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Abstract

SemantidaxonomiessuchasWordNetprovide a rich sourceof knowl-
edgefor naturallanguageprocessingapplications but are expensve to
build, maintain,andextend. Motivatedby the problemof automatically
constructingand extendingsuchtaxonomiesjn this paperwe presenta
new algorithmfor automaticallylearninghyperrym (is-a)relationsfrom
text. Our methodgeneralizegarlierwork thathadrelied on usingsmall
numbersof hand-craftedegular expressionpatternsto identify hyper
nym pairs.Using“dependeng path” featuresextractedfrom parsetrees,
we introduceageneral-purpos®rmalizationandgeneralizatiorof these
patterns.Givenatraining setof text containingknown hyperrym pairs,
ouralgorithmautomaticallyextractsusefuldependengcpathsandapplies
themto new corporato identify novel pairs. On our evaluationtask(de-
terminingwhethertwo nounsin a news article participatein ahyperrym
relationship) our automaticallyextracteddatabasef hyperrymsattains
bothhigherprecisionandhigherrecallthanWordNet.

1 Intr oduction

SemantidaxonomiesandthesaurisuchasWordNet[5] area key sourceof knowledgefor

naturallanguagerocessingpplicationsandprovide structurednformationaboutseman-
tic relationsbetweenwords. Building suchtaxonomies however, is an extremely slow

andlaborintensve process.Further semantidaxonomiesareinvariably limited in scope
and domain,andthe high costof extendingor customizingthemfor an applicationhas
often limited their usefulness.Consequentlytherehasbeensigni cant recentinterestin

nding methodgor automaticalljlearningtaxonomicrelationsandconstructingsemantic
hierarchies|1, 2, 3,4, 6, 8, 9,13, 15, 17, 18, 19, 20, 21]

In this paper we build anautomaticclassi er for the hypernym/hyponymelation. A noun
X is ahyporym of anounY if X is a subtypeor instanceof Y. Thus“Shakespeare’is a
hyporym of “author” (andcorversely“author” is a hyperrym of “Shakespeare”);dog” is

ahyporym of “canine”, “desk” is a hyporym of “furniture”, andsoon.

Much of the previous work on automaticsemanticaclassi cation of wordshasbeenbased
onakey insight rst articulatedby Hears{8], thatthe presencef certain“lexico-syntactic
patterns’canindicatea particularsemantiagelationshipbetweertwo nouns.Hearsmoticed
that, for example,linking two noun phrasegNPs)via the constructions'Such NPy as
NP x ", or“NP x andotherNPy ", oftenimpliesthatNP x isahyporymof NPy , i.e.,that
NP x isakind of NPy . Sincethen,severalresearchersave usedasmallnumber(typically

lessthanten)of hand-crafteghatterndik e theseto try to automaticallylabelsuchsemantic



relationd1, 2,6, 13, 17, 18]. While thesepatterndrave beensuccessfuhtidentifyingsome
examplesof relationshipdik e hyperrnymy, this methodof lexicon constructionis tedious
andseverelylimited by the smallnumberof patterngypically employed.

Our goal is to usemachinelearningto automaticallyreplacethis hand-luilt knowledge.
We rst useexamplesof known hyperrym pairsto automaticallyidentify large numbersof

usefullexico-syntacticpatternsandthencombinethesepatternsusinga supervisedearn-
ing algorithmto obtaina high accurag hyperrym classi er. More precisely our approach
is asfollows:

1. Training:

(a) Collect noun pairs from corpora,identifying examplesof hyperrym pairs
(pairsof nounsin a hyperrym/hyporym relation)usingWordNet.

(b) Foreachnounpair, collectsentences which bothnounsoccut

(c) Parsethesentencesandautomaticallyextractpatternsrom the parsetree.

(d) Trainahyperrym classi er basedn thesefeatures.

2. Test:

(a) Givena pairof nounsin thetestset,extractfeaturesandusethe classi er to
determindf thenounpairis in the hyperrym/hyporym relationor not.

Therestof thepaperis structuredasfollows. Section2 introducesour methodfor automat-
ically discovering patternsndicative of hyperrymy. Section3 thendescribeghe setupof

our experiments.In Section4 we analyzeour featurespaceandin Section5 we describe
aclassi er usingthesefeatureghatachieveshigh accurag on thetaskof hyperrym iden-
ti cation. Section6 shows how this classi er canbeimproved by addinga nev sourceof

knowledge,coordinateerms.

2 Representinglexico-syntacticpatterns with dependencypaths

The rst goal of our work is to automaticallyidentify lexico-syntacticpatternsndicative

of hyperrymy. In orderto do this, we needa representatiorspacefor expressingthese
patterns.We proposethe useof dependencpathsasa general-purposérmalizationof

the spaceof lexico-syntacticpatterns. Dependeng pathshave beenusedsuccessfullyin

the pastto representexico-syntactiaelationssuitablefor semantigrocessing11].

A dependeng parserproducesa dependeng tree that representshe syntacticrelations
betweerwordsby alist of edgetuplesof theform:

(word; ;CATEGORY 1:RELATION:CATEGORY 5, word,). In this formulationeachword is
thestemmedorm of theword or multi-word phrasgsothat“authors” becomes author’),
and correspondgso a speci ¢ nodein the dependeng tree; eachcategory is the part of
speecHhabel of the correspondingvord (e.g., N for nounor PREP for preposition);and
the relation is the directedsyntacticrelationshipexhibited betweenword; andword,
(e.g.,0BJ for object,moD for modi er, or conJ for conjunction),and correspondso a
speci c link in thetree.We maythende ne our spaceof lexico-syntactigpatterngo beall
shortesipathsof four links or lessbetweenary two nounsin a dependengtree. Figurel
shavsthepartialdependengtreefor thesentencéragment”...suchauthorsasHerrickand
Shalespearefeneratedby the broad-ceeragedependengcparseMINIPAR [10].

-N:mod:Prep -Prep:pcomp-n:N

-N:conj:N

-Prep:pcomp-n:N

Figurel: MINIPAR dependengctreeexamplewith transform



NP x andotherNP v : (andU:PuNc:N),-N:coNJ:N, (other,A:moOD:N)

NP x orotherNPy : (or,U:PUNC:N),-N:CONJ:N, (other,A:MOD:N)

NPy suchasNP : N:PCcOMP-N:PREP,sud_as,sub_asPREP:MOD:N

SuchNPvy asNP : N:PcoMP-N:PREP,as,asPREP:MOD: N, (sut,PREDET:PRE:N)

NPy includingNP x : N:oBJ:V includeincludeV:i:C,dummynodedummynodeC:REL:N
NPy , especialyNP x :  -N:APPO:N,(especiallyA:APPO-MOD:N)

Tablel: Dependeng pathrepresentationsf Hearsts patterns

We thenremove the original nounsin the nounpair to createa moregeneralpattern.Each
dependencpathmaythenbepresentedsanorderedist of dependengctuples.We extend
this basicMINIPAR representatiom two ways: rst, we wishto capturethefactthatcer
tainfunctionwordslik e “such” (in “suchNP asNP”) or “other” (in “NP andotherNP”) are
importantpartsof lexico-syntacticpatterns. We implementthis by addingoptional“satel-
lite links” to eachshortestpath,i.e., singlelinks not alreadycontainedn the dependenc
pathaddedon eithersideof eachnoun. Secondwe capitalizeon the distributive natureof
the syntacticconjunctionrelation (nounslinked by “and” or “or”, or in comma-separated
lists) by distributing dependenglinks acrosssuchconjunctions.For example,in the sim-
ple 2-memberconjunctionchainof “Herrick” and“Shakespeare’in Figurel, we addthe
entrancdink “as -PrRepP:pPcOMP-N:N” to the single element‘Shakespeare’(asa dotted
line in the gure). Our extendeddependeng notationis ableto capturethe power of the
hand-engineerepatterngdescribedn theliterature.Table1 showvs thesix patternausedin
[1, 2, 8] andtheir correspondinglependengc pathformalizations.

3 Experimental paradigm

Our goalis to build a classi er which, when given an orderedpair of nouns,makesthe
binarydecisionof whetherthe nounsarerelatedby hyperrymy.

All of our experimentsare basedon a corpusof over 6 million nevswire sentences. We
rst parsedeachof the sentencei the corpususingMINIPAR. We extractevery pair of
nounsfrom eachsentence.

752,3110f the resultinguniqguenoun pairswere labeledas Known Hyperrym or Known
Non-Hyperiym usingWordNet? A nounpair (n;; n;) is labeledknown Hyperrym if n;
is anancestoof the rst senseof n; in the WordNethyperrym taxonomy andif the only
“frequently-used® senseof eachnounis the rst nounsensdistedin WordNet. Note that
n; is considere@hyperrym of n; regardlesof how muchhigherin thehierarcly it is with
respecto n;. A nounpair may be assignedo the secondsetof Known Non-Hyperiym
pairsif both nounsare containedwithin WordNet, but neithernounis an ancestorof the
otherin the WordNethyperrym taxonomyfor ary sense®f eithernoun. Of our collected
noun pairs, 14,387were Known Hyperrym pairs, and we assignthe 737,924most fre-
guentlyoccurringKnown Non-Hypertym pairsto the secondset; this numberis selected
to presere the roughly 1:50 ratio of hyperrym-to-non-typerrym pairs obsered in our
hand-labeledestset(discussedbelow).

We evaluatedour binaryclassi ersin two ways. For both setsof evaluationspur classi er
wasgivena pair of nounsfrom anunseersentencandhadto make a hyperrym vs. non-
hyperrym decision. In the rst style of evaluation,we comparedhe performanceof our
classi ersagainstthe Known Hyperrym versusknown Non-Hypertym labelsassignedy

1The corpuscontainsarticlesfrom the AssociatedPress Wall StreetJournal,and Los Angeles
Times, drawvn from the TIPSTER 1, 2, 3, and TREC 5 corpora[7]. Our mostrecentexperiments
(presentedn Section6) include articlesfrom Wikipedia (a popularweb eng/clopedia),extracted
with thehelpof TeroKarvinen's Tero-dumpsoftware.

2\We accessVordNet2.0via JasorRennies WordNet::QueryDatinterface.

3A nounsensas determinedo be“frequently-used'if it occursatleastoncein thesense-tagged
Brown CorpusSemanticConcordanceles (asreportedin the cntlist le distributedaspart of
WordNet2.0). This determinatioris madeso asto reducethe numberof falsehyperrym/hyporym
classi cationsdueto highly polysemousiouns(nounswhich have multiple meanings).
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Figure2: Hyperrym pre/refor all features Figure3: Hyperrym classi ers

WordNet. This providesa metricfor how well our classi ersdo at “recreating”WordNet's
judgments.

For the secondset of evaluationswe hand-labeled test set of 5,387 noun pairs from
randomly-selectegaragraphsvithin our corpus(with part-of-speechabelsassignedy
MINIPAR). The annotatorswere instructedto label eachorderednoun pair as one of
“hyporym-to-hyperrym”, “hyperrym-to-hyporym”, “coordinate”,or “unrelated” (the co-
ordinaterelationwill be de ned in Section6). As expected,the vast majority of pairs
(5,122)werefoundto be unrelatedby thesemeasuresthe restwere split evenly between

hyperrym andcoordinatepairs(134and131,resp.).

Interannotatomgreementvas obtainedbetweenfour labelers(all native spealers of En-
glish) on a setof 511 nounpairs,anddeterminedor eachtaskaccordingto the averaged
F-Scoreacrossall pairsof thefour labelers.Agreementvas83% and64% for the hyper
nym andcoordinategermclassi cationtasks respectrely.

4 Features: pattern discovery

Our rst studyfocusedondiscoreringwhichdependengpathsmightprove usefulfeatures
for our classi ers. We createda featurelexicon of 69,592dependeng paths,consistingof
every dependengpaththatoccurredbetweeratleast ve uniquenounpairsin our corpus.
To evaluatethesefeatureswe constructecbinaryclassi er for eachpatternwhich simply
classi esanounpairashyperrym/hyporym if andonly if thespeci ¢ patternoccursatleast
oncefor thatnounpair. Figure2 depictstheprecisionandrecallof all suchclassi ers(with
recallatleast.0015)on the WordNet-labelediataset? Usingthis formalismwe have been
able to capturea wide variety of repeatablgatternsbetweenhyperrym/hyporym noun
pairs;in particular we have beenableto rediscarer the hand-designegatternsoriginally
proposedn [8] (the rst ve featuresmarked in redy, in additionto a numberof new
patternsnot previously discussedof which four are marked as blue trianglesin Figure
2 andlistedin Table2. This analysisgivesa quantitatve justi cation to Hearsts initial
intuition asto the power of hand-selectegatternsnearlyall of Hearsts patternsareatthe
high-performanc&oundaryof precisionandrecallfor individual features.

NP v likeNPx : N:pPcomP-N:PREP,like,like,PREP:MOD:N
NP v calledNP x : N:DEsc:V ,call,call,V:VREL:N
NPx isaNPy: N:s:VBE,bebe-VBE:PRED:N

NP x ,aNPy (appositre): N:APPO:N
Table2: Dependeng pathrepresentationsf otherhigh-scoringpatterns

“Redundanteaturesconsistingof anidenticalbasepathto anidenti ed patternbut differing only
by anadditional“satellitelink” aremarkedin Figure2 by smallerversionsof the samesymbol.

>We mark the single generalized conjunctionother” pattern-N:conJ:N, (other,A:MoD:N) to
represenbothof Hearsts original “and other” and“or other” patterns.



BestLogistic RegressionBuckets): 0.3480
BestLogistic RegressionBinary):  0.3200

BestMultinomial Naive Bayes: 0.3175
BestComplementNaive Bayes: 0.3024
HearstPatterns: 0.1500
“And/Or Other” Pattern: 0.1170

Table3: AveragemaximumF-scoredor crossvalidationon WordNet-labeledraining set

5 A hypernym-only classi er

Our rst hyperrym classi er is basedon the intuition that unseennoun pairs are more
likely to be a hyperrym pairif they occurin thetestsetwith oneor morelexico-syntactic
patternsfound to be indicative of hyperrymy. We recordin our noun pair lexicon each
nounpair thatoccurswith atleast ve uniquepathsfrom our featurelexicon discussedn

the previous section.We thencreatea featurecountvectorfor eachsuchnounpair. Each
entryof the69,592-dimensionectorrepresenta particulardependengcpath,andcontains
the total numberof timesthatthat pathwasthe shortesipathconnectinghatnounpairin

somedependengtreein our corpus.Wethusde ne asourtaskthebinaryclassi cationof

anounpairasahyperrym pair basednits featurevectorof dependengpaths.

We usethe WordNet-labeledKnown Hyperrym / Known Non-Hypertym training setde-
ned in Section3. We train a numberof classi erson this dataset,including multinomial
Naive Bayes,complemeniNaive Bayes[16], andlogistic regression.We perform model
selectionusing 10-fold crossvalidationon this training set, evaluatingeachmodelbased
on its maximumF-Scoreaveragedacrossall folds. The summaryof averagemaximum
F-scoress presentedn Table 3, andthe precision/recalplot of our bestmodelsis pre-
sentedn Figure3. For comparisonwe evaluatetwo simpleclassi ersbasedn pastwork
usingonly a handfulof hand-engineerefiaturesithe rst simply detectshe presencef
at leastone of Hearsts patterns,arguably the previous bestclassi er consistingonly of
lexico-syntacticpatternsandasimplementedor hyperrym discovery in [2]. The second
classi er consistsof only the “NP and/orother NP” subsetof Hearsts patterns,asused
in the automaticconstructionof a noun-labelechyperrym taxonomyin [1]. In our tests
we found greatesperformancdrom a binarylogistic regressiormodelwith 14 redundant
thresholdbuckets spacedat the exponentiallyincreasingntenalsf 1; 2; 4; :::4096 8192;
our resultingfeaturespaceconsistsof 974,288distinctbinary features. Thesebucketsare
de ned suchthat a featurecorrespondingo patternp at thresholdt will be actvatedby
a nounpair n if andonly if p hasbeenobsenredto occurasa shortestdependeng path

betweem atleastt times.

Our classi er shavs a dramaticimprovementover previous classi ers;in particular using
our bestlogistic regressionclassi er trained on newswire corpora,we obsene a 132%
relative improvementof averagemaximumF-scoreover the classi er basedon Hearsts
patterns.

6 Using coordinate terms to impr ove hypernym classi cation

While our hyperrym-only classi er performedbetterthan previous classi ers basedon
hand-ilt patternsthereis still muchroomfor improvement.As [2] pointsout, oneprob-
lem with pattern-basetiyperrym classi ersin generalis that within-sentencéiyperrym
patterninformationis quitesparse Patternsareusefulonly for classifyingnounpairswhich
happerto occurin the samesentencemary hyperrym/hyporym pairsmay simply not oc-
cur in the samesentencén the corpus.For this reason2], following [1] suggestselying
on a secondsourceof knowledge: “coordinate” relationsbetweennouns. The WordNet
glossaryde nescoodinatetermsas“nounsor verbsthathave the samehyperrym”. Here
we treatthe coordinaterelationasa symmetricrelationthat exists betweertwo nounsthat
shareat leastone commonancestotin the hyperrym taxonomy and are therefore“the
samekind of thing” at somelevel. Many methodsexist for inferring thattwo nounsare
coordinateterms (a commonsubtaskin automaticthesaurusnduction). We expectthat



InterannotatoAgreement: 0.6405
Distributional Similarity VectorSpaceModel: 0.3327
ThresholdedConjunctionPatternClassi er: 0.2857
BestWordNetClassi er: 0.2630

Table4: Summaryof maximumF-scoren hand-labeledoordinatepairs
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usingcoordinateénformationwill increaseherecallof our hyperrym classi er: if we are
con dentthattwo nounsn;, n; arecoordinateterms,andthatn; is a hyporym of ny, we
maytheninfer with higherprobabilitythatn; is similarly a hyporym of n,—despitenever
having encounterethe pair (n;, ny) within asinglesentence.

6.1 Coordinate Term Classi cation

Priorwork for identifying coordinatd¢ermsincludesautomatiovord senseclusteringmeth-
odsbasedndistributional similarity (e.g.,[12, 14]) or onpattern-basetkchniquesspecif-
ically usingthe coordinationpattern“X, Y, andZ” (e.g.,[2]). We constructbothtypesof
classi er. Firstwe constructa vectorspacemodelsimilar to [12] usingsingle MINIPAR
dependeng links asour distributional feature$®. We usethe normalizedsimilarity score
from this modelfor coordinateermclassi cation. We evaluatethis classi er on our hand-
labeledtestset,whereof 5,387total pairs,131 arelabeledas“coordinate”. For purposes
of comparisorwe constructa seriesof classi ersfrom WordNet,which make the binary
decisionof determiningwvhethertwo nounsarecoordinateaccordingo whetherthey share
a commonancestomwithin k nounshigherup in the hyperrym taxonomyfor all k from 1
to 6. Also, we comparea simplepattern-basedlassi er basedon the conjunctionpattern,
whichthresholdsimply onthenumberof conjunctionpatterndoundbetweera givenpair.
Resultsof this experimentareshavn in Table4 andFigure4.

The strongperformanceof the simple conjunctionpatternmodel suggestghatit may be
worth pursuinganextendedpattern-basedoordinateclassi er alongthelinesof ourhyper
nym classi er; for now, we proceedwith our distributional similarity vectorspacemodel
(with a 16%relative F-scoreimprovementover the conjunctionmodel)in the construction
of acombinedhyperrym-coordinatehybrid classi er.

6.2 Hybrid hypernym-coordinate classi cation
We now combineour hyperrym andcoordinatemodelsin orderto improve hyperrym clas-
si cation. We de ne two probabilitiesof pair relationshipshetweemouns: P (n; : nj),

5\We usethe same6 million MINIPAR-parsedsentencesisedin our hyperrym training set. Our
featurelexicon consistof the 30,000mostfrequentoun-connectedependencedges We construct
featurecountvectorsfor eachof the mostfrequentlyoccurring163,198individual nouns.As in [12]
we normalizethesefeaturecountswith pointwisemutualinformation,andcomputeasour measure
of similarity the cosinecoefcient betweerthesenormalizedvectors.



InterannotatoAgreement: 0.8318
TREC+WKkipediaHyperrym-only Classi er (Logistic Regression): 0.3592
TRECHybrid LinearInterpolationHyperrym/CoordinateModel: 0.3268

TRECHyperrym-only Classi er (Logistic Regression): 0.2714
BestWordNetClassi er: 0.2339
HearstPatternsClassi er: 0.1417
“And/Or Other” PatternClassi er: 0.1386

Table5: MaximumF-Scoreof hyperrym classi erson hand-labeledestset

representinghe probability thatnounn; hasn; asanancestoin its hyperrym hierarcly,
andP (n; c n; ), the probabilitythatnounsn; andn; arecoowinateterms i.e., thatthey

sharea commonhyperrym ancestoiat somelevel. De ning the probability producedoy
our besthyperrym-only classi er asPqq(n; ﬁ n; ), andaprobability obtainedoy normal-

izing the similarity scorefrom our coordinateclassi er asP (n; c n;), we applyasimple

linearinterpolationschemeo computeanew hyperrymy probability Speci cally, for each
pair of nouns(n;; nyx), we recomputehe probabililt:}/thatnk is ahyperrym of n; as?’

Prew (Ni < i) /- 1Paia(Ni < i) + 2 PN nj)Poia(ny < i)

7 Results

Our hand-labelediatasetllows usto compareour classi erswith WordNetandthe pre-
viousfeature-basethethodsnow usingthe humanlabelsasgroundtruth. Figure5 shavs
the performancenf eachmethodin a precision/recalplot. We evaluatedseveralclassi ers
basedon the WordNethyperrym taxonomy? The bestWordNet-basedesultsare plotted
in Figure5. Our logistic regressionhyperrym-only modeltrainedon the newvswire cor

porahasa 16% relatve F-scoreimprovementover the bestWordNetclassi er, while the
combinedhyperrym/coordinatenodelhasa 40%relative F-scoreimprovement.Our best-
performingclassi er is a hyperrym-only modeladditionallytrainedon the Wikipediacor

pus,with anexpandedeaturelexicon of 200,000dependengpaths;this classi er shavs a
54%improvementover WordNet.In Table5 we list themaximumF-scoreof eachmethod.
In Table 6 we analyzethe disagreementbetweenthe highestF-scoreWordNetclassi er
andour combinechyperrym/coordinateclassi er.®

8 Conclusions

Our experimentsdemonstratehat automaticmethodscan be competitve with WordNet
for theidenti cation of hyperrym pairsin newswire corpora. In future work we will use
the presentednethodto automaticallygeneratee xible, statistically-groundedhyperrym
taxonomiedirectly from corpora. Thesetaxonomieswill be madepublicly available to
complementxisting semantiaesources.

"We constrairourparameters;, » suchthat 1+ » = 1; wesettheseparameterssing10-fold
cross-alidationon our hand-labeledestset. For our nal evaluationweuse 1 = 0:7.

8We tried all combinationf the following parametersthe maximumnumberof sensesf a hy-
porym for whichto nd hyperryms,the maximumdistancebetweerthe hyporym andits hyperrym
in theWordNettaxonomyandwhetheror notto allow synoryms. TheWordNetmodelachiezing the
maximumF-scoreusesonly the rst senseof a hypornym andallows a maximumdistanceof 4 links
betweera hyporym andhyperrym.

®Thereare31 suchdisagreementsyith WordNetagreeingwith thehumanlabelson 5 andour hy-
brid modelagreeingontheother26. We additionallyinspecthetypesof nounpairswhereour model
improvesuponWordNet,and nd thatat least30% of our models improvementsarenot restricted
to NamedEntities;giventhatthedistribution of NamedEntitiesamongthelabeledhyperrymsin our
testsetis over 60%, this givesus hopethatour classi er will performwell atthetaskof hyperrym
inductionevenin moregeneralnon-navswiredomains.



Typeof NounPair  Count ExamplePair

NE: Person 7 “JohnF. Kennedy president”‘Marlin Fitzwater/ spolkesman”
NE: Place 7 “DiamondBar/ city”, “France/ place”

NE: Compary 2 “AmericanCan/ compary”, “Simmons/ compary”

NE: Other 1 “Is Elvis Alive/ book”

Not NamedEntity: 9 “earthquale/ disaster”,“soybearv crop”

Table6: Analysisof improvementsover WordNet
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