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1 Introduction

Given the enormousamountsof information available
only in unstructuredr semi-structuredextual documents,
tools for information extraction (IE) have becomeenor
mouslyimportant.|E toolsidentify therelevantinformation
in suchdocumentsand corvertit into a structuredformat
suchasadatabaser an XML documentWhile first IE al-
gorithmswere hand-craftedsetsof rules, researchersoon
turnedto learningextractionrulesfrom hand-labeledioc-
uments. Unfortunately rule-basedapproachesometimes
fail to provide thenecessaryobustnessgainstheinherent
variability of documentstructure which hasled to the re-
centinterestin the useof hiddenMarkov models(HMMs)
[1] for this purpose Speechrecognitionandcomputational
biochemistryarewell-known applicationsof HMMs.

Markov model algorithms that are used for part-of-
speechagging,aswell asknown hiddenMarkov modelsfor
informationextraction[1] requirethetrainingdocumentso
be labeledcompletely i.e., eachtoken is manually given
anappropriatesemantidabel. Clearly, this is anexpensie
process.We thereforeconcentrateon the task of learning
hidden Markov models, from partially (sparsely)labeled
texts, anddevelopappropriateEM-style algorithms.

By using additional unlabeleddocumentsas they are
usually readily availablein mostapplicationswe canper
form activelearning of HMMs. Theideaof activelearn-
ing algorithmsis to identify unlabeledobsenations that
would be mostusefulwhenlabeledby the user Suchal-
gorithmsare known for classification,clustering,and re-
gression,we presenthe first algorithmfor active learning
of hiddenMarkov models.

2 UsingHMMsfor IE

The IE taskis to attacha semantictag X; to someof
thedocumentokensO;. Obsenationscanalsobe left un-
tagged(specialtagnone). An extractionalgorithm f maps
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an obsenation sequencé),, ..., Or to a singlesequence
of tags(multi-valuedassignmente/ould have to behandled
by usingseveral [E models,oneperlabel).

Thereare several naturalwaysto definethe error crite-
rion that an extractionalgorithmhasto minimize andthat
guantifiesthe algorithm’s performancewhich is appropri-
atedepend®ntheapplication.For someapplicationscosts
may arisefor eachfalsetag assignedo atoken. The per-
tokenerror is the probability of anextractionalgorithmas-
signingafalsetagto atokenin the document.

Precisionandrecall are otherpopularerror criteria that
canbedefinedfor problemsfor which only tags{ X, none}
areavailable. Precisionrefersto the amountof correcttags
X assignedy f relative to the numberof all (correctand
incorrect)tagsassigned Recallreflectsthe amountof tags
X correctlyretrievedby f relative to thetotal amountof X
tagsthatshouldhave beenassigned.

Hidden Markov models(see, [2] for an introduction)
are a very robust statisticalmethodfor structuralanaly-
sis of temporaldata. An HMM X\ = (m,a,b) consistsof
finitely mary states{Si, ..., Sy} with probabilitiesr; =
P(¢g1 = S;), the probability of startingin stateS;, and
aij = P(ge41 = Sjlae = S;), the probability of a tran-
sition from stateS; to S;. Eachstateis characterizedy
a probability distribution b;(O;) = P(O:|g: = S;) over
obsenations. In the informationextractioncontext, an ob-
senationis atoken. ThetagsX; correspondo then target
statesSy, . .., S, of theHMM. Backgroundokenswithout
tagareemittedin all HMM statesS,, 11, . .., Sy Whichare
not one of the tamget states. We might, for instance want
to convertanHTML phonedirectoryinto a databaseising
anHMM with four nodes(labeledname firsthame phone
nong. The obsenation sequencéJohn Smith, extension
7343" would then correspondo the statesequencéfirst-
name name none phong.

How canthe IE task be addressedvith HMMs? Let
usfirst considerwhatwe would do if we alreadyknew an
HMM which canbe assumedo have generatedhe obser
vations.Givenanobsenationsequencé, .. ., Or, which
tagsequencshouldwe return?If we wantto minimizethe



pertoken error, thenwe have to find, for eachtoken, the
statein which this token hasmostlikely beenemitted(in-
dex ¢ with highest,;(¢)). If this stateis one of the target
statesthenthe correspondingag hasto be assignedo the
tokens;thetokenhasto remainuntaggedtherwise.

Whena desiredbalancebetweenprecisionandrecallis
to beachieved,thenatokenhasto betaggedf theprobabil-
ity of the singletargetstateat time ¢ giventhe obsenation
sequencexceedsa giventhresholdd. By adjustingd, pre-
cisioncanbetradedagainstrecall.

Let usnow briefly sketchhow HMM parametersanbe
learnedfrom data. In the standardmnodel usedin speech
recognition,several HMMs are learned(e.g., onefor each
wordto berecognizedpndeachobsenationsequences la-
beledonly with the HMM thatit is an examplefor. In our
situation,it is importantto achieve a correctassignmenbf
the tokensto tamget states. We assumehat a setof docu-
mentsis availableandthe userthenlabelssomeof the to-
kens(not whole documentsvith the appropriatetag. For
eachtoken O; thereis a setof candidatestatess;; this set
may containonetarget state(the statecorrespondingo the
labelwhentheuserhaslabeledthetoken),it cancontainall
backgroundstates(whenthe userhasmarkedthe token as
not possessingne of the tags)or it may containall states
(tokenis unlabeled).

The algorithmwhich we useto adaptthe HMM param-
etersto the partially labeleddocumentss an instantiation
of the EM algorithm. The principle difficulty which this
algorithmaddressess that, in orderto determinethe tran-
sition andemissionprobabilities the stateghat correspond
to theobsenationswould haveto beknown. Unfortunately
the statesof unlabeledokensarehidden.In the E-stepthe
algorithmcalculatesfor eachtoken, the probability distri-
bution over the statesbasedon the currentestimateof the
transitionandemissionprobabilities,taking the labelsinto
account.Basedon thesedistributionsover statesjn the M-
stepwe updatethe emissionandtransitionprobabilities.

In orderto executethe E-stepof the algorithm,we have
todetermineP(q; = S;|01,...,0r1,01,...,07)—i.€,the
probability of beingin stateS; at time ¢ given the obser
vation sequencé)y, ..., O with labelsthat renderstates
o1,-..,0r possible. Note that labels can hase non-local
effectson this probability. Our principle resultis a recur
sive algorithm which determineshis probability exactly.
The backward-forward-backvard algorithm requiresthree
passe®ver the obsenation sequencein the first pass.the
probabilityr;(i) = P(o¢+1,---,0r|q: = S;) is computed,
in the secondandthird passesy andg (which now depend
onr) arecalculated See[3] for details.

We have implementedhis algorithminto a web mining
tool. Thesystencanbeappliedto avarietyof tasks suchas
extractingkey informationfrom emails,or spideringbusi-
nessnformationfrom theweh
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Figurel. GUI of the SemanticEdg&Veb Mining tool.

3 Active Revision of Hidden Markov Models

Unlabeleddocumentscan be obtainedvery easily for
mostinformationextractionproblems;only labelingtokens
in adocumentmposeseffort. Ouractivelearningalgorithm
selectsthe most “difficult” unlabeledtokensand asksthe
userto labelthem.

We can seethe mamin M(q|O,\) = max;{P(¢: =
Si|O, )} — max;.i{P(¢g: = S;|0, )} betweerthe prob-
ability of themostlikely andthatof the secondmostlik ely
stateas the confidenceof the stategiven O. Intuitively,
the mamin canbe seenasquantifyinghow “dif ficult” (low
maugin) or “easy” (large mamin) an exampleis. Our ac-
tive HMM learningalgorithmfirst learnsan initial model
A1 from asetof partially labeleddocumentsit thendeter
minesthe marginsof all tokensandstartsaskingthe userto
labeldifficult tokenswhich have a particularlylow mamin.
The Baum-Weélchalgorithmis thenrestarted.

Our experiments[3] showv that when the training is
startedby labeling randomlydravn tokensand the active
HMM choosedifficult low-margin tokensafter thatinitial
phasethena significantimprovements achievedover reg-
ular HMMs thatcanresultin the sufficiency of mary times
fewer labeledexamples.
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