Division of Informatics, University of Edinburgh

Institute for Adaptive and Neural Computation
Institute for Communicating and Collaborative Systems

Contextual Distinctiveness: A New Lexical Property Computed from
Large Corpora

by
Scott McDonald, Richard Shillcock

Informatics Research Report EDI-INF-RR-0042

Division of Informatics July 2001
http://www.informatics.ed.ac.uk/



Contextual Distinctiveness:
A New Lexical Property Computed from Large Corpora

Scott McDonald*
Richard Shillcock*t

*Institute for Adaptive and Neural Computation
Division of Informatics
tDepartment of Psychology

University of Edinburgh, Edinburgh, Scotland, UK

ABSTRACT

We describe the computational formulation of Contextual Distinctivei@s¥ a new
lexical property derived frorthe distributional information present in natural language
corpora. CD measures the quantity of information a word conveys about its contexts of
use, which we demonstrate to be an interesting afjective indicator of the
distributional differences betweewords. CD iscomputed from co-occurrence vector
representations created using similar methodologiabofLund andBurgess (1996)

and Landauer and Duma($997), but provides a means to quantify between-word
differences in contextuddehavior. We establisthe psychological relevance of CD to
lexical processing behavior by showing that CD values are significantly correlated with
published lexical decision and naming latencies obtained in an isolated word recognition
task.

INTRODUCTION

The recent availability of large language corpora — multi-million word records of natural
language output hasallowed large-scale computational modelling of a number of
psycholinguistic phenomena.The adoption of corpus-based methods in
psycholinguistic research has provoked neways of thinking about, for example,
normative association strength (Spenc®©&ens, 1990)the acquisition of syntactic
categoriege.g. RedingtonChater &Finch, 1998),semantic and associative priming
(Lund, Burgess & Atchley, 1995; Lund, Burgess & Audet, 1996Donald & Lowe,
1998), and vocabulary learning (Landauer & Dumdi®97). Ofparticular interest is
the ease with which aspects oivard’s environment- its linguistic contexts ofise —
can beanalysed, in order testimate the semantic similaritiaad differences between
words. A number of researchers have shown that sitext=al co-occurrence statistics
contain much information about \word’s meaning(e.g. Lund & Burgess,1996),
information which previously could only beompiled through collection of large
numbers of human judgement€orpus-based methodare attractive because
information about a word’s contexts of use can be easilyeaodomically collected for

a huge portion of the lexicon, tens of thousands of wordsirsarmountable task for
conventional methods relying on human intuitions.

Researclactivity hasconcentrated on the investigation of semantic space models —
high-dimensional spaces where the positions along each axis corresptaisatao-
occurrence frequencies extractiedm a corpus ohaturallanguage. In thigype of
model, a word igepresented as a vector, whéine components of the vector are



labelled with other words (theontext wordg and the value ofach vector component
encodes the number of times therd of interest co-occurs witthe componeniabel,
within a pre-definedvindow of words. Assumingk contextwords, a wordv can be
viewed as a point irk-dimensional spaceand standardyeometric distance and
similarity measuresan be applied to antyvo words. The co-occurrence vectéor w
can be considered to be a high-dimensional summary of its contextual behavior.

Semantic space models have been principally applied to the investigation of
representationalssues — how wordsire represented in semantitemory, and the
processing implications for words with similar representations. Co-occurrence
information offers a very different explanatifor the ubiquitouslexical priming effect
— the facilitation of a targatord such agoatwhenpreceded by a semantically related
primeword such akat, compared with an unrelated prirsech agpencil In semantic
space models déxical priming (Lund, Burgess &Atchley, 1995;Lund, Burgess &
Audet, 1996; McDonald & Lowe, 1998) it is assunildt the difference iprocessing
effort between the related and unrelatednditions is a direct reflection of
representational similarity. Becauk® co-occurrence vectofer semantically related
words are‘closer’ in semantic space than unrelatedrds, lesseffort is required to
process a particular target word when preceded by its related primethbapreceded
by an unrelated word.

High-dimensional vector representations have also hesnl to represent the
meaning of text units longer than a singlerd. Landauer and Dumai4.997) average
together the vector representatidos all contentwords in aunit of text(such as a
sentence), and showed that the resulting centroid vector contains sufficient information
to simulate the priming effect obtained Bi§l, Mross and Kintsch(1988, Experiment
1). Inthatexperimentthe finalword of each sentence primgas a homograph, and
responses wemnade to targetvords considered to beelated to the distinct meanings
of the homograph. Landauer aBdmais demonstrated that the meaning of the context
was captured by the centroid vector representation by measuring the similarity between
the centroid vector and the vectors for words standingh®different meanings of the
homograph

In the studies summarizexbove,the relationshigpetweenrhigh-dimensionalexical
representations (i.e. vector similarity) was the quantity of interest. Wtted isature of
the information contained insangleword vector? Besides specifyingnard’s location
in high-dimensional semantispace, aco-occurrence vector encodes the frequency
distribution of the words occurring in the immediate context of the word of interest. The
properties of this distribution vary between words in interestiags. \WWedemonstrate
below that distributional statistics constitute a unique and useful source of information
about word use. Furthermore, \siall showthat an information-theoretic measure of
the characteristics of word’s contexts of use — aneasure we ternContextual
Distinctivenesg¢CD) — is a psychologically relevant and objective predictolerital
processing behavior.

In this paper we describe d@etail themethodology behind the computation of CD,
and in Experiment 1, we investigate its psychological relevance.

CONTEXTUAL DISTINCTIVENESS

Below, we demonstratehow words can be distinguished according taheir
distributional properties. We first describe between-word differencesubjective



terms, and then seek to objectively measure these differenseg) the tools of
information theory.

A co-occurrence vector summarizes a word’s distributional profile — wiarks it
tends to occur with, and how often. For instance, if wertends to appear in a wide
variety of linguistic contexts (e.gun), we would expect the distribution of the words it
occurs with to be rathatiffuse. Conversely, iftv typically appears in a small number
of different contextge.g. amol, or is perhaps found in diverse contexts buhigh
more common in a subset of them, its contextual distribution would be less diffuse and
we could describev as contextually distinctive Seen from another perspective,
encountering the wondin in isolation is not particularly informative about the linguistic
contexts it occurs in (sinceun can appear irwide range ofcontexts), whereas
observingamokalmost certainly brings to mirttie verbal contextun. Becausevords
appear to vary according to informativeness about their contextseothis property,
contextual distinctiveness, can be treated as a continuous variable.

We usethe relative entropy measure from information theory to quantify the
subjective notion of contextual distinctiveng¢€®). Since CD intuitivelyrefers to the
amount of information provided by wordw about its contexts ofuse, it is
operationalized as the relativentropy (or Kullback-Leibler distance) between the
distribution of context words occurring in a window of words arown(he posterior
distribution), andhe distribution of contextvords expectedvhenw is not taken into
account (theprior distribution). CDcan beunderstood ashe quantity of information
conveyed abouk’s contextual behavior.

Note that the posterior distribution is simplyw’s co-occurrence vector
representation, with counts converted to conditional probabilitiesttengrrior is the
distribution of contextwords based ortheir estimated independent probabilities of
occurrence (or relative frequencies) in a large corpus. The prior can be interpreted as the
probability distribution expected if theorpus hadbeen createdrom word tokens
randomly chosen according to their relative frequencies in a&ogalis. Such a corpus
of randomly chosen tokens would be completely unstructurdike naturalanguage,
and consequently co-occurrence vectors extracted from this corpus would simply record
the relativefrequencies of the contewtords (i.e. nalinguistic dependencies between
words would be encoded).

The formal definition of CD is as follows. First, for the prior distribution, deéine
C to be a discrete random variable ranging dlkeralphabet o§ymbols ,, ..., c.},
with probability mass functioR(c). (The alphabet is the finite set of contesdrds that
label the components of a co-occurrence vector.) The value& phare obtainedising
the maximum likelihood estimator:

fc,)

n

> f(c,)

]

P(c,) =

In this equationf(c) is the frequency o€, in thecorpus,and the denominator is the
summed corpus frequency d@he n words in the alphabet. Notethat the prior
distribution is a true probability mass function, si¢e)+P(c,)...+P(c)=1.

We next describe theosterior distribution (the distribution of contexbrds given
that target worav occurs) using the probability mass functieft|w). Each conditional
probability P(c|w) is derived fromthe co-occurrence frequency of the targetrrd w



with the contextword c, normalized by the totato-occurrences ofv with each
possible symbat:

P(c,lw) = W)

> f(c,w)

Finally, CD iscalculated as the relativentropy between théwo probability mass
functionsP(c) andP(cjw), using the convention 0 log 0 = 0O (justified by continuity):

w
D(P(c) || P(cw)) = z P(c,|w)log: Plciw)
P(c)
Formally, CD measurethe quantity of informatiomprovided about a randowariable
(the contexts that wond appears in) by an event (observing ward Since the above
equation uses base 2 logarithms, the units of information are exprebied in

Creating co-occurrence vectors

Construction of a semantic space model requires a large amount of natural language
output; the choice of thisorpus has ampact on thgysychological plausibility of the
resulting model. We usetie 10.3 million word spokenlanguage part of the British
National Corpus (BNC; Burnage & Dunlop, 1992). The spoken subcgnemnseforth
BNC-spokej consists of anixture of speeclyenres sampled from demographic and
context-governedources,including transcripts of unscripted informebnversation,

radio programs and government meetings.

We chose to use spokéanguage as theource of distributional statistider two
reasons. First, spokdanguageforms the primary environmerfior human language
learning, and for adult language use for moshefpopulation. Children’s exposure to
speech compared with writtéext is crucially mucHarger. Although vocabulary size
undoubtedly increases more rapidly throughding,the core vocabulary items and
their contexts of use are acquired through the vast amount of gheechildrenhear.
Words have much more opportunity to be learrtbdough spokenlanguage than
through written sources, and their semantic representations would be expeetittto
spoken language context to a greateient. Secondhecause of the smaller type:token
ratio for spoken language, a singlerd type is encountered, average, an order of
magnitude more often than a singl®rd type in writtenlanguage. This mearthat
spoken language, in general, providesnae reliablesource ofcontextual information
for a given word, which is advantageous both facquiringword meaning and for
constructing reliable co-occurrence representations.

To prepare th&NC-spoken forthe extraction of co-occurrenstatistics, we took
the following steps. Firstthe corpus wadiltered to remove punctuation and SGML
markup, retaining onlythe words together with their part of speediags. Next,
uppercase and lowercase type were conflatddviercase. Finallythe corpus was
lemmatized bymapping eaclword form toits correspondindexemein the CELEX
lexical database (Baayen, Piepenbrock & Van Rijn, 1993), and then reglaeingrd
in the corpus with itdexeme’s canonicdiorm. This was done bynapping the tagset
used to assign a part-of-speech label to each watttiBNC, tothe much smaller set
of part-of-speech categories employed by CELEX



As a result olemmatizing thecorpus,the counts forall inflectional variants of a
word are collapsed together into a sintggemecount. For examplewalk, walking,
walkedandwalks all sharetheir high-dimensional vectoepresentationiabelled with
their canonicalform walk; and similarly there is only one vector componkiel
<walk> corresponding tall four variants.Other morphologicalariants conflated by
lemmatisation areoun plural suffixes (e.g.cat9, and comparative and superlative
adjective forms (e.g. cleaner cleanest Lemmatisationwas motivated by the
observationthat meaning is normallpreserved acrosthe inflectional variants of a
lexeme, whereaderivational morphological variants are often separated by semantic
drift (e.g. steer steerage We assumehat a co-occurrence vector serving as a
representation of word meaning — should contain informatiahis relevant to a more
abstract level of representation than th&face wordform. The psycholinguistic
literature containgong-standing examples (chiefly involving visuabrd recognition)
of processing seemingly beingartially determined by thetems of morphologically
complex words (e.g. Taft, 1979).

Creating lexical representations from co-occurrence statistics requires decisions to be
made about a number of model parameters. The CD measure requires estimation of two
probability distributions; consequently, CD valwal vary depending orhow model
parameters are set. As a result, the success of CD as a predictor of processing behavior
will also vary. The window size and the number of contexbrds used talefine the
representational space dveo of the most important parametefs.g. PatelBullinaria
& Levy, 1998); we set these parameters empirically, by recotdamg@mount of visual
lexical decision response time variance explaine€by for asample ofwords tested
in our laboratory (see McDonald, 2000). Based on the results of this procedure, we set
the window size to fivewords before and fivewords after theword of interest, and
recorded co-occurrences with the 500 most frequent contenthirottle BNC-spoken
in order to define the posterior distribution component of the CD measure.

It would be useful to verifithat CD reallydoescapture the subjective concept of
contextual distinctiveness described earliére spokenlanguage component of the
BNC contains disfluencies such as filled pausds érm, hmm etc) — thesevould be
expected to be among the least contextually distintbkens inthe corpus,since they
can occur in virtually any linguistienvironment. Thigxpectationwas verified using
the objective CD measurer anderm received thdirst and third lowest C¥cores of
the entire lexicon (0.041 and 0.046 bits, respectively).

In order to graphicallyllustrate the distributional differencéisat underlie different
CD values forwords matched on othelexical properties, weselectedtwo words of
equivalent lexemefrequency and plotted theiprior and posterior probability
distributions (Figures 1 and). Lane and customerare both unambiguouslyouns,
according toCELEX, and haveBNC-spokenlexeme frequencies of 613 an@l14,
respectively However, lane is substantially higher in CD thasustomer(1.027 bits
compared with 0.524 bits). Note that the posterior distributidanefdiverges from the
prior to a greater degree than does the posterimusibmey reflecting, in partthe fact
thatlaneoccurs in a number of common collocatiosgch asacklane andfast lane
CD measures a dimension lekical variationnot captured by simple frequency of
occurrence; even thougtwo words may be matched omorpus frequency, the
frequency distribution of their co-occurring words can be very different.



RELIABILITY OF CD

A co-occurrence vector recortige distributional profile of avord in a corpusand is
therefore merely an estimate g ‘true’ distribution in unlimited naturalanguage.
Since calculation of CD depends crucially on the distributional information contained in
a sample of language, it is necessary to #sstessts reliability. Reliability addresses
the question ofreplicability using adifferent source oflata:assumingall else to be
equal, would onenbtain nearly identical C3cores for gparticularword from two
different corpora?

CD values computetbr commonwords will be more reliable thatior rare words
for the samereasonthat corpus frequency isnore reliablefor commonwords: the
larger the sample, the more accurately the population value can be estimated (the smaller
the measuremerdrror). Two separate estimates of Gbr the samehigh frequency
word will be close to the populatioralue, andwill therefore be versimilar. Because
of the unreliability of statisticbased orsmall samplesthe results of psycholinguistic
studies that use rare words as stimuli are suspect, particularly those usingismtdsof
matched oncorpus frequency (Lovelacd,988). For instance, Gernsbacher (1984)
demonstrated that low-frequenayords varied substantially in experiential (subjective)
familiarity, leading her to reinterpret theesults of severalword recognition
experiments.

It is essential to determine a practit@alver limit on the frequency ofwords for
which CD can be confidentlymeasuredReliability of the CD measure could be
estimated by comparing the current CD values obtausdg the BNC-spoken to
values computed from anotheorpus of spoken language, file same set ofords.
The correspondence between the measurements should be strongest for high-frequency
words and fade to nonsignificant levels as frequency drops.

Lacking another comparable speedrpus, wesplit the BNC-spoken in two and
calculated CD for random samples of words taken from a range of frequency intervals.
The BNC-spoken waglivided intotwo halves byalternating10,000 token chunks.
Natural log-transformed lexeme frequency in the 20bftd BNC-spokerranged from
0 to 12.963(seeTablel). Wedivided this range into 8 equally-spacedervals, and
selected a random sample D0 wordsfrom eachbin, with the constraint that the
selectedwords had to appear in both subcorporate, though,that bins 1 and 2
consisted of only 21 and 68ords, respectively. Next, wextracted co-occurrence
vectors for each word (690 in total) from both subcorpora, using a wisdewof+5,
and the 500 most frequent content words in the BNC-spoken as context words.

Next, wecalculated CCfor eachword (690 intotal) from each half of thecorpus
separately, ancestimated the reliability of COor each sampleusing Kendall's
coefficient of concordanc®/. Kendall’'sW will be highwhenthe rank orders of the
CD scoredlerived fromeachsubcorpusare similar. As expectedeliability was very
high for the bins containing the most frequent words {&d¥e 1). The significance of
the reliability score for each bin was tested with tHesbatistic. Atthe a=0.01 level of
significance the null hypothesisthat the reliabilityscores for bins 7 and @he two
lowest frequency intervals) were due to chance failed to be rejected.

What did this exercise tell us about the reliabilityGid? Clearly, the measure is the
mostreliablefor words for whichthe most corpusevidenceexists. CDcould not be
reliably measuredor wordsfalling in thetwo lowest bins. Consequently, we do not
calculate CD for words with a lexeme frequency of less than 25 occurresgtesting
its applicability to approximately 8,000 lexemes in the BNC-spoken.



EXPERIMENT 1: WORD RECOGNITION

If Contextual Distinctiveness is a psychologically vadigical property,then between-

word differences in CD value should predict differences in processing behavior. In this
experiment, we test the hypothesis that the amount of information conveyeddid a
about its contextual behavior co-varies with the effort of processing that word: the more
information aword carries about its contextie more effort is involved iprocessing

that word. Specifically, we assessthe ability of CD to accounfor subjects’
performance on a visualord recognitiontask. Recognizing the individuakords is a
necessary first step in reading and understanding a sentbega;ocess of word
recognition arguably involves retrievirthe semantic information associatetth the

word. Wehave claimed that Ceflects theprocessing effort involved in recovering
word meaning. We therefore predict that the time taken to identify a string of letters as a
valid word will vary directly with the quantity of information conveyed hiyat word

about its contexts aise. Were-analysed thelatareported by Chumbley anBalota
(1984), who employed the standard viskealcal decision(VLD) and namingasks to
produce response times for a large selection of words.

Method

Chumbley and Balota (1984) selected 144 words filterBattig and Montagu@ 969)
norms to serve astimuli in aseries of four wordecognition experiments. Of these
words, 109metour frequency-basediterion for calculating reliable CDralues (see
above). We computed CD fdinese109 words,converting seven plurdbrms totheir
canonical(singular) forms. Alandom sample of the stimulith their corresponding
CD values is presented in Table 2.

Mean VLD and naming latencies (for separate groups of 24 subjects) for these words
were supplied by Chumbley ari8hlota (1984, Appendix).Chumbley andBalota
conducted two experiments using the lexical decision table second(Experiment 3)
used nonword foilshat more closely matched tidtical lexical stimuli inlength. We
employed the response times obtained in their Experiment 3 in our analysis.

Results and Discussion

CD was positively correlated withmeanVLD latency: Pearsornr=0.475, p<0.0001.
This correlation confirmedur hypothesisghat the amount of information word
conveys about its contexts o$e ispredictive of the effort oprocessingthat word.
Words that appear in relativelyconstrained contexts have high Contextual
Distinctiveness values and tend to produce longer lexical decision latencoestiast,
words whosecontexts of usare unconstrained havew CD scoresand lesdime is
required to classify them as real English words.

CD was significantly correlated with namindatency: r=0.431, p<0.0001. The
amount of information avord conveysabout its contextual behavior is algedictive
of the effort involved inpronouncingthatword. The recognition of an isolatedord
hasbeen argued to be influenced by its meaning; CRAbise to capture the effect of
between-word differences imeaning onword recognition processes using the
completely objective source of information available in a record of language output.



CONCLUSIONS

Previous corpus-based studies (e.g. Lund & Burgess, 1996) have demonstrated that the
meaning of a word is intimately related to the linguistic contextghiich it isused. A
co-occurrence vector representatimm a word carries useful information about its
meaning, and provides amjective meangor estimating the semantic similarities and
differences betweenwords. This co-occurrence-based approach $semantic
representation constitutes reew and psychologically interesting methodology for
investigating word meaning, bapplicationthus far haseen restricted to quantifying

the relationships involving two or more words. We have probed the nature of the vector
representations themselves using tthas of informationtheory,and haveshownthat

by analysing the contextual distribution encoded woad vector, it is straightforward

to quantify the distributional differences betwegords. Wordsvary inthe amount of
information they convey about their contextsusie — in boththe intuitive sense of
informativeness and the formalathematicakense of informationThe CD measure
summarizes a word’s contextual behavior in a single number.

In this paper, wérave described idetail the rationalend methodology behind the
computation of the CDneasure, anthave empirically established feequency-based
threshold forapplication of CD. We have determined that CD measurements are not
reliable for lexemes occurririgssthan 25 times in the 10 millioword BNC-spoken,
but it is possible tocalculate CDfor some 8,000 lexemesThis number is still a
substantial portion of thdexicon, and iseasily sufficient to permit the further
experimental investigation of the role of CD in lexical processing.

We haveshownthat lexicalrepresentations constructed from simple co-occurrence
statistics contaiuseful information about aord’'s contextualbehaviour.Contextual
Distinctiveness may be readily calculated from large language corpora, and constitutes a
new dimension of lexical variation that is relevant to language processing behavior.
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Table 1.Reliability of CD for Eight Samples

Log Frequency 1st Word Sample Kendall

Bin Range in Bin N Size W X2

1 12.963-11.344  be 21 21 0.998 39.92*
2 11.343-9.724 yeah 69 69 0.996 135.42*
3 9.723-8.103  work 195 100 0.994 196.73*
4  8.102-6.483 case 810 100 0.971 192.20*
5 6.482-4.862 goal 2204 100 0.939 185.86*
6 4.861-3.242 valid 4624 100 0.789 156.21*
7 3.241-1.621 zebra 9150 100 0.566 112.07
8 1.620-0.000 zulu 28378 100 0.604 119.51

* Significant ata=0.01
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Table 2 ContextualDistinctiveness (CD) Valuef®r 10 Lexemes Randomly Selected
from Chumbley and Balota (1984)

Lexeme CD(bits)
brain 0.629
father 0.753
beer 0.908
tea 1.368
chapel 1.483
hunting 1.541
gem 2.368
ruby 2.537
tornado 2.845
tuna 3.007
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Figure 1. Prior and posterior probability distributions fane (For clarity, lines are
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1 The efficacy of the relative entropy measure to capture distributiiffexbnces othis sort haseen
shown inrelatedwork by Resnik (1993), whaised relative entropy to estimate the selectional
preferencestrength of a verb foits arguments.However, Resnik defines the prior and posterior
distributions in terms of the taxonomically-organised semantic classes WattiNetlexical database
(Miller, Beckwith, Fellbaum, Gross & Miller, 1990¥atherthan using a finite set afo-occurring
words, as is done here.

2 It is important to note that the Cleasure ismplicitly conditioned onthe parameters used when
constructing co-occurrence vector representations: window size, the selection of contexamebtis,
choice of corpus. Varying these parameter settings will yield different values of CD for thaveeaine
to a limited extent.

3 We exclude the class of function words from consideration as vector compdr@nts.is agrowing

literature on the processingnd representationaldifferences between functional and contentive
expressions (Cannin pres3, which makes distinguishing them in rmodel of lexico-semantic
representation psychologically attractivainction words can be viewed abe ‘building blocks’ of
syntax,and indeedhe use of a contextord set consisting primarily of functiowords to define the
axes of the high-dimensionapacehas led to successful induction of syntactic categorfesm

distributional statistics (e.g. Redington, Chater & Finch, 1998).
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