of semantic roles to surface form than active ones.

e The binarylinear position of the constituent with respect to the predicate,
eitherbefore or after.

e The sub-categorizationof the predicate. Recall from Ch. 10 that the sub-
categorization of a verb is the set of expected argumentsafiizear in the
verb phrase. We can extract this information by using thaghstructure
rule that expands the immediate parent of the preditéte:~ NP PPfor the
predicate in Fig. 18.16.

Many other features are generally extracted by semantiladeling sys-
tems, such as named entity tags (it is useful to know if a toesit is aLOCA-
TION or PERSON for example), or more complex versions of the path features
(the upward or downward halves, whether particular nodesraa the path), the
rightmost or leftmost words of the constituent, and so on.

We now have a set of observations, each with a vector of fesiuecall that
many observations will have the value NONE rather than 2rG0):

ARGO, [issued, NP, Examiner, NNP, NB|VP|VBD, active, before, VP—
NP PP]

Just as we saw for word sense disambiguation, we can diviste thbser-
vations into a training and a test set, use the training el@srip any supervised
machine learning algorithm, and build a classifier. SVM anaixivhum Entropy
classifiers have yielded good results on this task on stdnelaluations. Once
trained, the classifier can be used on unlabeled sentenpesptose a role for each
constituent in the sentence. More precisely, an input septes parsed and a pro-
cedure similar to that described earlier for training is &yed.

Instead of training a single stage classifier, some rolditapalgorithms do
classification in multiple stages for efficiency:
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e Pruning: to speed up execution, some constituents are eliminateddom-
sideration as possible roles, based on simple rules

e Identification: a binary classification of each node asA®G to be labeled
or aNONE.

¢ Classification: a one-of-N classification of all the constituents that were |
beled asARG by the previous stage.

There are a number of complications that all semantic rdieliag systems
need to deal with. Constituents in FrameNet and PropBaniegréred to be non-
overlapping. Thus if a system incorrectly labels two ovygpiag constituents as
arguments, it needs to decide which of the two is correct.itfarhlly, the seman-
tic roles of constituents are not independent; PropBanls a¢a¢ allow multiple
identical arguments, labeling one constituent agas0 would greatly increase
the probability of another constituent being labelimgGl. Both these problems
can be addressed by the two-stage approaches based andalidest rescoring
discussed in Ch. 9: having the classifier assign multiplelfato each constituent,
each with a probability, and using a second global optinomapass to pick the
best label sequence.

Instead of using parses as input, it is also possible to dastorole labeling
directly from raw (or part-of-speech tagged) text, and thpplying the chunking
techniques used for named entity extraction or partialipgrsSuch techniques
are particularly useful in domains such as bioinformati¢ese it is unlikely that
syntactic parsers trained on typical newswire text willfpen well.

Finally, semantic role labeling systems have been gegeraliluated by re-
quiring that each argument label must be assigned to thelgxacrect word se-
quence or parse constituent. Precision, recall, and Funeasn then be com-
puted. A simple rule-based system can be used as a baselirxample tagging
the first NP before the predicate arGO and the first NP after the predicate as
ARG1, and switching these if the verb phrase is passive.

BIBLIOGRAPHICAL AND HISTORICAL NOTES

Word sense disambiguation traces its roots to some of thiestaapplications of
digital computers. We saw above Warren Weaver’'s (1955) estgm to disam-
biguate a word by looking at a small window around it, in thateat of machine
translation. Other notions first proposed in this early gebinclude the use of a
thesaurus for disambiguation (Masterman, 1957), suphiigining of Bayesian
models for disambiguation (Madhu and Lytel, 1965), and the af clustering in
word sense analysis (Sparck Jones, 1986).
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An enormous amount of work on disambiguation has been coadwathin
the context of early Al-oriented natural language procggsystems. Most natural
language analysis systems of this type exhibit some forn@xatdl disambigua-
tion capability, however, a number of these efforts madedveanse disambigua-
tion a larger focus of their work. Among the most influentiffiods were the
efforts of Quillian (1968) and Simmons (1973) with semamigtworks, the work
of Wilks with Preference Semanti®¥ilks (1975c, 1975b, 1975a), and the work of
Small and Rieger (1982) and Riesbeck (1975) on word-basddrstanding sys-
tems. Hirst'saBsITy system (Hirst and Charniak, 1982; Hirst, 1987, 1988), which
used a technique based on semantic networks called mad&@ngarepresents the
most advanced system of this type. As with these largely sjyimbpproaches,
most connectionist approaches to word sense disambiguaaice relied on small
lexicons with hand-coded representations (Cottrell, 18&&vamoto, 1988).

Considerable work on sense disambiguation has been ceaublincthe areas
of Cognitive Science and psycholinguistics. Appropriathough, it is generally
described using a different name: lexical ambiguity retsofu Small et al. (1988)
present a variety of papers from this perspective.

The earliest implementation of a robust empirical appraackense disam-
biguation is due to Kelly and Stone (1975) who directed a tdathhand-crafted
a set of disambiguation rules for 1790 ambiguous EnglishdaiorLesk (1986)
was the first to use a machine readable dictionary for wordesdisambiguation.
Wilks et al. (1996) describe extensive explorations of tbe of machine readable
dictionaries. The problem of dictionary senses being toa-dirained or lacking an
appropriate organization has been addressed in the worklah§1994) and Chen
and Chang (1998).

Modern interest in supervised machine learning approatthdssambigua-
tion began with Black (1988), who applied decision treereay to the task. The
need for large amounts of annotated text in these methods Iadestigations into
the use of bootstrapping methods (Hearst, 1991; Yarow$85)L The problem
of how to weigh and combine disparate sources of evidenceglsred in Ng and
Lee (1996), McRoy (1992), and Stevenson and Wilks (2001).

Among the semi-supervised methods, more recent modeltectismal pref-
erence include Li and Abe (1998), Ciaramita and Johnson02@acCarthy and
Carroll (2003), Light and Greiff (2002). Diab and Resnik @20 give a semi-
supervised algorithm for sense disambiguation based gneali parallel corpora
in two languages. For example, the fact that the French watastrophemight
be translated as Englislisasterin one instance anttagedyin another instance
can be used to disambiguate the senses of the two Englistsiced to choose
sense oflisasterandtragedythat are similar). Abney (2002, 2004) explores the
mathematical foundations of the Yarowsky algorithm andsiation to co-training.
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The most-frequent-sense heuristic is an extremely powerte, but requires large

amounts of supervised training data. McCarthy et al. (2@@djpose an unsuper-

vised way to automatically estimate the most frequent sérased on the thesaurus
similarity metrics defined in Sec. 18.7.

The earliest attempt to use clustering in the study of wordeg is due to
Sparck Jones (1986). Zernik (1991) successfully appliethradard information
retrieval clustering algorithm to the problem, and prodi@da evaluation based on
improvements in retrieval performance. More extensivemegvork on clustering
can be found in Pedersen and Bruce (1997) and Schutze (19983).

A few algorithms have attempted to exploit the power of milyudisam-
biguating all the words in a sentence, either by multiplespagKelly and Stone,
1975) to take advantage of easily disambiguated words, pataflel search (Cowie
et al., 1992; Veronis and Ide, 1990).

Recent work has focused on ways to use the web for trainirg foatwvord
sense disambiguation, either unsupervised (Mihalcea aslddvan, 1999) or by
using volunteers to label data (Chklovski and Mihalcea,2200

Agirre and Edmonds (2006) is a comprehensive edited voluilmehasum-
marizing the state of the art in WSD. (Resnik, 2006) deseripetential appli-
cations of NLP. Ide and Veronis (1998a) provide a comprekengview of the
history of word sense disambiguation up to 1998. Ng and 4&B87) provide a
more focused review from a machine learning perspectivéks/ét al. (1996) de-
scribe dictionary and corpus experiments, along with tetailescriptions of very
early work.

The models of distributional word similarity we discussedsa out of re-
search in linguistics and psychology of the 1950’s. The itlhed meaning was
related to distribution of words in context was widespreadiriguistic theory of

the 1950’s; even before the well-known Firth (1957) and 18a(t968) dictums
discussed earlier, Joos (1950) stated that

the linguist’s ‘meaning’ of a morpheme...is by definitiorethet of condi-
tional probabilities of its occurrence in context with ather morphemes’

The related idea that the meaning of a word could be modeledpaint in
a Euclidean space, and that the similarity of meaning betviee words could
be modeled as the distance between these points, was pdopgsgychology by
Osgood et al. (1957). The application of these ideas in a atatipnal framework
was first made by Sparck Jones (1986), and became a corepfgin€information
retrieval, from whence it came into broader use in speechaargiiage processing.

There are a wide variety of other weightings and methods @dwimilarity.
The largest class of methods not discussed in this chaptethainformation-
theoretic methods like KL-divergence arwskew divergence (Pereira et al., 1993;
Dagan et al., 1994, 1999; Lee, 1999). as well as other mdtdos Hindle (1990)
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and Lin (1998a), Alternative paradigms include toeoccurrence retrievalmodel

(Weeds, 2003; Weeds and Weir, 2005). Manning and Schi@89(Lhapter 5 and

8) give collocation measures and other related similarigasures. A commonly

used weighting isveighted mutual information (Fung and McKeown, 1997) in ESGHTED MTUAL
which the pointwise mutual information is weighted by thenjgorobability. In

information retrieval th&'F/IDF weight is widely used, as we will see in Ch. 20.

See Dagan (2000), Mohammad and Hirst (2005), Curran (20@33ds (2003) for

good summaries of distributional similarity.

There is a wide variety of recent literature on other lexie¢htions and the-
saurus induction. The use of distributional word simijafar thesaurus induction
was explored systematically by Grefenstette (1994). A wialéety of distribu-
tional clustering algorithms have been applied to the tds#iscovering group-
ings of semantically similar words, including hard clustgr(Brown et al., 1992),
soft clustering (Pereira et al., 1993), as well as new dlgars like Clustering
By Committee (CBC) (Lin and Pantel, 2002). For particular relations, keiral.
(2003) applied hand-crafted patterns to famdonyms with the goal of improving
synonym-detection. The distributional word similaritgatithms from Sec. 18.8
often incorrectly assign high similarity to antonyms. Lireé (2003) showed that
words appearing in the patteirem X to Yor either X or Ytended to be antonyms.
Girju et al. (2003), ? (?) show improvementsnireronym extraction by learning
generalizations about the semantic superclasses of thadwms. Chklovski and
Pantel (2004) used hand-build patterns to extract finergdarelations between
verbs such astrength. Much recent work has focused on thesaurus induction by
combining different relation extractors. Pantel and Raardran (2004), for ex-
ample, extend Caraballo’s algorithm for combining siniifeand hyponymy infor-
mation, while Snow et al. (2006) integrate multiple relatextractors to compute
the most probable thesaurus structure.

While not as old a field as word similarity or sense disamtiigna seman-
tic role labeling has a long history in computational lirgjids. The earliest work
on semantic role labeling (Simmons, 1973) first parsed a&greatusing an ATN
parser. Each verb then had a set of rules specifying how thee ghould be
mapped to semantic roles. These rules mainly made refetengeammatical
functions (subject, object, complement of specific press), but also checked
constituent-internal features such as the animacy of headsm

Statistical work in the area revived in 2000 after the Fraetedthd PropBank
project had created databases large enough and consistergtheto make training
and testing possible. Many popular features used for rdlelileg are defined in
(Gildea and Jurafsky, 2002; Surdeanu et al., 2003; Xue amd?a2004; Pradhan
et al., 2003, 2005)
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