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Abstract

Over the last few years,two of the main
researchdirectionsin machinelearning of

naturallanguageprocessinghave beenthe
study of semi-supervisedlearning algo-
rithmsasaway to train classi erswhenthe
labeleddatais scarceandthe studyof ways
to exploit knowledgeandglobalinformation
in structuredlearningtasks. In this paper
we suggesia methodfor incorporatingdo-
main knowledgein semi-supervisedearn-
ing algorithms.Our novel framework uni es

andcanexploit severalkindsof taskspeci ¢
constaints The experimentalresultspre-
sentedn the informationextractiondomain
demonstratehat applying constraintshelps
themodelto generatdetterfeedbaclduring
learning, and hencethe framewvork allows
for high performancdearningwith signif-

icantly lesstraining datathanwas possible
beforeon thesetasks.

1 Intr oduction

Natural LanguageProcessingd NLP) systemstypi-
cally requirelargeamountsof knowvledgeto achieve
good performance Acquiring labeleddatais a dif-
cult andexpensve task. Therefore,anincreasing
attentionhasbeenrecentlygivento semi-supervised
learning,wherelarge amountsof unlabeleddataare
usedto improve the modelslearnedfrom a small
training set (Collins and Singer 1999; Thelenand
Riloff, 2002). The hopeis that semi-superviseodr
even unsupervisedpproacheswhengiven enough
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knowledgeaboutthe structure of the problem,will

be competitve with the supervisednodelstrained
on large training sets. However, in the general
case, semi-supervisedpproachegyive mixed re-
sults, and sometimeseven degradethe model per

formance(Nigam et al., 2000). In mary casesjm-

proving semi-supervisedhodelswasdoneby seed-
ing thesemodelswith domain information taken
from dictionariesor ontology(CohenandSaravagi,
2004;CollinsandSinger 1999;HaghighiandKlein,

2006; ThelenandRiloff, 2002). On the otherhand,
in the supervisedsetting, it has beenshovn that
incorporatingdomain and problem speci ¢ struc-
turedinformationcanresultin substantialmprove-
ments(Toutanwaetal., 2005;RothandYih, 2005).

This paper proposesa novel constraints-based
learningprotocolfor guidingsemi-supervisetbarn-
ing. We develop a formalismfor constraints-based
learning that uni es several kinds of constraints:
unary dictionarybasedandn-aryconstraintsyhich
encodestructurainformationandinterdependencies
amongpossiblelabels. One adwantageof our for-
malismis thatit allows capturingdifferentlevels of
constraintviolation. Our protocol can be usedin
the presencef ary learningmodel,includingthose
that acquire additional statistical constraintsfrom
obsened datawhile learning(seeSection5. In the
experimentapartof this papemwe useHMMs asthe
underlyingmodel,andexhibit signi cant reduction
in the numberof training examplesrequiredin two
informationextractionproblems.

As is oftenthe casein semi-supervisetkarning,
the algorithm can be viewed as a processthat im-
proves the model by generatingfeedbackthrough



labeling unlabeledexamples.Our algorithmpushes
this intuition further, in that the use of constraints
allows usto betterexploit domaininformationasa

way to label, alongwith the currentlearnedmodel,
unlabeledexamples. Given a small amountof la-

beleddataand a large unlabeledpool, our frame-
work initializesthe modelwith the labeleddataand
thenrepeatedly:

(1) Usesconstrints andthe learnedmodelto label

theinstancesn thepool.

(2) Updategshemodelby newly labeleddata.

This way, we can generatebetter “training” ex-
amplesduringthesemi-superviselbarningprocess.
The coreof our approach(1), is describedn Sec-
tion 5. Thetaskis describedn Section3 andthe
Experimentalstudyin Section6. It is shovn there
that the improvementon the training examplesvia
the constraintsndeedbooststhe learnedmodeland
the proposedmethodsigni cantly outperformsthe
traditionalsemi-supervisettamevork.

2 RelatedWork

In the semi-supervisedlomainthereare two main
approachefor injectingdomainspeci ¢ knowledge.
Oneis usingtheprior knowledgeto accuratelytailor
the generatre modelsothatit captureghe domain
structure.For example,(Grenageet al., 2005) pro-
posediagonal TransitionModelsfor sequentiala-
beling taskswhereneighboringwordstendto have
the samelabels. This is doneby constrainingthe
HMM transitionmatrix, which canbe donealsofor
othermodels,suchasCRF. However (RothandYih,
2005)shaved thatreasoningvith moreexpressie,
non-sequentiatonstraintscan improve the perfor
mancefor the supervisegrotocol.

A secondapproacthasbeento usea smallhigh-
accurag setof labeledtokensasaway to seedand
bootstrapthe semi-supervisedearning. This was
used, for example, by (Thelen and Riloff, 2002;
Collins andSinger 1999)in informationextraction,
and by (Smith and Eisner 2005) in POStagging.
(HaghighiandKlein, 2006) extendsthe dictionary-
basedapproacho sequentialabelingtasksby prop-
agatingtheinformationgivenin the seedswith con-
textual word similarity. This follows a conceptually
similar approachby (Cohenand Saravagi, 2004)
thatusesa large named-entitydictionary wherethe
similarity betweenthe candidatenamed-entityand

its matchingprototypein the dictionaryis encoded
asafeaturein asupervisedlassi er.

In our framework, dictionarylookup approaches
areviewedasunaryconstrainton the outputstates.
We extendthesekinds of constraintsand allow for
moregeneraln-aryconstraints.

In the supervisedearningsettingit hasbeenes-
tablishedthat incorporatingglobal information can
signi cantly improve performanceon several NLP
tasksjncludinginformationextractionandsemantic
role labeling. (Puryakanoket al., 2005; Toutanva
et al., 2005; Roth and Yih, 2005). Our formalism
is mostrelatedto this lastwork. But, we developa
semi-supervisebtbarningprotocolbasedn this for-
malism. We also make useof soft constraintsand,
furthermore extendthe notion of soft constraintgo
accountfor multiple levels of constraintsviolation.
Conceptuallyalthoughnot technically the mostre-
lated work to oursis (Shenet al., 2005) that, in
a somavhat ad-hocmannerusessoft constraintdo
guide an unsupervisednodel that was crafted for
mentiontracking. To the bestof our knowledge,
we arethe rst to suggesh generakemi-supervised
protocolthatis drivenby soft constraints.

We proposelearningwith constraints- a frame-
work thatcombinegheapproachedescribedibore
in auni ed andintuitive way.

3 Tasks,Examplesand Datasets

In Section4 we will develop a generalframevork
for semi-supervisetkarningwith constraintsHow-
ever, it is usefulto illustrate the ideason concrete
problems.Thereforejn this sectionwe give a brief
introductionto the two domainson which we tested
our algorithms. We study two information extrac-
tion problemsin eachof which, giventext, a setof
pre-de ned elds is to beidenti ed. Sincethe elds
aretypically relatedandinterdependenthesekinds
of applicationsprovide a goodtestcasefor an ap-
proachlike ours?

The rst taskis to identify elds from citations
(McCallum et al., 2000). The dataoriginally in-
cluded 500 labeledreferences,and was later ex-
tendedwith 5,000 unannotatectitations collected
from papersfound on the Internet(Grenageret al.,
2005). Given a citation, the taskis to extract the

The data for both problems is available at:
http://www stanford.edugrenager/data/unsupie.tgz



(@) [ AUTHOR Lars Ole Andersen. ] [ TITLE Programanalysisand specializatiorfor the C programminglanguage. ] [
TECH-REPORPhDthesis, ] [ INSTITUTIONDIKU , Universityof Copenhagen] [ DATE May 1994. ]

(b) [ AUTHOR Lars Ole Andersen. Programanalysisand] [TITLE specializationfor the ] [EDITOR C ] [ BOOKTITLE
Programmindanguagq [ TECH-REPORT PhDthesis, ] [ INSTITUTIONDIKU , Universityof CopenhagenMay | [ DATE

1994. ]

Figure 1: Error analysisof a HMM model. The labelsare annotatedy underlineandareto the right of
eachopenbraclet. The correctassignmenwasshaovn in (a). While the predictedliabel assignmentb) is
generallycoherentsomeconstraintsareviolated. Most obviously, punctuatiormarksareignoredascues
for statetransitions.The constraint'Fields cannotendwith stopwords(suchas“the”)” maybealsogood.

elds thatappeaiin the givenreference SeeFig. 1.
Thereare 13 possible elds including author title,
location,etc.

To gainaninsightto how theconstraintganguide
semi-supervisetearning,assumehat the sentence
shawvn in Figure 1 appearsin the unlabeleddata
pool. Part (a) of the gure shaws the correctla-
beledassignmenandpart(b) shovs theassignment
labeledby a HMM trainedon 30 labels. However,
if we apply the constraintthat statetransitioncan
occuronly on punctuationmarks, the sameHMM
modelparametersvill resultin the correctlabeling
(a). Therefore by addingthe improved labeledas-
signmentwe can generatebettertraining samples
during semi-supervisetkarning. In fact, the punc-
tuationmarksare only someof the constraintghat
canbeappliedto this problem.Thesetof constraints
we usedin ourexperimentsaappearsn Tablel. Note
that someof the constraintsare non-localand are
very intuitive for people,yet it is very dif cult to
injectthis knowledgeinto mostmodels.

The secondproblem we consideris extracting
elds from adwertisementgGrenagetret al., 2005).
The datasetconsistsof 8,767 adwertisementsfor
apartmentrentalsin the San FranciscoBay Area
downloadedin June2004from the Craigslistweb-
site. In the datasetonly 302 entrieshave beenla-
beledwith 12 elds, includingsize rent, neighbor
hood, featues and so on. The datawas prepro-
cessedisingregularexpressiongor phonenumbers,
email addressesand URLs. The list of the con-
straintsfor this domainis givenin Tablel. We im-
plementsomeglobal constraintsandinclude unary
constraintswhich were largely imported from the
list of seedwords usedin (Haghighi and Klein,
2006). We slightly modi ed the seedverdsdueto
differencein preprocessing.

4 Notation and De nitions
Considera structuredclassi cationproblem,where

the possibleinput sequenceandY to bethe setof
possibleoutputsequences.

We de ne a structurecbutputclassi er asafunc-
tionh : X ! Y thatusesaglobalscoringfunction
f :X Y! Rtoassigrscorego eachpossiblen-
put/outputpair. Givenaninputx, adesiredfunction
f will assignthe correctoutputy the highestscore
amongall the possibleoutputs. The global scoring
functionis often decomposedsa weightedsumof
featurefunctions,

f(xy) = ifigy) = F(Xy):
i=1

This decompositionappliesboth to discriminative
linear models and to generatre models such as
HMMs and CRFs, in which casethe linear sum
corresponddo log likelihood assignedto the in-
put/outputpair by the model(for detailssee(Roth,
1999)for theclassi cationcaseand(Collins, 2002)
for the structuredcase).Evenwhennot dictatedby
the model, the featurefunctionsf;(x; y) usedare
local to allow inferencetractability Local feature
function cancapturesomecontet for eachinput or
outputvariable,yet it is very limited to allow dy-
namicprogrammingdecodingduringinference.

Now, considera scenariowhere we have a set
. We de ne a constraint
C : X Y I f{0;1g asa functionthatindicates
whethertheinput/outputsequenceiolatessomede-
siredproperties.Whenthe constraintsare hard, the
solutionis givenby

argmax
y21c (x)

F(x;y);



(a)-Citations
1) Each eld mustbe a consecutie list of words,andcan
appeaiat mostoncein acitation.
2) Statetransitionsmustoccuron punctuatiomrmarks.
3) Thecitationcanonly startwith authoror editor.

4) Thewordspp., pagescorrespondo PAGE.

5) Four digits startingwith 20xx and19xx are DATE.

6) Quotationscanappeaonly in titles.

7) Thewordsnote submittedappearareNOTE.

8) ThewordsCA, Australia, NY areLOCATION.

9) Thewordsted, technicalareTECH REPORT

10) Thewordsproc, journal, proceedingsACM areJOUR-

NAL or BOOKTITLE

11) Thewordsed, editors correspondo EDITOR
(b)-Advertisements

1) Statetransitionscanoccuronly on punctuatiormarksor

thenewline symbol.

2) Each eld mustbeatleast3 wordslong.

3) Thewordslaundry, kitchen,parkingareFEATURES

4) Thewordssq, ft, bdrmareSIZE

5) Theword $, *MONEY* areRENT

6) Thewordsclose neat shoppingareNEIGHBORHOOD
7) Thewordslaundrykitchen,parkingareFEATURES

8) The (normalized)wvordsphone emailare CONTACT.

9) Thewordsimmediatelybegin, cheaperare AVAILABLE
10) The words roommatesrespectful,dramaare ROOM-
MATES

11) Thewordssmokingdogs,catsareRESTRICTIONS
12) Theword http,image, link arePHOTOS

13) Thewordsaddress,carlmont,st, crossareADDRESS
14) Thewordsuitilities, pays,electricityareUTILITIES

Table1: Thelist of constraintdor extracting elds
from citationsandadwertisementsSomeconstraints
(representedn the rst block of eachdomain)are
globalandarerelatively dif cult to injectinto tradi-
tional models.While all the constraintdold for the
vastmajority of the data,someof themareviolated
by somecorrectlabeledassignments.

wherelc ) is asubsebf Y for whichall C; as-
signthevaluel for thegiven(x; y).

When the constraintsare soft, we want to in-
cur somepenaltyfor their violation. Moreover, we
want to incorporateinto our cost function a mea-
sure for the amountof violation incurred by vi-
olating the constraint. A genericway to capture
this intuition is to introduce a distancefunction
d(y; 1c,(x)) betweenthe spaceof outputsthat re-
spectthe constraintlc, ); andthe givenoutputse-
guencey. Onepossibleway to implementthis dis-
tancefunctionis asthe minimal Hammingdistance
to asequencehatrespectshe constraintC;, thatis:
d(y; 1, x) = min(yoﬂc(x)) H (y;y9. If thepenalty
for violatingthesoftconstrainC; is ;, wewrite the

scorefunctionas:

F(xy) id(y;1c, ) (D)
i=1

We refer to d(y; 1c(x)) asthe valuation of the
constraintC on(x; y). Theintuition behind(1) is as
follows. Insteadof merelymaximizingthe model's
likelihood, we also want to bias the model using
someknowledge. The rst term of (1) is usedto
learnfrom data. The secondterm biasesthe mode
by usingthe knowledgeencodedn the constraints.
Notethatwe donotnormalizeourobjectve function

to beatrue probability distribution.

5 Learning and Infer encewith Constraints

In this sectionwe presenta new constraint-dren
learningalgorithm(CODL ) for usingconstraintgo
guidesemi-supervisetkarning. Thetaskis to learn
the parametenvector by usingthe new objective
function (1). While our formulation allows us to
train also the coefcients of the constraintsvalua-
tion, i, wechooseottodoit, sinceweview thisas
away to bias(or enforce)the prior knowledgeinto
the learnedmodel, ratherthan allowing the datato
brushit awvay. Our experimentslemonstrat¢hatthe
proposedapproachs robustto inaccurateapproxi-
mationof the prior knowledge (assigningthe same
penaltyto all the ;).

We notethatin the presenceof constraints the
inferenceprocedure(for nding the outputy that
maximizesthe cost function) is usually done with
searchtechniques(rather than Viterbi decoding,
see(Toutanwaetal., 2005;RothandYih, 2005)for
adiscussion)we chosebeamsearcHecoding.

The semi-supervisetearningwith constraintss
donewith an EM-like procedure.We initialize the
modelwith traditionalsupervisedearning(ignoring
the constraintspn a smalllabeledset. Givenanun-
labeledsetU, in the estimationstep,the traditional
EM algorithmassignsa distribution over labeledas-
signments’ of eachx 2 U, andin themaximization
step,thesetof modelparameterss learnedrom the
distributionsassignedn the estimationstep.

However, in thepresencef constraintsassigning
the completedistributionsin the estimationstepis
infeasiblesincethe constraintgeshapehe distribu-
tion in anarbitraryway. As in existing methodsor
training a modelby maximizinga linear costfunc-
tion (maximizelikelihood or discriminatve maxi-

argmax
y



mization),the distribution over Y is representea@s
the setof scoresassignedo it; ratherthanconsid-
ering the scoreassignedo all y%, we truncatethe
distribution to the top K assignmentss returned
by the search. Given a setof K top assignments

assigninguniform probability to the top K candi-

dates,and zeroto the otheroutputsequencesWe

denotethis algorithm topK hard EM. In this pa-

per, we usebeamsearclio generateK candidates
accordingo (1).

Ourtrainingalgorithmis summarizedn Figure2.
Several things aboutthe algorithm shouldbe clari-
ed: the Top-K-Inferenceprocedurein line 7, the
learningproceduren line 9, andthe newv parameter
estimationin line 9.

The Top-K-Inferenceis a procedurethat returns
the K labeledassignmentshat maximizethe new
objective function (1). In our casewe usedthe top-
K elementsn the beam,but this could be applied
to ary otherinferenceprocedure.The factthatthe
constraintsare usedin the inferenceprocedure(in
particular for generatingnew trainingexamplesal-
lows usto usea learningalgorithmthatignoresthe
constraintswhich is a lot more ef cient (although
algorithmsthat do take the constraintanto account
canbeusedtoo). We usedmaximumlik elihoodes-
timationof  but, in general,perceptronor quasi-
Newton canalsobeused.

It is known thattraditionalsemi-supervisettain-
ing can degradethe learnedmodels performance.
(Nigam et al., 2000) has suggestedo balancethe
contrikution of labeledandunlabelediatato the pa-
rameters.The intuition is thatwheniteratively esti-
matingthe parametersvith EM, we disallow the pa-
rameterdo drift too far from the supervisednodel.
Theparametere-estimatiorin line 9, usesa similar
intuition, but insteadbf weightingdatainstanceswe
introduceda smoothingparameter which controls
thecorvex combinatiorof modelsinducedby thela-
beledandthe unlabeleddata. Unlike the technique
mentionedabove which focuseson naive Bayes,our
methodallows usto weightlinearmodelsgenerated
by differentlearningalgorithms.

Another way to look the algorithm is from the
self-training perspectie (McClosky et al., 2006).
Similarly to self-training,we usethe currentmodel
to generatenew training examplesfrom the unla-

Input:
Cycles: learningcycles
Tr = fx; yg: labeledtrainingset.
U: unlabeleddataset
F : setof featurefunctions.
f ;0: setof penalties.
f Ci g: setof constraints.

: balancingparametewith the superviseanodel.
learn(Tr; F): supervisedearningalgorithm
Top-K-Inference:

returnstopK labeledscoredby the costfunction(1)
CODL:

1 Initialize o = learn(Tr;F).

2 = 0-

3. ForCyclesiterationsdo:

4. T=

5. Foreachx 2 U

6 FOyh); i 06y )g =

7 Top-K-Inferencéx; ;F;fCig;f Q)
8 T=TLR00YY; 06y )9

9 = o+ (1 )learn(T;F)

Figure2: COnstraintDriven Learning(CODL). In
Top-K-Inferencewe usebeamsearcto nd thekK -
bestsolutionaccordingo Eg. (1).

beledset. However, therearetwo importantdiffer-

encesOneis thatin self-training,onceanunlabeled
samplewas labeled, it is never labeledagain. In

our caseall the samplesarerelabeledin eachiter-

ation. In self-trainingit is often the casethat only

high-con dencesamplesare addedto the labeled
datapool. While we includeall the sampledn the
training pool, we could also limit ourselhesto the
high-con dencesamples.The seconddifferenceis

thateachunlabeledexamplegenerate& labeledn-

stancesThe caseof oneiterationof top-1hard EM

is equivalentto selftraining,whereall theunlabeled
samplesareaddedo thelabeledpool.

Thereareseveralpossiblebene tstousingK > 1
samples.(1) It effectively increaseshetraining set
by a factorof K (albeit by somavhat noisy exam-
ples). In the structuredscenariogachof the topK
assignmentis lik ely to have somegoodcomponents
so generatingtopK assignmentdielpsleveraging
thenoise.(2) Givenanassignmenthatdoesnot sat-
isfy someconstraintsusingtop-K allows for mul-
tiple waysto correctit. For example,considerthe
output 11101000with the constraintthat it should
belongto thelanguagel 0 . If thetwo top scoring
correctionsare 11111000and 11100000 consider
ing only oneof thosecannegatively biasthemodel.



6 Experimentsand Results

In this section,we presentempirical resultsof our
algorithmson two domains: citations and adver
tisements Both problemsare modeledwith a sim-
ple token-basedHMM. We stressthat token-based
HMM cannotrepreseninary of ourconstraintsThe
functiond(y; 1¢(x)) usedis an approximationof a
Hammingdistancefunction, discussedn Section?.
For both domains,and all the experiments, was
setto 0:1. The constraintsviolation penalty is set
to logl0 #and log10 1 for citationsandad-
vertisementstesp? Notethatall constraintsshare
the samepenalty The numberof semi-supervised
trainingcycles(line 3 of Figure2) wassetto 5. The
constraintdor thetwo domainsarelistedin Tablel.

We trainedmodelson training setsof size vary-
ing from 5 to 300 for the citationsand from 5 to
100for the adwertisements Additionally, in all the
semi-superviseexperiments,L000unlabeledexam-
plesareused. We reporttoken-basedi accurag on
100held-outexampleqwhichdonotoverlapneither
with the training nor with the unlabeleddata). We
ran5 experimentsn eachsetting,randomlychoos-
ing thetraining set. Theresultsreportedbelav are
theaveragesvertheses runs.

To verify our claims we implementedseveral
baselinesThe rst baselinds the supervisedearn-
ing protocoldenotedby sup. The secondbaseline
was a traditional top-1 Hard EM also known as
truncatedEM* (denotedby H for Hard). In thethird
baseline,denotedH&W , we balancedthe weight
of the supervisedand unsupervisednodelsas de-
scribedn line 9 of Figure2. We comparghesebase-
linesto our proposegrotocol H&W&C , wherewe
addedthe constraintso guidethe H&W protocol.
We experimentedvith two a vorsof the algorithm:
thetop-landthetopK version. In thetopK ver
sion,thealgorithmusesK -bestpredictiong(K =50)
for eachinstancen orderto updatehemodelasde-
scribedin Figure2.

The experimentalresultsfor bothdomainsarein
givenTable2. As hypothesizedhardEM sometimes

2Theguidingintuitionisthat F (x; y) correspondso alog-
likelihoodof aHMM modeland to acrudeestimationof the
log probability thata constraintdoesnot hold. wastunedon
adevelopmentsetandkept x edin all experiments.

3Eachtoken (word or punctuatiormark)is assigned state.

“We alsoexperimentedvith (soft) EM without constraints,
but theresultsweregenerallyworse.

(a)- Citations

N | Inf. || sup. | H H&W  H&W&C  H&W&C
(Top-l)  (TopK)
5| nol || 55.1| 60.9 63.6 70.6 71.0
I 66.6 | 69.0 725 76.0 77.8
10 | nol || 64.6 | 66.8 69.8 76.5 76.7
I 78.1| 781 81.0 83.4 83.8
15 | nol || 68.7| 70.6 73.7 78.6 79.4
I 81.3| 81.9 841 85.5 86.2
20 [ nol || 70.1| 724 75.0 79.6 79.4
I 81.1| 824 84.0 86.1 86.1
25| nol || 72.7| 732 77.0 81.6 82.0
I 84.3| 842 86.2 87.4 87.6
300 | nol || 86.1| 80.7 87.1 88.2 88.2
I 925| 89.6 934 93.6 93.5
(b)-Advertisements
N [ Inf. || sup. | H H&W  H&W&C  H&W&C
(Top-l)  (TopK)
5| nol || 55.2| 61.8 60.5 66.0 66.0
I 59.4| 65.2 63.6 69.3 69.6
10 | nol || 61.6| 69.2 67.0 70.8 70.9
I 66.6 | 73.2 71.6 74.7 74.7
15 | nol 66.3| 71.7 70.1 73.0 73.0
I 70.4| 75.6 745 76.6 76.9
20 | nol || 68.1| 72.8 72.0 74.5 74.6
I 719| 76.7 75.7 77.9 78.1
25| nol || 70.0 | 73.8 73.0 74.9 74.8
I 73.7| 77.7 76.6 78.4 78.5
100 | nol || 76.3| 76.2 77.6 78.5 78.6
I 80.4| 80.5 812 81.8 81.7

Table 2: Experimentalresultsfor extracting elds
from citationsandadwertisementsN is the number
of labeledsamplesH is thetraditionalhard-EMand
H&W weighslabeledand unlabeleddataas men-
tionedin Sec.5. Our proposednodelis H&W&C ,
which usesconstraintsn the learningprocedure.l
refersto using constraintsduring inferenceat eval-
uationtime. Note thataddingconstraintdmproves
theaccurag duringbothlearningandinference.

degradethe performance.ndeed,with 300 labeled
examplesin the citationsdomain, the performance
decreasefrom 86.1to 80.7. The usefulnesf in-
jectingconstraintsn semi-superviselkarningis ex-
hibited in the two right most columns: using con-
straintsH&W&C improves the performanceover
H&W quitesigni cantly.

We carefully examined the contritution of us-
ing constraintdo the learningstageandthe testing
stage,andtwo separatgesultsare presentedtest-
ing with constraints(denotedl for inference)and
without constraintgno 1). Thel resultsare consis-
tently better And, it is also clear from Table 2,
that using constraintsin training always improves



the modelandthe amountof improvementdepends
ontheamountof labeleddata.

Figure 3 compareswo protocolson the adwer
tisementdomain: H&W+I , wherewe rst runthe
H&W protocolandthenapply the constraintsdur
ing testingstage andH&W&C+1 , which usescon-
straintsto guidethe modelduringlearninganduses
it alsoin testing. Although injecting constraintsn
thelearningprocesselps testingwith constraintss
moreimportantthanusingconstraintduring learn-
ing, especiallywhenthe labeleddatasizeis large.
This con rms results reportedfor the supervised
learningcasein (Puryakanoketal., 2005;Rothand
Yih, 2005). However, asshavn, our proposedal-
gorithm H&W&C for training with constaints is
critical whentheamountlabeleddatais small.

Figure4 furtherstrengthenthis point. In thecita-
tionsdomain H&W&C+1 achiereswith 20labeled
samplessimilar performanceo the supervisedrer-
sionwithout constraintswvith 300labeledsamples.

(Grenageet al., 2005)and(HaghighiandKlein,
2006)alsoreportresultsfor semi-supervisetearn-
ing for thesedomains. However, due to differ-
ent preprocessingthe comparisonis not straight-
forward. For the citation domain,when 20 labeled
and300unlabeledsamplesareavailable,(Grenager
et al., 2005) obsered an increasefrom 65.2% to
71.3%. Our improvementis from 70.1%to 79.4%.
For theadwertisementlomain,they obserednoim-
provement,while our modelimprovesfrom 68.1%
to 74.6% with 20 labeledsamples. Moreover, we
successfullyuse out-of-domaindata (web data)to
improve our model,while they reportthatthis data
did notimprove their unsupervisednodel.

(HaghighiandKlein, 2006)alsoworkedon oneof
ourdatasets.Theirunderlyingmodel,Markov Ran-
dom Fields, allows more expressie features.Nev-
erthelesswhenthey useonly unaryconstraintghey
get53:75% Whenthey usetheir nal model,along
with a mechanisnfor extendingthe prototypesto
othertokens,they getresultsthatarecomparabldo
our modelwith 10 labeledexamples. Additionally,
in their framework, it is not clearhow to usesmall
amountf labeleddatawhenavailable. Our model
outperformgheirsoncewe add10 moreexamples.

H+N+H ——
H+AN+CHl =X |

Figure 3: and

H&W&C+I

Comparison between H&W+I
on the advertisementdomain. When
thereis a lot of labeleddata, inferencewith con-
straintss moreimportantthanusingconstraintslur-
ing learning. However, it is importantto train with
constraintsvhentheamouniof labeleddatais small.

sup. (300)

0.95 [N NG [Ep—— +

0.9 -

0.85 -

0.8 -

5 1‘0 LS 2‘0 2‘5 300
Figure4: In citation domain,with 20 labeledcita-

tions, our algorithm performscompetitively to the
supervisedrersiontrainedon 300samples.

7 Soft Constraints

This sectiondiscusseshe importanceof usingsoft
constraintsratherthan hard constraintsthe choice
of Hammingdistancefor d(y; 1c(x)) and hov we
approximateat. We usetwo constraintdo illustrate
theideas.(C,): “statetransitionscanonly occuron
punctuatiormarksor newlines”, and(C,): “the eld

TITLE mustappear”.

First, we claim that de ning d(y; 1c(y)) to be
the Hammingdistanceis superiorto usinga binary
value,d(y; 1c(xy)) = 0if y 2 1c() and1l other
wise. Considey for example,the constraintC; in
theadwertisementsglomain. While the vastmajority
of the instancessatisfythe constraint,someviolate
it in morethanoneplace.Thereforepncethebinary
distancas setto 1, thealgorithmloosegheability to
discriminateconstraintviolationsin otherlocations



of thesamenstance Thismayhurttheperformance
in boththeinferenceandthelearningstage.
Computing the Hamming distanceexactly can
be a computationally hard problem. Further
more, it is unreasonableto implement the ex-
act computationfor each constraint. Therefore,
we implementeda generic approximationfor the
hamming distance assuming only that we are
given a boolean function ¢(yn) that returns
whetherlabeling the token xy with stateyy vio-
lates constraintwith respectto an alreadylabeled

sequence(X1;:iiXN 1;Y1;:i5 YN 1). Then
d(y; Lc(x)) L, c(y). For example,
consider the pre x Xi;X2;X3;X4, Which con-

tains no punctuationor newlines and was labeled
AUTH;AUTH;DATE;DATE. This labeling
violatesCq, theminimalhammingdistances 2, and
our approximationgives 1, (sincethereis only one
transitionthatviolatesthe constraint.)

For constraintswvhich cannotbe validatedbased
on pre x information,our approximatiorresortsto
binary violation count. For instance the constraint
C, cannotbe implementedwith pre x information
whenthe assignmenis not complete.Otherwise jt
would meanthatthe eld TITLE shouldappearas
earlyaspossiblein theassignment.

While (Roth and Yih, 2005) shaved the signif-
icanceof using hard constraints,our experiments
shawv that using soft constraintsis a superiorop-
tion. For example,in the adwertisementdomain,
C; holdsfor the large majority of the gold-labeled
instanceshut is sometimesiolated. In supervised
training with 100labeledexampleson this domain,
sup gave 76.3%accurag. Whenthe constraintvio-
lation penalty wasin nity (equivalentto hardcon-
straint),the accurag improvedto 78.7%,but when
thepenaltywassetto 1og(0:1), theaccurag of the
modeljumpedto 80.6%.

8 Conclusionsand Futur e Work

We proposedto use constraintsas a way to guide
semi-supervisedearning. The framewvork devel-
opedis generalboth in termsof the representation
and expressienessof the constraintsandin terms
of the underlyingmodel being learned— HMM in
the currentimplementation. Moreover, our frame-
work is a usefultool whenthe domainknowledge
cannotbe expressedy themodel.

The results shov that constraintsimprove not
only the performancef the nal inferencestagebut
also propagte usefulinformation during the semi-
supervisedearning processand that training with
the constraintsis especiallysigni cant when the
numberof labeledtraining datais small.
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