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Abstract

Graph-basedemi-superviselkarninghas
recentlyemegedasa promisingapproach
to data-sparséearningproblemsin natu-
ral languageprocessing.All graph-based
algorithmsrely onagraphthatjointly rep-
resentdabeledandunlabeleddatapoints.
The problemof how to bestconstructhis
graphremainslargely unsohed. In this
paperwe introducea data-drven method
that optimizesthe representatiorof the
initial feature spacefor graph construc-
tion by meansof a supervisedclassi er.
We apply this techniquein the frame-
work of label propagationand evaluate
it on two different classi cation tasks,a
multi-classlexicon acquisitiontaskanda
word sensadisambiguatiortask. Signi -
cantimprovementsaredemonstratedver
bothlabelpropagatiorusingcorventional
graphconstructiorandstate-of-the-arsu-
pervisedclassi ers.

1 Introduction

Natural LanguageProcessing(NLP) applications
bene t from the availability of large amountsof an-
notateddata. However, suchdatais often scarce,
particularly for non-mainstreanlanguages. Semi-
supervisedearningaddressethis problemby com-
bining large amountsof unlabeleddatawith a small
set of labeleddatain order to learn a classi ca-
tion function. One classof semi-supervisetearn-
ing algorithmsthat hasrecentlyattractedincreased

Katrin Kirchhoff
Dept. of Electrical Engineering
University of Washington
Seattle, WA 98195

katrin@ee.washington.edu

interestis graph-basedearning. Graph-basetiech-
niguesrepresentabeledand unlabeleddatapoints
asnodesin a graphwith weightededgesencoding
the similarity of pairs of samples. Varioustech-
niguesare then available for transferringclassla-

belsfrom the labeledto the unlabeleddatapoints.
Theseapproachebave shavn goodperformancen

casesvherethedatais characterizethy anunderly-
ing manifoldstructureandsamplesarejudgedto be
similar by local similarity measures However, the
questionof how to bestconstructhe graphforming

the basisof the learningproceduras still anunder

investigatedresearctproblem. NLP learningtasks
presenadditionalproblemssincethey oftenrely on

discreteor heterogeneoufeaturespacedor which

standardsimilarity measuregsuchas Euclideanor

cosinedistancearesuboptimal.

We proposea two-passdata-drven techniquefor
graphconstructiorin the framework of labelpropa-
gation(Zhu, 2005). First, we usea supervisedlas-
si er trainedon the labeledsubseto transformthe
initial featurespace(consistingof e.g.lexical, con-
textual, or syntacticfeaturesjnto a continuousep-
resentationn theform of softlabelpredictions.This
representations then usedas a basisfor measur
ing similarity amongsamplesthat determinesthe
structureof the graphusedfor the second,semi-
supervisedearningstep.It is importantto notethat,
ratherthansimply cascadinghe supervisedndthe
semi-supervisetearney we optimizethe combina-
tion with respectto the propertiesrequiredof the
graph. We presentseveral techniquedor suchop-
timization, including regularizationof the rst-pass
classi er, biasingby classpriors, andlinear combi-



nationof classi er predictionswith knowvn features.

The proposedapproactis evaluatedon a lexicon
learningtask using the Wall StreetJournal(WSJ)
corpus,and on the SENSEMAL-3 word sensedis-
ambiguationtask. In both casesour techniquesig-
ni cantly outperformsour baselinesystems(label
propagatiorusing standardgraph constructionand
discriminatvely trainedsupervisecatlassi ers).

2 Background

Several graph-basedearning techniqueshave re-
cently beendevelopedand appliedto NLP prob-
lems: minimum cuts(PangandLee,2004),random
walks (Mihalcea, 2005; Otterbacheret al., 2005),
graph matching(Haghighiet al., 2005), and label
propagation(Niu et al., 2005). Here we focuson
labelpropagatiorasa learningtechnique.

2.1 Label propagation

ThebasidabelpropagatiorfLP) algorithm(Zhuand
Ghahramani2002;Zhu, 2005)hasasinputs:

wherex; aresamplegfeaturevectorsjandy; 2
f1;2;:.:;Cgaretheircorrespondindgabels;

adistancemeasurel(i; j) i;j 2 f1;:::Ngde-
ned onthefeaturespace.

the unlabeledset. The algorithmrepresentsll N
datapointsasverticesin an undirectedgraphwith
weightededges.Initially, only the knovn dataver
ticesarelabeled. The edgelinking verticesi andj
hasweight:

d(i; j)?

) ()
where isahyperparametdhatneedso beempir
ically choseror learnedseparatelyw;; indicateshe
labelaf nity of vertices:thelargerwj; is, themore
likely it is thati andj have thesamelabel. TheLP
algorithmconstructaarow-normalizedN N tran-
sition probabilitymatrix P asfollows:

Py = P(i! j)= Pl — )
k=1 Wik

The algorithmprobabilisticallypushedabelsfrom
thelabelednodedo theunlabelechodes.Todoso, it
de nesthen C hardlabelsmatrixY andtheN C
softlabelsmatrixf , whoserst n rows areidentical
to Y. Thehardlabelsmatrix Y is invariantthrough

Wijj = exp

thealgorithmandis initialized with probability 1 for
theknown labelandO for all otherlabels:

Yic = (¥i;C) (3)
where is Kronecler's deltafunction. The algo-
rithm iteratesasfollows:
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2. 19

[rows 1 to n]
3.1ff9%= f, stop
4.f 0
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In eachiteration, step 2 x es the known labels,

which might otherwisebe overridenby propagated

labels. The resulting labels for each feature x;,

Y

li = argmaxf 4
j=1;:C

It is importantthat the distancemeasurds locally
accurate,i.e. nodesconnectedby an edgewith a
high weightshouldhave the samelabel. The global
distances lessrelevant sincelabel informationwill
bepropagatedrom labeledpointsthroughtheentire
space.This is why LP works well with alocal dis-
tancemeasurehat might be unsuitableasa global
distancemeasure.

Applicationsof LP include handwritingrecogni-
tion (Zhu and Ghahramani2002), image classi -
cation (Balcan et al., 2005) and retrieval (Qin et
al., 2005),andproteinclassi cation (Westonet al.,
2003). In NLP, label propagatiorhasbeenusedfor
word sensadisambiguatior(Niu et al., 2005),doc-
umentclassi cation (Zhu, 2005), sentimentanaly-
sis (Goldbeg and Zhu, 2006), and relation extrac-
tion (Chenetal., 2006).

2.2 Graph construction

One of the main problemsin LP, aswell asother
graph-basetkarningtechniquesis how to bestcon-
structthe graph. Currently graphconstruction®is

moreof anartthanscience”(Zhu, 2005). Typically,

edgeweightsare derived from a simple Euclidean
or cosinedistancemeasureregardlesof the nature
of the underlyingfeatures. Edgesare then estab-
lished either by connectingall nodes,by applying
a singleglobalthresholdto the edgeweights,or by
connectingeachnodeto its k nearesheighborsac-
cordingto the edgeweights.This procedurés often
suboptimal:Euclideandistancerelieson a modelof

normally distributedi.i.d. randomvariables;cosine



distancelikewise assumeshat the differentfeature
vectordimensionsareuncorrelatedHowever, mary

applications, particularly in NLP, rely on feature
spaceswith correlateddimensions.Moreover, fea-
turesmay have differentrangesanddifferenttypes
(e.g. continuous,binary multi-valued), which en-
tails the needfor normalizationbinning,or scaling.
Finally, commondistancemeasureslo not take ad-
vantageof domainknowledgethat might be avail-

able.

Someattemptshave beenmadeat improving the
standardmethod of graph construction. For in-
stance,in a faceidenti cation task (Balcanet al.,
2005),domainknowledgewasusedto identify three
different edge setsbasedon time, color and face
featuresassociatingdifferenthyperparametewith
each.Theresultinggraphwasthencreatedy super
posingedgesets.Zhu (Zhu, 2005,Ch. 7) describes
graph constructionusing separate hyperparame-
tersfor eachfeaturedimensionandpresents data-
drivenway (evidencemaximization)or learningthe
valuesof the parameters.

3 Data-driven graph construction

Unlike previous work, we proposeto optimize the
featurerepresentatiorusedfor graph construction
by learningit with a rst-pass supervisedclassi-
er. Underthis approachsimilarity of sampless

de ned assimilarity of the outputvaluesproduced
by a classi er appliedto the original featurerepre-
sentationof the samples. This idea bearssimilar

ity to classi er cascading(Alpaydin and Kaynak,
1998), whereclassi ers are trained arounda rule-

exceptiongparadigmhowever, in our casetheclas-
si ers work togetherthe rst actingasajointly op-

timizedfeaturemappingfunctionfor the second.

1. Traina rst-passsupervisedlassi er thatout-
puts soft label predictions Z; for all sam-
plesi 2 f1;:::Ng, e.g.a posteriorprob-
ability distribution over tamget labels: Z; =

2. Apply postprocessintp Z; if needed.
3. UsevectorsZ; andanappropriatelychoserdis-
tancemeasuredo constructa graphfor LP.
4. Performlabelpropagatiorover the constructed
graphto nd thelabelingof thetestsamples.
Theadwantage®f this procedureare:
Uniform range and type of features: The out-

put from a rst-pass classi er can producewell-
de ned features.e.g. posteriorprobability distribu-
tions. This eliminatesthe problemof input features
of differentrangesandtypes(e.g.binary vs. multi-
valued,continuousvs. cateyorical attributes)which
areoftenusedin combination.

Feature postprocessing. The transformationof
featuresinto a different spacealso opensup pos-
sibilities for postprocessinge.g. probability distri-
bution warping) dependingon the requirementof
the second-paskearner In addition, differentdis-
tancefunctions (e.g. those de ned on probability
spacestanbeusedwhichavoidsviolatingassump-
tionsmadeby metricssuchasEuclideanandcosine
distance.

Optimizing class separation: The learnedrepre-
sentationof labeledtraining samplesmight reveal
betterclustersn the datathanthe original represen-
tation: adiscriminatvely-trainel rst passclassi er
will attemptto maximizethe separatiorof samples
belongingto differentclasses.Moreover, the rst-
passclassi er may learn a feature transformation
thatsuppressesoisein the original input space.

Dif culties with the proposedapproachmight arise
when the rst-pass classi er yields con dent but

wrong predictionsespeciallyfor outlier samplesn

the original space. For this reason,the rst-pass
classi er and the graph-basedearner should not
simply be concatenatedvithout modi cation, but

the rst classi er shouldbe optimizedwith respect
to the requirement®f the second.In our case the
choiceof rst-passclassi er andjoint optimization
techniquesiredeterminedy the particularlearning
taskandaredetailedbelow.

4 Tasks

4.1 Lexicon acquisition task

Our rst taskis a part-of-speectfPOS)lexicon ac-
quisitiontask,i.e. the labelsto be predictedarethe
setsof POStagsassociateavith eachwordin alex-
icon. Notethatthisis not ataggingtask: we arenot
attemptingto identify the correctPOSof eachword
in runningtext. Rathey for eachword in the vocab-
ulary, we attemptto infer the setof possible POS
tags. Our choiceof this taskis motivated by our
long-termgoal of applyingthis techniqueto lexicon
acquisitionfor resource-poolanguagesPOSlexi-



consare oneof the mostbasiclanguageresources,
which enablesubsequentraining of taggerschun-
kers,etc. We assuméhatasmallsetof wordscanbe
reliablyannotatedandthatPOS-set$or theremain-
ing wordscanbeinferredby semi-supervisetkarn-
ing. Ratherthanchoosingagenuinelyresource-poor
languagdor thistask,we usethe Englishwall Street
Journal(WSJ) corpusandarti cially limit the size
of thelabeledset. Thisis becauséhe WSJcorpusis
widely obtainableandallows easyreplicationof our
experiments.

We usesections0-18 of the Wall StreetJournal
corpus(N = 44;492. Wordshave betweenl and
4 POStags,with an averageof 1.1 perword. The
numberof POStagsis 36, andwe treatevery POS
combinationasa unigueclassresultingin C = 158
distinctlabels. We usethreedifferentrandomlyse-
lectedtraining setsof varioussizes: 5000, 10000,
and15000words,representingboutl1%,22%,and
34%of theentiredatasetrespecirely; therestof the
datawasusedfor testing. In orderto avoid experi-
mentalbias, we run all experimentson ve differ-
entrandomlychosenabeledsubsetsandreportav-
eragesandstandarddeviations. Dueto the random
samplingof the datait is possiblethat somelabels
never occurin the training setor only occuronce.
We train our classi ersonly onthoselabelsthatoc-
curatleasttwice,whichresultsn 60-63classesLa-
belsnot presenin thetrainingsetwill thereforenot
behypothesizeéndareguaranteetb beerrors.We
deletesampleswith unknavn labelsfrom our unla-
beledsetsincetheir percentagés lessthan0.5%on
average.

We usethe following featuresto represensam-
ples:

Integer: thethree-lettessufx of theword;
Integer: Thefour-lettersufx of theword;
Integer  4: Theindicesof the four mostfre-
guentwordsthatimmediatelyprecedeheword
in the WS Jtext;
Boolean:word containscapitalletters;
Boolean:word consistonly of capitalletters;
Boolean:word containsdigits;
Boolean:word containsa hyphen;
Boolean: word containsother specialcharac-
ters(e.g.“&").
We have alsoexperimentedvith shortersufx esand
with pre xes but thosefeaturestendedto degrade

performance.

4.2 SENSEMAL-3 word senseadisambiguation
task

Thesecondaskis word sensalisambiguatiorusing
the SENSEMAL-3 corpus(Mihalceaetal., 2004),to
enablea comparisorof our methodwith previously
publishedresults. The goalis to disambiguatehe
differentsense®f eachof 57 wordsgiven the sen-
tenceswithin whichthey occur Thereare7860sam-
plesfor training and 3944 for testing. In line with
existing work (LeeandNg, 2002;Niu etal., 2005),
we usethefollowing features:
Integer 7. seren featuresconsistingof the
POSof the previous threewords, the POS of
the next threewords,andthe POSof the word
itself. We usedthe MXPOST tagger(Ratha-
parkhi,1996)for POSannotation.
Integer h variablelengthi: abagof all words
in the surroundingcontext.
Integer  15: Local collocationsCj; (i, j are
the boundsof the collocationwindow)—word
combinationdrom the context of the word to
disambiguateln additiontothel1 collocations
usedin similar work (Lee andNg, 2002), we
alsousedC 3:1, C 3:2, C 2:3, C 1:3-
Notethatsyntactideatureswhichhave beenusedn
someprevious studieson this datase{Mohammad
andPedersern2004),werenotincluded.We applya
simplefeatureselectionmethod:a featureX is se-
lectedif the conditionalentropy H (Y jX) is above
a x edthreshold(1 bit) in thetrainingset,andif X
alsooccursin the testset(notethat no label infor-
mationfrom thetestdatais usedfor this purpose).

S Experiments

For bothtaskswe comparehe performancef a su-
pervisedclassi er, labelpropagatiorusingthe stan-
dardinput featuresand either Euclideanor cosine
distance,andLP usingthe outputfrom a rst-pass
supervisedlassi er.

5.1 Lexicon acquisition task

5.1.1 First-passclassi er

For this task, the rst-pass classi er is a multi-
layer perceptron(MLP) with the topology shavn
in Fig. 1. The input featuresare mappedto con-
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Figure 1: Architecture of first-pass supervised classifier (MLP)
for lexicon acquisition

tinuousvalueshy a discrete-to-contimus mapping
layer M, which is itself learnedduring the MLP
training process.This layer connectgo the hidden
layer h, which in turn is connectedo the output
layero. Theentirenetwork is trainedvia backprop-
agation. The training criterion maximizesthe regu-

larizedlog-likelihoodof thetrainingdata:
X

L= 1" logPyixi )+ R() ()
t=1

The useof an additionalcontinuousmappinglayer
is similar to the useof hiddencontinuousword rep-
resentationg neurallanguagemodeling(Bengioet
al., 2000) andyields betterresultsthan a standard
3-layerMLP topology

Problemsausedy datascarcityarisewhensome
of the input featuresof the unlabeledwords have
never beenseenin the training set, resultingin un-
trained, randomly-initializedvaluesfor thosefea-
ture vector components.We addresghis problem
by creatingan approximatiorlayer A that nds the
known input featurevector x° that is most similar
to x (by measuringthe cosinesimilarity between
the vectors).Thenxy is replacedwith XE, resulting

hasno unseerfeaturesandis closestto the original
vector

5.1.2 LP Setup

We use a densegraphapproach. The WSJ set
hasa total of 44,492words, thereforethe P ma-
trix thatthealgorithmrequiresvould have 44; 492
44,492= 2 10° elementsDueto thematrix size,
we avoid the analyticalsolutionof the LP problem,
which requiresinverting the P matrix, and choose

theiterative approachdescribedibore (Sec.2.1)in-
stead. Corvergenceis stoppedvhenthe maximum
relative differencebetweeneachcell of f andthe
correspondingell of f %is lessthan1%.

Alsofor datasizereasonsweapplyLP in chunks.
While the training set staysin memory the test
datais loadedin x ed-sizechunksJabeledanddis-
carded. This approachhasyielded similar results
for variouschunksizes,suggestinghatchunkingis
a good approximationof whole-setlabel propaga-
tion.! LP in chunksis alsoamenabléo paralleliza-
tion: Our systemlabelsdifferentchunksin parallel.

We trainedthe  hyperparameteby three-fold
cross-alidation on the training data, using a geo-
metric progressiorwith limits 0:1 and 10 andratio
2. We set x ed upperlimits of edgesbetweenan
unlabeledhodeandits labeledneighborgo 15, and
betweeranunlabelechodeandits unlabeledheigh-
borsto 5. The approachof settingdifferentlimits
amongdifferentkinds of nodesis alsousedin re-
latedwork (Goldbeg andZhu, 2006).

For graphconstructiorwe tested:(a) the original
discreteinput representatiowith cosinedistance;
(b) the classi er outputfeatures(probability distri-
butions)with the Jefries-Matusitadistance.

5.2 Combination optimization

The static parameter®f the neuralnetwork (learn-
ing rate, regularizationrate, and numberof hidden
units) were optimized for the LP step by 5-fold
cross-alidation on the training data. This process
is importantbecauseverspecializatioris detrimen-
tal to thecombinedsystem:anoverspecializedrst-
passclassi er may outputvery con dent but wrong
predictionsfor unseenpatterns,thus placing such
samplesat large distancegrom all correctlylabeled
samples A stronglyregularizedneuralnetwork, by
contrast,will outputsmootherprobability distrilu-
tionsfor unseerpatterns Suchoutputsalsoresultin
a smoothergraph,which in turn helpsthe LP pro-
cess. Thus, we found that a network with only 12
hiddenunitsandrelatively highR( ) in Eg.5 (10%
of theweightvalue)performedbestin combination
with LP (at aninsigni cant costin accurag when

'In fact, experiments have shown that performance tends to
degrade for larger chunk sizes, suggesting that whole-set LP
might be affected by “artifact” clusters that are not related to
the labels.



usedasanisolatedclassi er).

5.2.1 Results

We rst conductedan experimentto measurehe
smoothnes®f the underlyinggraph, S(G), in the
two LP experimentsaccordingto the following for-
mula: X

S(G) = Wij

yi8yj;(i>n _j>n)

wherey; is thelabelof sample. (Lower valuesare
betterasthey re ect lessaf nity betweennodesof
differentlabels.)Thevalueof S(G) wasin all cases
signi cantly betteron graphsconstructedwith our
proposedtechniquethan on graphsconstructedn
the standardvay (seeTable1). Table1 alsoshavs
the performancecomparisonbetweenLP over the
discreterepresentatiomnd cosinedistance(“LP”),
the neuralnetwork itself (“NN”), andLP over the
continuousrepresentatior(“NN+LP”), on all dif-
ferentsubsetsand for differenttraining sizes. For
scarcelabeleddata (5000 samples)}he neuralnet-
work, which usesa strictly supervisedraining pro-
cedure,is at a cleardisadantage. However, for a
larger training set the network is able to perform
more accuratelythan the LP learnerthat usesthe
discretefeatureddirectly. Thethird, combinedech-
nique outperformsthe rst two signi cantly.> The
differencesare more pronouncedor smallertrain-
ing setsizes.Interestingly the LP is ableto extract
informationfrom largely erroneougnoisy)distribu-
tionslearnedoby the neuralnetwork.

(6)

5.3 Word SenseDisambiguation

We comparethe performancef an SVM classi er,
an LP learnerusing the sameinput featuresasthe
SVM, andanLP learnerusingthe SVM outputsas
input features. To analyzethe in uence of train-
ing setsize on accurag, we randomlysamplesub-
setsof the training data(25%, 50%, and 75%) and
use the remainingtraining data plus the test data
as unlabeleddata, similarly to the procedurefol-
lowed in relatedwork (Niu et al., 2005). The re-
sults are averagedover ve differentrandomsam-
plings. The samplingswvere chosensuchthatthere
wasatleastonesamplefor eachlabelin thetraining
2Signiﬁcance was tested using a difference of proportions

significance test; the significance level is 0.01 or smaller in all
cases.

set. SENSEMAL-3 sportsmulti-labeledsamplesand
sampleswith the“unknown” label. We eliminateall
sampledabeledasunknavn andretainonly the rst

labelfor themulti-labeledinstances.

5.3.1 SVM setup

We usethe SVM'9"t packageto build a set of
binary classi ersin a one-\ersus-allformulationof
the multi-classclassi cationproblem. The features
input to eachSVM consistof the discretefeatures
describedabore (Sec.4.2) after feature selection.
After training SVMs for eachtamget label against
the union of all others,we evaluatethe SVM ap-
proachagainsthetestsetby usingthewinnertakes-
all stratgy: the predictedlabel correspondso the
SVM thatoutputsthelargestvalue.

5.3.2 LP setup

Again we setup two LP systems:oneusingthe
original featurespacegafterfeatureselectionwhich
bene tedall of thetestedsystemsandoneusingthe
SVM outputs. Both usea cosinedistancemeasure.
The parametel(seeEqg. 1) is optimizedthrough
3-fold cross-alidationon thetrainingset.

5.4 Combination optimization

Unlike MLPs, SVMs do not computea smoothout-
put distribution but basethe classi cation decision
on the signof the outputvalues.In orderto smooth
outputvalueswith a view towardsgraphconstruc-
tion we appliedthefollowing techniques:

1. Combining SVM predictions and perfect fea-
ture vectors: After training, the SVM actu-
ally outputswronglabelpredictiongor asmall
number( 5%y of trainingsamplesTheseout-
putscould simply be replacedwith the perfect
SVM predictions(1 for the true class,-1 else-
where)sincethe labelsare knowvn. However,
the second-pas¢earnermight actually bene-
t from the information containedin the mis-
classi cations. We thereforelinearly combine
the SVM predictionswith the “perfect” feature
vectorsv thatcontainl atthe correctlabel po-
sitionand-1 elsavhere:

s£= si+ (1) )

wheres;, siO arethei' thinputandoutputfeature
vectorsand aparameterx edat0.5.



Initial labels  Model S(G) avg. Accuracy (%)
Set 1 Set 2 Set 3 Set 4 Set 5 Average
5000 NN 50.70  59.22 63.77 60.09 5458 57.67 4.5
LP 451.54 5837 5991 60.88 62.01 5947 60.13 124
NN+LP 409.79 58.03 63.91 66.62 65.93 57.76 62.45 3.83
10000 NN 65.86  60.19 67.52 65.68 65.64 6498 2.49
LP 381.16 5827 60.04 60.85 6199 62.06 60.64 1.40
NN+LP 31553 6936 6473  69.50 70.26 67.71 68.31 1.97
15000 NN 69.85 66.42 70.88 70.71 72.18 70.01 1.94
LP 299.10 58.51 61.00 60.94 63.53 6098 60.99 1.59
NN+LP 235.83 70.59 69.45 69.99 71.20 73.45 70.94 1.39

Table 1: Accuracy results of neural classification (NN), LP with discrete features (LP), and combined (NN+LP), over 5 random
samplings of 5000, 10000, and 15000 labeled words in the WSJ lexicon acquisition task. S(G) is the smoothness of the graph

2. Biasing uninformative distributions: FOr some
training samples althoughthe predictedclass
labelwascorrect,the outputsof the SVM were
relatively closeto oneanotheri.e. thedecision
wasborderline.We decidedo biastheseSVM
outputsin theright directionby usingthesame
formulaasin equation?.

3. Weighting by class priors: For eachtraining
sample,a correspondingsamplewith the per
fect output featureswas added,thus doubling
thetotal numberof labelednodesin the graph.
Thesesynthesizedhodesare akin to the “don-
gle” nodes(Goldbeg andZhu, 2006). Thedif-
ferenceis that, while dongle nodesare only
linked to one node, our arti cial nodesare
treatedike ary othernodeandassuchcancon-
nectto severalothernodes.Therole of thearti-

cial nodess to sere asauthoritiesduringthe
LP processandto emphasize&lasspriors.
5.4.1 Results

As before, we measuredhe smoothnes®f the
graphsn thetwo labelpropagatiorsetupsandfound
thatin all casesthe smoothnes®f the graph pro-
ducedwith our methodwas betterwhen compared
to thegraphsproducedusingthe standardapproach,
asshavn in Table3, which alsoshavs accurag re-
sultsfor the SVM (“*SVM” label),LP over the stan-
dardgraph(“LP”), andlabelpropagatiorover SVM
outputy“SVM+LP”). Thelattersystenmconsistently
performsbestin all casesalthoughthemostmarked
gainsoccurin the upperrangeof labeledsamples
percentageThegainof thebestdata-dwenLP over
the knowledge-based.P is signi cant in the 100%
and75%cases.

# System Acc. (%)
1 htsa3 (Grozea, 2004) 72.9
2 IRST-kernels (Strapparava et al., 2004) 72.6
3 nusels (Lee et al., 2004) 724
4  SENSEVAL-3 contest baseline 55.2
5 Niuetal. (Niu et al., 2005) LP/J-S 70.3
6  Niu et al. LP/cosine 68.4
7 Niuetal. SVM 69.7

Table 2: Accuracy results of other published systems on
SENSEVAL-3. 1-3 use syntactic features; 5-7 are directly com-
parably to our system.

For comparisonpurposes,Table 2 shavs results
of otherpublishedsystemsagainsthe SENSEAL
corpus. The“htsa3”, “IRST-kernels”,and“nusels”
systemaverethewinnersof the SENSEMAL-3 con-
test and usedextra input features(syntacticrela-
tions). The Niu et al. work (Niu et al., 2005) is
mostcomparabldo ours. We attribute the slightly
higherperformanceof our SVM dueto our feature
selectionprocessTheLP/cosinesystenis asystem
similar to our LP systemusingthe discretefeatures,
and the LP/Jensen-Shannasystemis also similar
but usesa distancemeasurederived from Jensen-
Shannordivergence.

6 Conclusions

We have presentec data-drven graphconstruction
techniquefor label propagatiorthat utilizes a rst-

passsupervisedclassi er.  The outputsfrom this
classi er (especiallywhenoptimizedfor thesecond-
passlearner)wereshavn to sene asa betterrepre-
sentatiorfor graph-basedemi-supervisetéarning.
Classi cationresultson two learningtasksshaved



Initial labels ~ Model S(G) avg. Accuracy (%)
Set 1 Set 2 Set 3 Set 4 Set 5 Average
25% SVM 6294 6253 6269 6352 6299 6293 0.34
LP 4471 6327 61.84 6326 6296 6330 6293 0.56
SVM+LP 39.67 6339 6320 6395 63.68 6391 63.63 0.29
50% SVM 6790 6675 6757 6744 6679 67.29 045
LP 33.17  67.84 6657 6735 6652 6635 6693 0.57
SVM+LP 2419 6795 6754 6793 6821 68.11 67.95 0.23
75% SVM 69.54 70.19 6875 69.80 68.73  69.40 0.58
LP 2993 68.87 68.65 6858 6842 67.19 6834 0.59
SVM+LP 16.19 6998 70.05 69.69 70.38 6894 69.81 0.49
100% SVM 70.74
LP 21.72 69.69
SVM+LP 13.17 71.72

Table 3: Accuracy results of support vector machine (SVM), label propagation over discrete features (LP), and label propagation
over SVM outputs (SVM+LP), each trained with 25%, 50%, 75% (5 random samplings each), and 100% of the train set. The
improvements of SVM+LP are significant over LP in the 75% and 100% cases. S(G) is the graph smoothness

signi cantly betterperformanceomparedo LP us-
ing standardgraphconstructionandthe supervised
classi eralone.
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