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Abstract

Graph-basedsemi-supervisedlearninghas
recentlyemergedasapromisingapproach
to data-sparselearningproblemsin natu-
ral languageprocessing.All graph-based
algorithmsrely onagraphthatjointly rep-
resentslabeledandunlabeleddatapoints.
Theproblemof how to bestconstructthis
graph remainslargely unsolved. In this
paperwe introducea data-driven method
that optimizes the representationof the
initial featurespacefor 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 sensedisambiguationtask. Signi�-
cantimprovementsaredemonstratedover
bothlabelpropagationusingconventional
graphconstructionandstate-of-the-artsu-
pervisedclassi�ers.

1 Introduction

Natural LanguageProcessing(NLP) applications
bene�t from theavailability of largeamountsof an-
notateddata. However, suchdata is often scarce,
particularly for non-mainstreamlanguages.Semi-
supervisedlearningaddressesthis problemby com-
bining largeamountsof unlabeleddatawith a small
set of labeleddata in order to learn a classi�ca-
tion function. Oneclassof semi-supervisedlearn-
ing algorithmsthat hasrecentlyattractedincreased

interestis graph-basedlearning. Graph-basedtech-
niquesrepresentlabeledand unlabeleddatapoints
asnodesin a graphwith weightededgesencoding
the similarity of pairs of samples. Various tech-
niquesare then available for transferringclassla-
bels from the labeledto the unlabeleddatapoints.
Theseapproacheshave shown goodperformancein
caseswherethedatais characterizedby anunderly-
ing manifoldstructureandsamplesarejudgedto be
similar by local similarity measures.However, the
questionof how to bestconstructthegraphforming
thebasisof the learningprocedureis still anunder-
investigatedresearchproblem. NLP learningtasks
presentadditionalproblemssincethey oftenrely on
discreteor heterogeneousfeaturespacesfor which
standardsimilarity measures(suchasEuclideanor
cosinedistance)aresuboptimal.

We proposea two-passdata-driven techniquefor
graphconstructionin theframework of labelpropa-
gation(Zhu,2005).First,we usea supervisedclas-
si�er trainedon the labeledsubsetto transformthe
initial featurespace(consistingof e.g.lexical, con-
textual, or syntacticfeatures)into a continuousrep-
resentationin theform of soft labelpredictions.This
representationis then usedas a basisfor measur-
ing similarity amongsamplesthat determinesthe
structureof the graph usedfor the second,semi-
supervisedlearningstep.It is importantto notethat,
ratherthansimply cascadingthesupervisedandthe
semi-supervisedlearner, we optimizethe combina-
tion with respectto the propertiesrequiredof the
graph. We presentseveral techniquesfor suchop-
timization, includingregularizationof the �rst-pass
classi�er, biasingby classpriors,andlinearcombi-



nationof classi�er predictionswith known features.
Theproposedapproachis evaluatedon a lexicon

learningtask using the Wall StreetJournal(WSJ)
corpus,and on the SENSEVAL-3 word sensedis-
ambiguationtask. In both casesour techniquesig-
ni�cantly outperformsour baselinesystems(label
propagationusingstandardgraphconstructionand
discriminatively trainedsupervisedclassi�ers).

2 Background

Several graph-basedlearning techniqueshave re-
cently beendevelopedand applied to NLP prob-
lems:minimumcuts(PangandLee,2004),random
walks (Mihalcea,2005; Otterbacheret al., 2005),
graphmatching(Haghighi et al., 2005), and label
propagation(Niu et al., 2005). Here we focus on
labelpropagationasa learningtechnique.

2.1 Label propagation

Thebasiclabelpropagation(LP)algorithm(Zhuand
Ghahramani,2002;Zhu,2005)hasasinputs:

� a labeledsetf (x1; y1); (x2; y2); : : : ; (xn ; yn)g,
wherex i aresamples(featurevectors)andyi 2
f 1; 2; : : : ; Cg aretheir correspondinglabels;

� anunlabeledsetf xn+1 ; : : : ; xN g;
� adistancemeasured(i; j ) i; j 2 f 1; : : : N g de-

�ned on thefeaturespace.
The goal is to infer the labelsf yn+1 ; : : : ; yN g for
the unlabeledset. The algorithmrepresentsall N
datapointsasverticesin an undirectedgraphwith
weightededges.Initially, only theknown dataver-
ticesarelabeled.Theedgelinking verticesi andj
hasweight:

wij = exp
�

�
d(i; j )2

� 2

�
(1)

where� is ahyperparameterthatneedsto beempir-
ically chosenor learnedseparately. wij indicatesthe
labelaf�nity of vertices:thelargerwij is, themore
likely it is that i andj have thesamelabel. TheLP
algorithmconstructsa row-normalizedN � N tran-
sitionprobabilitymatrixP asfollows:

Pij = P(i ! j ) =
wij

P N
k=1 wik

(2)

Thealgorithmprobabilisticallypusheslabelsfrom
thelabelednodesto theunlabelednodes.Todoso,it
de�nesthen� C hardlabelsmatrixY andtheN � C
soft labelsmatrix f , whose�rst n rows areidentical
to Y . Thehardlabelsmatrix Y is invariantthrough

thealgorithmandis initializedwith probability1 for
theknown labeland0 for all otherlabels:

Yic = � (yi ; C) (3)
where � is Kronecker's delta function. The algo-
rithm iteratesasfollows:

1. f 0  P � f
2. f 0

[r ows 1 to n]  Y
3. If f 0 �= f , stop
4. f  f 0

5. Repeatfrom step1
In each iteration, step 2 �x es the known labels,
which might otherwisebe overridenby propagated
labels. The resulting labels for each featurex i ,
wherei 2 f n + 1; : : : ; N g, are:

l i = argmax
j =1 ;:::;C

f ij (4)

It is importantthat the distancemeasureis locally
accurate,i.e. nodesconnectedby an edgewith a
high weightshouldhave thesamelabel. Theglobal
distanceis lessrelevantsincelabel informationwill
bepropagatedfrom labeledpointsthroughtheentire
space.This is why LP workswell with a local dis-
tancemeasurethat might be unsuitableasa global
distancemeasure.

Applicationsof LP includehandwritingrecogni-
tion (Zhu and Ghahramani,2002), imageclassi�-
cation (Balcan et al., 2005) and retrieval (Qin et
al., 2005),andproteinclassi�cation(Westonet al.,
2003). In NLP, labelpropagationhasbeenusedfor
word sensedisambiguation(Niu et al., 2005),doc-
umentclassi�cation (Zhu, 2005), sentimentanaly-
sis (Goldberg andZhu, 2006),andrelationextrac-
tion (Chenetal., 2006).

2.2 Graph construction

One of the main problemsin LP, as well as other
graph-basedlearningtechniques,is how to bestcon-
struct the graph. Currently, graphconstruction“is
moreof anart thanscience”(Zhu,2005).Typically,
edgeweightsarederived from a simpleEuclidean
or cosinedistancemeasure,regardlessof thenature
of the underlyingfeatures. Edgesare then estab-
lished either by connectingall nodes,by applying
a singleglobal thresholdto theedgeweights,or by
connectingeachnodeto its k nearestneighborsac-
cordingto theedgeweights.Thisprocedureis often
suboptimal:Euclideandistancerelieson a modelof
normally distributed i.i.d. randomvariables;cosine



distancelikewise assumesthat the different feature
vectordimensionsareuncorrelated.However, many
applications,particularly in NLP, rely on feature
spaceswith correlateddimensions.Moreover, fea-
turesmay have differentrangesanddifferenttypes
(e.g. continuous,binary, multi-valued), which en-
tails theneedfor normalization,binning,or scaling.
Finally, commondistancemeasuresdo not take ad-
vantageof domainknowledgethat might be avail-
able.

Someattemptshave beenmadeat improving the
standardmethod of graph construction. For in-
stance,in a face identi�cation task (Balcanet al.,
2005),domainknowledgewasusedto identify three
different edgesetsbasedon time, color and face
features,associatingadifferenthyperparameterwith
each.Theresultinggraphwasthencreatedby super-
posingedgesets.Zhu (Zhu,2005,Ch. 7) describes
graphconstructionusing separate� hyperparame-
tersfor eachfeaturedimension,andpresentsadata-
drivenway(evidencemaximization)for learningthe
valuesof theparameters.

3 Data-driven graph construction

Unlike previous work, we proposeto optimize the
featurerepresentationusedfor graph construction
by learning it with a �rst-pass supervisedclassi-
�er . Under this approach,similarity of samplesis
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 trainedarounda rule-
exceptionsparadigm;however, in ourcase,theclas-
si�ers work together, the�rst actingasa jointly op-
timizedfeaturemappingfunctionfor thesecond.

1. Train a �rst-passsupervisedclassi�er thatout-
puts soft label predictions Z i for all sam-
ples i 2 f 1; : : : N g, e.g. a posterior prob-
ability distribution over target labels: Z i =
hpi 1; pi 2; : : : ; piC i ;

2. Apply postprocessingto Z i if needed.
3. UsevectorsZ i andanappropriatelychosendis-

tancemeasureto constructa graphfor LP.
4. Performlabelpropagationover theconstructed

graphto �nd thelabelingof thetestsamples.
Theadvantagesof thisprocedureare:
� 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 eliminatestheproblemof input features
of differentrangesandtypes(e.g.binaryvs. multi-
valued,continuousvs. categorical attributes)which
areoftenusedin combination.
� Feature postprocessing: The transformationof
featuresinto a different spacealso opensup pos-
sibilities for postprocessing(e.g.probability distri-
bution warping)dependingon the requirementsof
the second-passlearner. In addition,different dis-
tancefunctions (e.g. thosede�ned on probability
spaces)canbeused,whichavoidsviolatingassump-
tionsmadeby metricssuchasEuclideanandcosine
distance.
� Optimizing class separation: The learnedrepre-
sentationof labeledtraining samplesmight reveal
betterclustersin thedatathantheoriginal represen-
tation: a discriminatively-trained �rst passclassi�er
will attemptto maximizetheseparationof samples
belongingto differentclasses.Moreover, the �rst-
passclassi�er may learn a featuretransformation
thatsuppressesnoisein theoriginal input space.

Dif�culties with theproposedapproachmight arise
when the �rst-pass classi�er yields con�dent but
wrongpredictions,especiallyfor outlier samplesin
the original space. For this reason,the �rst-pass
classi�er and the graph-basedlearner should not
simply be concatenatedwithout modi�cation, but
the �rst classi�er shouldbe optimizedwith respect
to the requirementsof the second.In our case,the
choiceof �rst-passclassi�er andjoint optimization
techniquesaredeterminedby theparticularlearning
taskandaredetailedbelow.

4 Tasks

4.1 Lexicon acquisition task

Our �rst taskis a part-of-speech(POS)lexicon ac-
quisition task,i.e. the labelsto be predictedarethe
setsof POStagsassociatedwith eachword in a lex-
icon. Notethatthis is not a taggingtask:wearenot
attemptingto identify thecorrectPOSof eachword
in runningtext. Rather, for eachword in thevocab-
ulary, we attemptto infer the set of possible POS
tags. Our choiceof this task is motivatedby our
long-termgoalof applyingthis techniqueto lexicon
acquisitionfor resource-poorlanguages:POSlexi-



consareoneof the mostbasiclanguageresources,
which enablesubsequenttrainingof taggers,chun-
kers,etc.Weassumethatasmallsetof wordscanbe
reliablyannotated,andthatPOS-setsfor theremain-
ing wordscanbeinferredby semi-supervisedlearn-
ing. Ratherthanchoosingagenuinelyresource-poor
languagefor thistask,weusetheEnglishWall Street
Journal(WSJ)corpusandarti�cially limit the size
of thelabeledset.This is becausetheWSJcorpusis
widely obtainableandallowseasyreplicationof our
experiments.

We usesections0-18 of the Wall StreetJournal
corpus(N = 44; 492). Wordshave between1 and
4 POStags,with an averageof 1.1 per word. The
numberof POStagsis 36, andwe treatevery POS
combinationasauniqueclass,resultingin C = 158
distinct labels.We usethreedifferentrandomlyse-
lectedtraining setsof varioussizes: 5000, 10000,
and15000words,representingabout11%,22%,and
34%of theentiredatasetrespectively; therestof the
datawasusedfor testing. In orderto avoid experi-
mentalbias,we run all experimentson � ve differ-
ent randomlychosenlabeledsubsetsandreportav-
eragesandstandarddeviations. Due to the random
samplingof the datait is possiblethat somelabels
never occur in the training setor only occuronce.
We train our classi�ersonly on thoselabelsthatoc-
curatleasttwice,whichresultsin 60-63classes.La-
belsnot presentin thetrainingsetwill thereforenot
behypothesizedandareguaranteedto beerrors.We
deletesampleswith unknown labelsfrom our unla-
beledsetsincetheir percentageis lessthan0.5%on
average.

We usethe following featuresto representsam-
ples:

� Integer: thethree-lettersuf�x of theword;
� Integer: Thefour-lettersuf�x of theword;
� Integer � 4: The indicesof the four mostfre-

quentwordsthatimmediatelyprecedetheword
in theWSJtext;

� Boolean:wordcontainscapitalletters;
� Boolean:wordconsistsonly of capitalletters;
� Boolean:wordcontainsdigits;
� Boolean:wordcontainsahyphen;
� Boolean: word containsother specialcharac-

ters(e.g.“&”).
Wehavealsoexperimentedwith shortersuf�x esand
with pre�xes but thosefeaturestendedto degrade

performance.

4.2 SENSEVAL-3 word sensedisambiguation
task

Thesecondtaskis wordsensedisambiguationusing
theSENSEVAL-3 corpus(Mihalceaetal., 2004),to
enablea comparisonof our methodwith previously
publishedresults. The goal is to disambiguatethe
differentsensesof eachof 57 wordsgiven the sen-
tenceswithin whichthey occur. Thereare7860sam-
plesfor training and3944for testing. In line with
existing work (LeeandNg, 2002;Niu et al., 2005),
weusethefollowing features:

� Integer � 7: seven featuresconsistingof the
POSof the previous threewords, the POSof
thenext threewords,andthePOSof theword
itself. We usedthe MXPOST tagger(Ratna-
parkhi,1996)for POSannotation.

� Integer�h var iable lengthi : abagof all words
in thesurroundingcontext.

� Integer � 15: Local collocationsCij (i , j are
the boundsof the collocationwindow)—word
combinationsfrom the context of the word to
disambiguate.In additionto the11collocations
usedin similar work (Lee andNg, 2002),we
alsousedC� 3;1, C� 3;2, C� 2;3, C� 1;3.

Notethatsyntacticfeatures,whichhavebeenusedin
someprevious studieson this dataset(Mohammad
andPedersen,2004),werenot included.Weapplya
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 thispurpose).

5 Experiments

For bothtaskswecomparetheperformanceof asu-
pervisedclassi�er, labelpropagationusingthestan-
dard input featuresand either Euclideanor cosine
distance,andLP usingthe output from a �rst-pass
supervisedclassi�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 shown
in Fig. 1. The input featuresare mappedto con-
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Figure 1: Architecture of first-pass supervised classifier (MLP)
for lexicon acquisition

.

tinuousvaluesby a discrete-to-continuousmapping
layer M , which is itself learnedduring the MLP
training process.This layer connectsto the hidden
layer h, which in turn is connectedto the output
layero. Theentirenetwork is trainedvia backprop-
agation.Thetrainingcriterionmaximizestheregu-
larizedlog-likelihoodof thetrainingdata:

L =
1
n

nX

t=1

logP(yt jx t ; � ) + R(� ) (5)

The useof an additionalcontinuousmappinglayer
is similar to theuseof hiddencontinuousword rep-
resentationsin neurallanguagemodeling(Bengioet
al., 2000)and yields betterresultsthan a standard
3-layerMLP topology.

Problemscausedbydatascarcityarisewhensome
of the input featuresof the unlabeledwords have
never beenseenin the trainingset,resultingin un-
trained, randomly-initializedvaluesfor thosefea-
ture vector components.We addressthis problem
by creatinganapproximationlayerA that �nds the
known input featurevector x0 that is most similar
to x (by measuringthe cosinesimilarity between
thevectors).Thenxk is replacedwith x0

k , resulting
in vectorx̂ = hx1; : : : ; xk� 1; x0

k ; xk+1 ; : : : ; x f i that
hasno unseenfeaturesandis closestto theoriginal
vector.

5.1.2 LP Setup

We usea densegraphapproach. The WSJ set
hasa total of 44,492words, thereforethe P ma-
trix thatthealgorithmrequireswouldhave44; 492�
44; 492 �= 2 � 109 elements.Dueto thematrixsize,
we avoid theanalyticalsolutionof theLP problem,
which requiresinverting the P matrix, andchoose

theiterative approachdescribedabove (Sec.2.1) in-
stead.Convergenceis stoppedwhenthemaximum
relative differencebetweeneachcell of f and the
correspondingcell of f 0 is lessthan1%.

Also for datasizereasons,weapplyLP in chunks.
While the training set stays in memory, the test
datais loadedin �x ed-sizechunks,labeled,anddis-
carded. This approachhasyielded similar results
for variouschunksizes,suggestingthatchunkingis
a good approximationof whole-setlabel propaga-
tion.1 LP in chunksis alsoamenableto paralleliza-
tion: Oursystemlabelsdifferentchunksin parallel.

We trained the � hyperparameterby three-fold
cross-validation on the training data,using a geo-
metric progressionwith limits 0:1 and10 andratio
2. We set �x ed upperlimits of edgesbetweenan
unlabelednodeandits labeledneighborsto 15, and
betweenanunlabelednodeandits unlabeledneigh-
bors to 5. The approachof settingdifferent limits
amongdifferent kinds of nodesis also usedin re-
latedwork (Goldberg andZhu,2006).

For graphconstructionwe tested:(a) theoriginal
discreteinput representationwith cosinedistance;
(b) the classi�er output features(probability distri-
butions)with theJeffries-Matusitadistance.

5.2 Combination optimization

The staticparametersof the neuralnetwork (learn-
ing rate, regularizationrate,andnumberof hidden
units) were optimized for the LP step by 5-fold
cross-validation on the training data. This process
is importantbecauseoverspecializationis detrimen-
tal to thecombinedsystem:anoverspecialized�rst-
passclassi�er mayoutputvery con�dent but wrong
predictionsfor unseenpatterns,thus placing such
samplesat largedistancesfrom all correctlylabeled
samples.A stronglyregularizedneuralnetwork, by
contrast,will outputsmootherprobability distribu-
tionsfor unseenpatterns.Suchoutputsalsoresultin
a smoothergraph,which in turn helpsthe LP pro-
cess. Thus,we found that a network with only 12
hiddenunitsandrelatively high R(� ) in Eq.5 (10%
of theweightvalue)performedbestin combination
with LP (at an insigni�cant cost in accuracy when

1In 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 conductedanexperimentto measurethe
smoothnessof the underlyinggraph,S(G), in the
two LP experimentsaccordingto thefollowing for-
mula:

S(G) =
X

yi 6= yj ;(i>n _ j >n )

wij (6)

whereyi is thelabelof samplei . (Lower valuesare
betterasthey re�ect lessaf�nity betweennodesof
differentlabels.)Thevalueof S(G) wasin all cases
signi�cantly betteron graphsconstructedwith our
proposedtechniquethan on graphsconstructedin
thestandardway (seeTable1). Table1 alsoshows
the performancecomparisonbetweenLP over the
discreterepresentationandcosinedistance(“LP”),
the neuralnetwork itself (“NN”), and LP over the
continuousrepresentation(“NN+LP”), on all dif-
ferentsubsetsand for different training sizes. For
scarcelabeleddata(5000 samples)the neuralnet-
work, which usesa strictly supervisedtrainingpro-
cedure,is at a cleardisadvantage. However, for a
larger training set the network is able to perform
more accuratelythan the LP learnerthat usesthe
discretefeaturesdirectly. Thethird, combinedtech-
niqueoutperformsthe �rst two signi�cantly.2 The
differencesaremorepronouncedfor smallertrain-
ing setsizes.Interestingly, theLP is ableto extract
informationfrom largely erroneous(noisy)distribu-
tionslearnedby theneuralnetwork.

5.3 Word SenseDisambiguation

We comparetheperformanceof anSVM classi�er,
an LP learnerusing the sameinput featuresas the
SVM, andanLP learnerusingtheSVM outputsas
input features. To analyzethe in�uence of train-
ing setsizeon accuracy, we randomlysamplesub-
setsof the training data(25%, 50%,and75%) and
use the remainingtraining data plus the test data
as unlabeleddata, similarly to the procedurefol-
lowed in relatedwork (Niu et al., 2005). The re-
sultsareaveragedover � ve different randomsam-
plings. The samplingswerechosensuchthat there
wasat leastonesamplefor eachlabelin thetraining

2Significance was tested using a difference of proportions
significance test; the significance level is 0.01 or smaller in all
cases.

set.SENSEVAL-3 sportsmulti-labeledsamplesand
sampleswith the“unknown” label.Weeliminateall
sampleslabeledasunknown andretainonly the�rst
labelfor themulti-labeledinstances.

5.3.1 SVM setup

We usethe SVMl ight packageto build a set of
binary classi�ersin a one-versus-allformulationof
themulti-classclassi�cationproblem. Thefeatures
input to eachSVM consistof the discretefeatures
describedabove (Sec.4.2) after featureselection.
After training SVMs for eachtarget label against
the union of all others,we evaluatethe SVM ap-
proachagainstthetestsetby usingthewinner-takes-
all strategy: the predictedlabel correspondsto the
SVM thatoutputsthelargestvalue.

5.3.2 LP setup

Again we setup two LP systems:oneusingthe
original featurespace(afterfeatureselection,which
bene�tedall of thetestedsystems)andoneusingthe
SVM outputs.Both usea cosinedistancemeasure.
The � parameter(seeEq. 1) is optimizedthrough
3-fold cross-validationon thetrainingset.

5.4 Combination optimization

Unlike MLPs,SVMs do not computea smoothout-
put distribution but basethe classi�cation decision
on thesignof theoutputvalues.In orderto smooth
outputvalueswith a view towardsgraphconstruc-
tion weappliedthefollowing techniques:

1. Combining SVM predictions and perfect fea-
ture vectors: After training, the SVM actu-
ally outputswronglabelpredictionsfor asmall
number(� 5%) of trainingsamples.Theseout-
putscouldsimply bereplacedwith theperfect
SVM predictions(1 for the true class,-1 else-
where)sincethe labelsareknown. However,
the second-passlearnermight actually bene-
�t from the informationcontainedin the mis-
classi�cations. We thereforelinearly combine
theSVM predictionswith the“perfect” feature
vectorsv thatcontain1 at thecorrectlabelpo-
sitionand-1 elsewhere:

s0
i = 
 si + (1 � 
 )vi (7)

wheresi , s0
i arethei' th inputandoutputfeature

vectorsand
 aparameter�x 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 54.58 57.67 � 4.55
LP 451.54 58.37 59.91 60.88 62.01 59.47 60.13 � 1.24
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 64.98 � 2.49
LP 381.16 58.27 60.04 60.85 61.99 62.06 60.64 � 1.40
NN+LP 315.53 69.36 64.73 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 60.98 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,theoutputsof theSVM were
relatively closeto oneanother, i.e. thedecision
wasborderline.We decidedto biastheseSVM
outputsin theright directionby usingthesame
formulaasin equation7.

3. Weighting by class priors: For eachtraining
sample,a correspondingsamplewith the per-
fect output featureswasadded,thusdoubling
thetotal numberof labelednodesin thegraph.
Thesesynthesizednodesareakin to the “don-
gle” nodes(Goldberg andZhu,2006).Thedif-
ferenceis that, while dongle nodesare only
linked to one node, our arti�cial nodesare
treatedlikeany othernodeandassuchcancon-
nectto severalothernodes.Theroleof thearti-
�cial nodesis to serve asauthoritiesduringthe
LP processandto emphasizeclasspriors.

5.4.1 Results

As before, we measuredthe smoothnessof the
graphsin thetwo labelpropagationsetupsandfound
that in all casesthe smoothnessof the graphpro-
ducedwith our methodwasbetterwhencompared
to thegraphsproducedusingthestandardapproach,
asshown in Table3, which alsoshows accuracy re-
sultsfor theSVM (“SVM” label),LP over thestan-
dardgraph(“LP”), andlabelpropagationoverSVM
outputs(“SVM+LP”). Thelattersystemconsistently
performsbestin all cases,althoughthemostmarked
gainsoccur in the upperrangeof labeledsamples
percentage.Thegainof thebestdata-drivenLP over
the knowledge-basedLP 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) 72.4
4 SENSEVAL-3 contest baseline 55.2

5 Niu et al. (Niu et al., 2005) LP/J-S 70.3
6 Niu et al. LP/cosine 68.4
7 Niu et al. 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,Table2 shows results
of otherpublishedsystemsagainsttheSENSEVAL
corpus. The “htsa3”, “IRST-kernels”,and“nusels”
systemswerethewinnersof theSENSEVAL-3 con-
test and usedextra input features(syntactic rela-
tions). The Niu et al. work (Niu et al., 2005) is
mostcomparableto ours. We attribute the slightly
higherperformanceof our SVM dueto our feature
selectionprocess.TheLP/cosinesystemis asystem
similar to ourLP systemusingthediscretefeatures,
and the LP/Jensen-Shannonsystemis also similar
but usesa distancemeasurederived from Jensen-
Shannondivergence.

6 Conclusions

We have presenteda data-drivengraphconstruction
techniquefor label propagationthat utilizes a �rst-
passsupervisedclassi�er. The outputsfrom this
classi�er (especiallywhenoptimizedfor thesecond-
passlearner)wereshown to serve asa betterrepre-
sentationfor graph-basedsemi-supervisedlearning.
Classi�cationresultson two learningtasksshowed



Initial labels Model S(G) avg. Accuracy (%)

Set 1 Set 2 Set 3 Set 4 Set 5 Average

25% SVM � 62.94 62.53 62.69 63.52 62.99 62.93 � 0.34
LP 44.71 63.27 61.84 63.26 62.96 63.30 62.93 � 0.56
SVM+LP 39.67 63.39 63.20 63.95 63.68 63.91 63.63� 0.29

50% SVM � 67.90 66.75 67.57 67.44 66.79 67.29 � 0.45
LP 33.17 67.84 66.57 67.35 66.52 66.35 66.93 � 0.57
SVM+LP 24.19 67.95 67.54 67.93 68.21 68.11 67.95� 0.23

75% SVM � 69.54 70.19 68.75 69.80 68.73 69.40 � 0.58
LP 29.93 68.87 68.65 68.58 68.42 67.19 68.34 � 0.59
SVM+LP 16.19 69.98 70.05 69.69 70.38 68.94 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 betterperformancecomparedto LP us-
ing standardgraphconstructionandthe supervised
classi�er alone.

References
E. Alpaydin and C. Kaynak. 1998. Cascading classifiers. Ky-

bernetika, 34:369–374.

Balcan et al. 2005. Person identification in webcam images. In
ICML WorkshoponLearningwith Partially Classi�edTrain-
ing Data.

Y. Bengio, R. Ducharme, and P. Vincent. 2000. A neural prob-
abilistic language model. In NIPS.

J. Chen, D. Ji, C.L. Tan, and Z. Niu. 2006. Relation Extraction
Using Label Propagation Based Semi-supervised Learning.
In Proceedingsof ACL, pages 129–136.

A. Goldberg and J. Zhu. 2006. Seeing stars when there aren’t
many stars: Graph-based semi-supervised learning for sen-
timent categorization. In HLT-NAACL Workshopon Graph-
basedAlgorithmsfor Natural Language Processing.

C. Grozea. 2004. Finding optimal parameter settings for high
performance word sense disambiguation. Proceedingsof
Senseval-3 Workshop.

A. Haghighi, A. Ng, and C.D. Manning. 2005. Robust textual
inference via graph matching. Proceedingsof EMNLP.

Y.K. Lee and H.T. Ng. 2002. An empirical evaluation of knowl-
edge sources and learning algorithms for word sense disam-
biguation. In Proceedingsof EMNLP, pages 41–48.

Y.K. Lee, H.T. Ng, and T.K. Chia. 2004. Supervised Word
Sense Disambiguation with Support Vector Machines and
Multiple Knowledge Sources. SENSEVAL-3.

R. Mihalcea, T. Chklovski, and A. Killgariff. 2004. The
Senseval-3 English Lexical Sample Task. In Proceedings
of ACL/SIGLEXSenseval-3.

R. Mihalcea. 2005. Unsupervised large-vocabulary word sense
disambiguation with graph-based algorithms for sequence
data labeling. In Proceedingsof HLT/EMNLP, pages 411–
418.

S. Mohammad and T. Pedersen. 2004. Complementarity of
Lexical and Simple Syntactic Features: The SyntaLex Ap-
proach to Senseval-3. Proceedingsof theSENSEVAL-3.

Zheng-Yu Niu, Dong-Hong Ji, and Chew Lim Tan. 2005. Word
sense disambiguation using label propagation based semi-
supervised learning. In ACL '05.

J. Otterbacher, G. Erkan, and D.R. Radev. 2005. Using Ran-
dom Walks for Question-focused Sentence Retrieval. Pro-
ceedingsof HLT/EMNLP, pages 915–922.

B. Pang and L. Lee. 2004. A sentimental education: Sen-
timent analysis using subjectivity summarization based on
minimum cuts. In Proceedingsof ACL, pages 271–278.

T. Qin, T.-Y. Liu, X.-D. Zhang, W.-Y. Ma, and H.-J. Zhang.
2005. Subspace clustering and label propagation for active
feedback in image retrieval. In MMM, pages 172–179.

A. Ratnaparkhi. 1996. A maximum entropy model for part-of-
speech tagging. In Proceedingsof EMNLP, pages 133–142.

C. Strapparava, A. Gliozzo, and C. Giuliano. 2004. Pattern
abstraction and term similarity for word sense disambigua-
tion: IRST at SENSEVAL-3. Proc.of SENSEVAL-3, pages
229–234.

J. Weston, C. Leslie, D. Zhou, A. Elisseeff, and W. Noble.
2003. Semi-supervised protein classification using cluster
kernels.

X. Zhu and Z. Ghahramani. 2002. Learning from labeled
and unlabeled data with label propagation. Technical report,
CMU-CALD-02.

Xiaojin Zhu. 2005. Semi-SupervisedLearningwith Graphs.
Ph.D. thesis, Carnegie Mellon University. CMU-LTI-05-
192.


