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1 Introduction

Given the enormousamountsof information available
only in unstructuredor semi-structuredtextual documents,
tools for information extraction (IE) have becomeenor-
mouslyimportant.IE toolsidentify therelevantinformation
in suchdocumentsandconvert it into a structuredformat
suchasa databaseor anXML document.While first IE al-
gorithmswerehand-craftedsetsof rules,researcherssoon
turnedto learningextractionrulesfrom hand-labeleddoc-
uments. Unfortunately, rule-basedapproachessometimes
fail to providethenecessaryrobustnessagainsttheinherent
variability of documentstructure,which hasled to the re-
centinterestin theuseof hiddenMarkov models(HMMs)
[1] for this purpose.Speechrecognitionandcomputational
biochemistryarewell-known applicationsof HMMs.

Markov model algorithms that are used for part-of-
speechtagging,aswell asknownhiddenMarkov modelsfor
informationextraction[1] requirethetrainingdocumentsto
be labeledcompletely, i.e., eachtoken is manuallygiven
anappropriatesemanticlabel. Clearly, this is anexpensive
process.We thereforeconcentrateon the taskof learning
hiddenMarkov models,from partially (sparsely)labeled
texts,anddevelopappropriateEM-stylealgorithms.

By using additional unlabeleddocumentsas they are
usuallyreadilyavailablein mostapplications,we canper-
form activelearning of HMMs. The ideaof activelearn-
ing algorithms is to identify unlabeledobservations that
would be mostusefulwhenlabeledby the user. Suchal-
gorithmsare known for classification,clustering,and re-
gression;we presentthe first algorithmfor active learning
of hiddenMarkov models.

2 Using HMMs for IE

The IE task is to attacha semantictag �	� to someof
thedocumenttokens 
�� . Observationscanalsobe left un-
tagged(specialtag 
���
�� ). An extractionalgorithm � maps�

In Proceedingsof theIEEE InternationlConferenceon Data Mining.
2001.

an observation sequence
�������������
�� to a singlesequence
of tags(multi-valuedassignmentswouldhaveto behandled
by usingseveralIE models,oneperlabel).

Thereareseveral naturalwaysto definethe error crite-
rion that an extractionalgorithmhasto minimize andthat
quantifiesthe algorithm’s performance;which is appropri-
atedependsontheapplication.For someapplications,costs
may arisefor eachfalsetag assignedto a token. The per-
tokenerror is theprobabilityof anextractionalgorithmas-
signinga falsetagto a tokenin thedocument.

Precisionandrecall areotherpopularerrorcriteria that
canbedefinedfor problemsfor whichonly tags ������
���
��! 
areavailable.Precisionrefersto theamountof correcttags� assignedby � relative to the numberof all (correctand
incorrect)tagsassigned.Recallreflectstheamountof tags� correctlyretrievedby � relative to thetotalamountof �
tagsthatshouldhavebeenassigned.

Hidden Markov models(see, [2] for an introduction)
are a very robust statisticalmethodfor structuralanaly-
sis of temporaldata. An HMM "$#&%(')��*+�-,/. consistsof
finitely many states�102�3����������0546 with probabilities '+��#7 %98��:#;0��<. , the probability of starting in state 05� , and*=�?>@# 7 %98��(AB�C#D0E>GF 8��H#I05�J. , the probability of a tran-
sition from state 0�� to 0+> . Eachstateis characterizedby
a probability distribution ,/�K%L
M�K.N# 7 %L
M��F 8��O#&05�<. over
observations. In the informationextractioncontext, anob-
servationis a token.Thetags � � correspondto the 
 target
states0 � �������/��05P of theHMM. Backgroundtokenswithout
tagareemittedin all HMM states0�P AB� �������/��0 4 which are
not oneof the target states.We might, for instance,want
to convert anHTML phonedirectoryinto a databaseusing
anHMM with four nodes(labeledname, firstname, phone,
none). The observation sequence“John Smith, extension
7343” would thencorrespondto the statesequence(first-
name, name, none, phone).

How can the IE task be addressedwith HMMs? Let
us first considerwhat we would do if we alreadyknew an
HMM which canbe assumedto have generatedthe obser-
vations.Givenanobservationsequence
Q�R�������/�-
M� , which
tagsequenceshouldwe return?If we wantto minimizethe



per-token error, then we have to find, for eachtoken, the
statein which this token hasmost likely beenemitted(in-
dex S with highest T � %(SU. ). If this stateis oneof the target
states,thenthecorrespondingtaghasto beassignedto the
tokens;thetokenhasto remainuntaggedotherwise.

Whena desiredbalancebetweenprecisionandrecall is
to beachieved,thenatokenhasto betaggedif theprobabil-
ity of thesingletargetstateat time V giventheobservation
sequenceexceedsa giventhresholdW . By adjustingW , pre-
cisioncanbetradedagainstrecall.

Let usnow briefly sketchhow HMM parameterscanbe
learnedfrom data. In the standardmodel usedin speech
recognition,several HMMs arelearned(e.g., onefor each
wordto berecognized)andeachobservationsequenceis la-
beledonly with theHMM that it is anexamplefor. In our
situation,it is importantto achieve a correctassignmentof
the tokensto target states.We assumethat a setof docu-
mentsis availableandthe userthenlabelssomeof the to-
kens(not whole documents)with the appropriatetag. For
eachtoken 
�� thereis a setof candidatestatesXY� ; this set
maycontainonetargetstate(thestatecorrespondingto the
labelwhentheuserhaslabeledthetoken),it cancontainall
backgroundstates(whenthe userhasmarked the tokenas
not possessingoneof the tags)or it may containall states
(tokenis unlabeled).

Thealgorithmwhich we useto adapttheHMM param-
etersto the partially labeleddocumentsis an instantiation
of the EM algorithm. The principle difficulty which this
algorithmaddressesis that, in orderto determinethe tran-
sition andemissionprobabilities,thestatesthatcorrespond
to theobservationswouldhaveto beknown. Unfortunately,
thestatesof unlabeledtokensarehidden.In theE-step,the
algorithmcalculates,for eachtoken, the probability distri-
bution over the statesbasedon the currentestimateof the
transitionandemissionprobabilities,taking the labelsinto
account.Basedon thesedistributionsoverstates,in theM-
stepwe updatetheemissionandtransitionprobabilities.

In orderto executetheE-stepof thealgorithm,we have
to determine

7 %L8/�)#Z05��F 
��R�������/��
��[��XE�R�������/��XY�\. – i.e., the
probability of being in state 0�� at time V given the obser-
vation sequence
 � ���������-
 � with labelsthat renderstatesX � ����������X � possible. Note that labelscan have non-local
effectson this probability. Our principle result is a recur-
sive algorithm which determinesthis probability exactly.
The backward-forward-backwardalgorithm requiresthree
passesover the observationsequence;in the first pass,the
probability ]/�/%(SU.^# 7 %9XY�(AB�1����������X+�_F 8/�[#$0��<. is computed,
in thesecondandthird passes,` and a (whichnow depend
on ] ) arecalculated.See[3] for details.

We have implementedthis algorithminto a webmining
tool. Thesystemcanbeappliedto avarietyof tasks,suchas
extractingkey informationfrom emails,or spideringbusi-
nessinformationfrom theweb.

Figure1. GUI of theSemanticEdgeWebMining tool.

3 Active Revision of Hidden Markov Models

Unlabeleddocumentscan be obtainedvery easily for
mostinformationextractionproblems;only labelingtokens
in adocumentimposeseffort. Ouractivelearningalgorithm
selectsthe most “dif ficult” unlabeledtokensandasksthe
userto labelthem.

We can seethe margin bc%98���F 
d��"E.@#fe	gRh=�K� 7 %L8/��#05��F 
d��"E.- Qi@ejgRhG>�kl �U� 7 %98��m#n0+>GF 
d��"E.- betweentheprob-
ability of themostlikely andthatof thesecondmostlikely
stateas the confidenceof the stategiven 
 . Intuitively,
themargin canbeseenasquantifyinghow “dif ficult” (low
margin) or “easy” (large margin) an exampleis. Our ac-
tive HMM learningalgorithm first learnsan initial model" � from a setof partially labeleddocuments.It thendeter-
minesthemarginsof all tokensandstartsaskingtheuserto
labeldifficult tokenswhich have a particularlylow margin.
TheBaum-Welchalgorithmis thenrestarted.

Our experiments[3] show that when the training is
startedby labeling randomlydrawn tokensand the active
HMM choosesdifficult low-margin tokensafter that initial
phase,thena significantimprovementis achievedover reg-
ular HMMs thatcanresultin thesufficiency of many times
fewer labeledexamples.
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