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Abstract

We present� � � � � � � � � 	 
�� 	 � � � �� � 
 � � , a frame-
work for building probabilistic models to seg-
mentandlabel sequencedata. Conditionalran-
dom fields offer several advantagesover hid-
den Markov models and stochasticgrammars
for such tasks, including the ability to relax
strongindependenceassumptionsmadein those
models. Conditional randomfields also avoid
a fundamentallimitation of maximum entropy
Markov models(MEMMs) and other discrimi-
native Markov modelsbasedon directedgraph-
ical models,which canbe biasedtowardsstates
with few successorstates. We presentiterative
parameterestimationalgorithmsfor conditional
randomfields and comparethe performanceof
the resultingmodelsto HMMs andMEMMs on
syntheticandnatural-languagedata.

1. Introduction

The needto segmentand label sequencesarisesin many
different problems in several scientific fields. Hidden
Markov models(HMMs) andstochasticgrammarsarewell
understoodandwidely usedprobabilisticmodelsfor such
problems.In computationalbiology, HMMs andstochas-
tic grammarshave beensuccessfullyusedto align bio-
logical sequences,find sequenceshomologousto a known
evolutionaryfamily, andanalyzeRNA secondarystructure
(Durbin et al., 1998). In computationallinguistics and
computerscience,HMMs and stochasticgrammarshave
beenapplied to a wide variety of problemsin text and
speechprocessing,including topic segmentation,part-of-
speech(POS)tagging,informationextraction,andsyntac-
tic disambiguation(Manning& Scḧutze,1999).

HMMs andstochasticgrammarsaregenerativemodels,as-
signinga joint probability to pairedobservationandlabel
sequences;the parametersare typically trained to maxi-

mize the joint likelihoodof training examples. To define
a joint probability over observation and label sequences,
a generative model needsto enumerateall possibleob-
servation sequences,typically requiring a representation
in which observationsaretask-appropriateatomicentities,
suchaswordsor nucleotides.In particular, it is not practi-
cal to representmultiple interactingfeaturesor long-range
dependenciesof theobservations,sincetheinferenceprob-
lemfor suchmodelsis intractable.

Thisdifficulty is oneof themainmotivationsfor lookingat
conditionalmodelsasanalternative. A conditionalmodel
specifiestheprobabilitiesof possiblelabelsequencesgiven
an observation sequence.Therefore,it doesnot expend
modeling effort on the observations, which at test time
arefixed anyway. Furthermore,the conditionalprobabil-
ity of the label sequencecan dependon arbitrary, non-
independentfeaturesof the observation sequencewithout
forcing the model to accountfor the distribution of those
dependencies.Thechosenfeaturesmayrepresentattributes
at different levels of granularityof the sameobservations
(for example, words and charactersin English text), or
aggregatepropertiesof the observation sequence(for in-
stance,text layout).Theprobabilityof a transitionbetween
labels may dependnot only on the current observation,
but also on pastand future observations,if available. In
contrast,generativemodelsmustmakeverystrict indepen-
denceassumptionson theobservations,for instancecondi-
tional independencegiventhelabels,to achievetractability.

Maximum entropy Markov models(MEMMs) arecondi-
tional probabilisticsequencemodelsthat attain all of the
above advantages(McCallum et al., 2000). In MEMMs,
eachsourcestate1 hasa exponentialmodel that takes the
observation featuresas input, and outputsa distribution
over possiblenext states. Theseexponentialmodelsare
trainedby an appropriateiterative scalingmethodin the

1Outputlabelsareassociatedwith states;it is possiblefor sev-
eralstatesto have thesamelabel,but for simplicity in therestof
this paperwe assumea one-to-onecorrespondence.



maximumentropy framework. Previouslypublishedexper-
imental resultsshow MEMMs increasingrecall anddou-
bling precisionrelative to HMMs in a FAQ segmentation
task.

MEMMs and other non-generative finite-state models
based on next-state classifiers, such as discriminative
Markov models(Bottou, 1991),sharea weaknesswe call
herethe � � � � � � � � ��� � � � � � � : thetransitionsleaving agiven
statecompeteonly againsteachother, ratherthanagainst
all other transitionsin the model. In probabilisticterms,
transitionscoresare the conditionalprobabilitiesof pos-
sible next statesgiven the currentstateand the observa-
tion sequence.This per-statenormalizationof transition
scoresimplies a “conservation of score mass” (Bottou,
1991)wherebyall the massthatarrivesat a statemustbe
distributedamongthepossiblesuccessorstates.An obser-
vationcanaffect which destinationstatesgetthemass,but
not how muchtotal massto passon. This causesa biasto-
wardstateswith feweroutgoingtransitions.In theextreme
case,a statewith a single outgoingtransitioneffectively
ignoresthe observation. In thosecases,unlike in HMMs,
Viterbi decodingcannotdowngradea branchbasedon ob-
servationsafter the branchpoint, and modelswith state-
transitionstructuresthathavesparselyconnectedchainsof
statesarenot properlyhandled. The Markovian assump-
tions in MEMMs andsimilar state-conditionalmodelsin-
sulatedecisionsat onestatefrom futuredecisionsin a way
thatdoesnot matchtheactualdependenciesbetweencon-
secutivestates.

Thispaperintroduces� � � � �  � � � � � � � � � � �"! � � � � (CRFs),a
sequencemodelingframework that hasall the advantages
of MEMMs but also solves the label bias problem in a
principledway. Thecritical differencebetweenCRFsand
MEMMs is thata MEMM usesper-stateexponentialmod-
elsfor theconditionalprobabilitiesof next statesgiventhe
currentstate,while a CRFhasa singleexponentialmodel
for the joint probability of the entire sequenceof labels
giventheobservationsequence.Therefore,theweightsof
differentfeaturesatdifferentstatescanbetradedoff against
eachother.

We canalsothink of aCRFasafinite statemodelwith un-
normalizedtransitionprobabilities.However, unlike some
otherweightedfinite-stateapproaches(LeCunetal.,1998),
CRFs assigna well-definedprobability distribution over
possiblelabelings,trainedby maximumlikelihoodor MAP
estimation.Furthermore,thelossfunctionisconvex,2 guar-
anteeingconvergenceto the global optimum. CRFsalso
generalizeeasily to analoguesof stochasticcontext-free
grammarsthat would be useful in suchproblemsasRNA
secondarystructurepredictionand natural languagepro-
cessing.

2In the caseof fully observable states,aswe are discussing
here;if severalstateshave thesamelabel,theusuallocalmaxima
of Baum-Welcharise.
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Figure1. Labelbiasexample,after (Bottou,1991). For concise-
ness,we placeobservation-labelpairs #%$'& on transitionsrather
thanstates;thesymbol‘ ’ representsthenull outputlabel.

Wepresentthemodel,describetwo trainingproceduresand
sketcha proof of convergence.We alsogive experimental
resultsonsyntheticdatashowing thatCRFssolve theclas-
sical versionof the label biasproblem,and,moresignifi-
cantly, thatCRFsperformbetterthanHMMs andMEMMs
whenthetruedatadistributionhashigher-orderdependen-
ciesthanthemodel,asis oftenthecasein practice.Finally,
we confirmtheseresultsaswell astheclaimedadvantages
of conditionalmodelsby evaluatingHMMs, MEMMs and
CRFswith identicalstatestructureonapart-of-speechtag-
ging task.

2. The Label Bias Problem

Classicalprobabilisticautomata(Paz, 1971), discrimina-
tive Markov models (Bottou, 1991), maximum entropy
taggers(Ratnaparkhi,1996), and MEMMs, as well as
non-probabilisticsequencetaggingandsegmentationmod-
els with independentlytrainednext-stateclassifiers(Pun-
yakanok& Roth,2001)areall potentialvictimsof thelabel
biasproblem.

For example, Figure 1 representsa simple finite-state
modeldesignedto distinguishbetweenthe two words ( ) *
and ( + * . Supposethat the observation sequenceis (,)'* .
In the first time step, ( matchesboth transitionsfrom the
startstate,sotheprobabilitymassgetsdistributedroughly
equallyamongthosetwo transitions. Next we observe ) .
Bothstates1 and4 haveonly oneoutgoingtransition.State
1 hasseenthis observationoftenin training,state4 hasal-
mostnever seenthis observation; but like state1, state4
hasno choicebut to passall its massto its singleoutgoing
transition,sinceit is not generatingthe observation, only
conditioningon it. Thus,stateswith asingleoutgoingtran-
sitioneffectively ignoretheirobservations.Moregenerally,
stateswith low-entropy next statedistributionswill takelit-
tle noticeof observations. Returningto the example,the
top pathandthe bottompathwill be aboutequallylikely,
independentlyof the observation sequence.If oneof the
two wordsis slightly morecommonin thetrainingset,the
transitionsout of thestartstatewill slightly preferits cor-
respondingtransition,andthat word’s statesequencewill
alwayswin. This behavior is demonstratedexperimentally
in Section5.

LéonBottou (1991)discussedtwo solutionsfor the label
biasproblem. Oneis to changethe state-transitionstruc-



tureof themodel. In theaboveexamplewe couldcollapse
states1 and4, anddelaythebranchinguntil we geta dis-
criminating observation. This operationis a specialcase
of determinization(Mohri, 1997), but determinizationof
weightedfinite-statemachinesis not alwayspossible,and
even when possible,it may lead to combinatorialexplo-
sion. Theothersolutionmentionedis to startwith a fully-
connectedmodelandlet the training procedurefigure out
a goodstructure.But thatwould precludetheuseof prior
structuralknowledgethat hasprovensovaluablein infor-
mationextractiontasks(Freitag& McCallum,2000).

Propersolutions require models that accountfor whole
statesequencesat onceby letting sometransitions“vote”
morestronglythanothersdependingon thecorresponding
observations.This impliesthatscoremasswill not becon-
served,but insteadindividual transitionscan“amplify” or
“dampen”themassthey receive. In theaboveexample,the
transitionsfrom thestartstatewould have a very weakef-
fectonpathscore,while thetransitionsfrom states1 and4
would have muchstrongereffects,amplifying or damping
dependingon the actualobservation,anda proportionally
highercontribution to theselectionof theViterbi path.3

In therelatedwork sectionwediscussotherheuristicmodel
classesthataccountfor statesequencesgloballyratherthan
locally. To the bestof our knowledge,CRFsarethe only
modelclassthatdoesthis in a purelyprobabilisticsetting,
with guaranteedglobalmaximumlikelihoodconvergence.

3. Conditional Random Fields

In what follows, - is a randomvariable over data se-
quencesto be labeled,and . is a randomvariableover
correspondinglabel sequences.All components.0/ of .
areassumedto rangeoverafinite labelalphabet1 . For ex-
ample,- might rangeovernaturallanguagesentencesand. rangeover part-of-speechtaggingsof thosesentences,
with 1 the set of possiblepart-of-speechtags. The ran-
domvariables- and . arejointly distributed,but in adis-
criminative framework we constructa conditionalmodel243 .65 -07 from pairedobservationandlabelsequences,and
do not explicitly modelthemarginal 243 -07 .8:9 ;,<�= > = ?@<

. A,B C:DFE 3 G4H I 7KJ BMLON P L Q'RTS U V RWC R'L C.XE 3 .0Y 7 Y Z [�\,S ]^C R'L C_.a` S%` b@c B d@B ceJ fgC R@B0h B P C ` V B S] ijDjkml4R@B b 3 - H .^7:` S^Lgn o p q r s r o p t uwv t p q o xzy { u qM` bV L S B \ |,R@B b%V ] b@c ` C ` ] b@B c_] bj-:\ C R@B4P L b@c ] }"h L P ` L J ~ B S�.0Y] J B fMC R@B��KL P � ] h_Q'P ] Q4B P C fM|,` C RKP B S Q4B V C�C ]0C R@B�N P L Q'R��243 .0Y�5 - H .0� H �m�EW� 7�E 243 .0Y�5 - H .0� H �W� � 7 \w|,R@B P B�g� �%}:B L b S�C R'L C � L b@c%�0L P B�b@B ` N R@J ] P S�` b^D%k
Thus,a CRFis a randomfield globally conditionedon the
observation - . Throughoutthe paperwe tacitly assume
that thegraph D is fixed. In thesimplestandmostimpor-

3Weighteddeterminizationandminimizationtechniquesshift
transitionweightswhile preservingoverall path weight (Mohri,
2000);their connectionto thisdiscussiondeservesfurtherstudy.

tantexamplefor modelingsequences,D is a simplechain
or line: D�E 3 G E�� � H � H � � � �K� H I E�� 3 � H ��� � 7 � 7 .- may also have a natural graph structure;yet in gen-
eral it is not necessaryto assumethat - and . have the
samegraphicalstructure,or even that - hasany graph-
ical structureat all. However, in this paperwe will be
most concernedwith sequences-FE 3 -:� H -0� H � � � H -%�'7
and .�E 3 .^� H .:� H � � � H .0�'7 .
If the graph D�E 3 G,H I 7 of . is a tree(of which a chain
is thesimplestexample),its cliquesaretheedgesandver-
tices. Therefore,by the fundamentaltheoremof random
fields (Hammersley & Clifford, 1971), the joint distribu-
tion over thelabelsequence. given - hastheform2@� 3 � 5 ��7,� (1)� � � ��T�  Z ¡4¢ £�¤ £4¥ £ 3 ¦ H � 5   H ��7 �

�
Y Z [ ¢ £'§ £@¨ £ 3 � H � 5 Y H ��7 ©ª ,

where� is a datasequence,� a labelsequence,and � 5 « is
the setof componentsof � associatedwith the verticesin
subgraph¬ .

We assumethatthe  { t s ® v { ¯�¥ £ and ¨ £ aregivenandfixed.
For example,a Booleanvertex featurë £ might be true if
theword -%/ is uppercaseandthetag .0/ is “propernoun.”

The parameterestimationproblemis to determinethe pa-
rameters°ME 3 ¤ � H ¤ � H � � � ± § � H § � H � � � 7 from training data² EW� 3 �4³ / ´ H � ³ / ´ 7 � µ/ ¶4� with empiricaldistribution · 243 � H � 7 .
In Section4 we describeaniterativescalingalgorithmthat
maximizesthelog-likelihoodobjective function ¸ 3 ° 7 :

¸ 3 ° 7�E µ� / ¶��@¹ º » 2@� 3 � ³ / ´ 5 � ³ / ´ 7� � ¼ ¢ ½ · 243 � H � 7 ¹ º » 2@� 3 � 5 ��7 .
As a particularcase,we canconstructan HMM-lik e CRF
by definingonefeaturefor eachstatepair 3 ¾ ¿ H ¾ 7 , andone
featurefor eachstate-observationpair 3 ¾'H À 7 :¥ Á Â ¢ Á 3 Ã4Ä�H � Å H � 5 Æ'Ç ¢ Y È H ��7�EÊÉ 3 � Ç H ¾ ¿ 7 É 3 � Y H ¾ 7¨ Á ¢ Ë 3 � H � 5 Y H ��7�EÊÉ 3 � Y H ¾ 7 É 3 �@Y H À 7 .
Thecorrespondingparameters¤ Á Â ¢ Á and § Á ¢ Ë play a simi-
lar role to the (logarithmsof the) usualHMM parametersÌ43 ¾ ¿ 5 ¾ 7 andÌ43 À 5 ¾ 7 . Boltzmannchainmodels(Saul& Jor-
dan,1996; MacKay, 1996)have a similar form but usea
singlenormalizationconstantto yield a joint distribution,
whereasCRFsusethe observation-dependentnormaliza-
tion Í 3 ��7 for conditionaldistributions.

Although it encompassesHMM-lik e models,the classof
conditional randomfields is much more expressive, be-
causeit allows arbitrarydependencieson the observation
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Figure2. Graphicalstructuresof simpleHMMs (left), MEMMs (center),andthechain-structuredcaseof CRFs(right) for sequences.
An opencircle indicatesthatthevariableis notgeneratedby themodel.

sequence.In addition,the featuresdo not needto specify
completelya stateor observation,soonemight expectthat
themodelcanbeestimatedfrom lesstrainingdata.Another
attractivepropertyis theconvexity of thelossfunction; in-
deed,CRFsshareall of theconvexity propertiesof general
maximumentropy models.

For the remainderof the paperwe assumethat thedepen-
denciesof

Î
, conditionedon

×
, form a chain. To sim-

plify someexpressions,weaddspecialstartandstopstatesÎ0ÛjÜÞÝ ß à á ß
and
Î0â Ó4Ñ�ÜÞÝ ß ã ä

. Thus,we will beusingthe
graphicalstructureshown in Figure2. For a chainstruc-
ture,theconditionalprobabilityof a labelsequencecanbe
expressedconciselyin matrix form, which will be useful
in describingthe parameterestimationand inferenceal-
gorithmsin Section4. Supposethat å@æ ç Î�è ×0é is a CRF
given by (1). For eachposition ê in the observation se-
quenceë , we definethe

è ì%è íOè ì%è
matrix randomvariableî Ï ç ë é,ÜWï î Ï ç ð ñ ò ð è ë é ó byî Ï ç ð ñ ò ð è ë é�ÜÊô õ ö ç ÷ Ï ç ð ñ ò ð è ë é é÷ Ï ç ð ñ ò ð è ë é�ÜùøWú4û ú,ü ú ç ý Ï ò ÎOè þ ÿ4Ü ç ð ñ ò ð é ò ë é��øWú�� ú�� ú ç � Ï ò ÎOè � ÿ4Ü ð'ò ë é ,

where ý Ï is the edgewith labels ç Î0Ï Ð�Ñ ò Î0Ï é and � Ï is the
vertex with label

Î0Ï
. In contrastto generativemodels,con-

ditional modelslike CRFsdo not needto enumerateover
all possibleobservation sequencesë , and thereforethese
matricescanbecomputeddirectly asneededfrom a given
training or testobservationsequenceë andthe parameter
vector � . Thenthenormalization(partitionfunction) �wæ ç ë é
is the ç Ý ß à á ß ò Ý ß ã ä é entryof theproductof thesematrices:�,æ ç ë émÜ ç î Ñ ç ë é î
	 ç ë é�� � � î â Ó�Ñ ç ë é é  � � � � �  � � � .

Using this notation,the conditionalprobability of a label
sequence� is writtenaså@æ ç � è ë émÜ�� â Ó�ÑÏ ��Ñ î Ï ç � Ï Ð�Ñ ò � Ï@è ë é� � â Ó4ÑÏ �4Ñ î Ï ç ë é �  � � � � �  � � � ,

where� Û�ÜgÝ ß à á ß and � â Ó�Ñ�ÜgÝ ß ã ä .
4. Parameter Estimation for CRFs

We now describetwo iterative scalingalgorithmsto find
the parametervector � that maximizesthe log-likelihood

of the trainingdata.Both algorithmsarebasedon the im-
provediterativescaling(IIS) algorithmof DellaPietraetal.
(1997); the proof techniquebasedon auxiliary functions
canbeextendedto show convergenceof thealgorithmsfor
CRFs.

Iterative scalingalgorithmsupdatethe weightsas
û ú��û ú ��� û ú

and
� ú
� � ú ��� � ú

for appropriatelychosen� û ú
and
� � ú

. In particular, theIIS update
� û ú

for anedge
feature

ü ú
is thesolutionof�� ï ü ú ó defÜ! " � # � å4ç ë4ò � é

â Ó�Ñ Ï ��Ñ ü ú ç ý Ï ò � è þ ÿ ò ë éÜ$ " � # � å4ç ë é å,ç � è ë é
â Ó�Ñ Ï �4Ñ ü ú ç ý Ï ò � è þ ÿ ò ë é ý�% & ' (�) " � # * .

where+_ç ë4ò � é is the , - , . /10 2 . , 3 4 2�5 - 3 6 ,+jç ë4ò � é defÜ  Ï � ú ü ú ç ý Ï ò � è þ ÿ ò ë é��  Ï � ú � ú ç � Ï ò � è � ÿ ò ë é .
Theequationsfor vertex featureupdates

� � ú
have similar

form.

However, efficiently computingthe exponentialsumson
theright-handsidesof theseequationsis problematic,be-
cause+jç ë4ò � é is a globalpropertyof ç ë4ò � é , anddynamic
programmingwill sum over sequenceswith potentially
varying + . To dealwith this, thefirst algorithm,Algorithm
S, usesa “slack feature.” Thesecond,Algorithm T, keeps
trackof partial + totals.

For Algorithm S,we definethe 7 / . 5 890 2 . , 3 4 2 by: ç ë4ò � é defÜ;=<  Ï  ú ü ú ç ý Ï ò � è þ ÿ ò ë é><  Ï  ú � ú ç � Ï ò � è � ÿ ò ë é ,
where

;
is a constantchosensothat : ç ë ) Ï * ò � é�?A@ for all� andall observationvectorsë ) Ï * in the training set,thus

making +jç ë4ò � éwÜB; . Feature: is “global,” that is, it does
not correspondto any particularedgeor vertex.

For eachindex ê ÜA@ ò C C C ò D �
E wenow definethe 0 - 4 FG. 4 HI 2 5 , - 4 7KJ Ï ç ë é with basecase

J Û ç ð è ë éKÜML E if ð ÜgÝ ß à á ß@
otherwise



andrecurrenceN�O P Q�R
STN�O U�V P Q�R W=O P Q�R
.

Similarly, the X Y Z [ \�Y ] ^`_ a Z b c ] dfe
O P Q�R

aredefinedby

e1g h
V P ikj Q�R=SMl=m

if

i9SAn o p q
r

otherwise

and e
O P Q�R sMSTW
O

h
V P Q�R
e
O
h
V P Q�R

.

With thesedefinitions,theupdateequationsare

t u1v S mwyx z {
|}9~ v}9~ vk� t ��v
S m
wBx z {=|}�� v}�� v ,

where

}k~ v SM� � | �
P Q�R g h

V� O ��V � � � � � ~ v
P � O
� �
j � �GSyP i �

�
i R
�
Q�R��

N�O U�V P i � j Q�R W=O P i � �
ikj Q�R

e
O P ikj Q�R

�f� P Q�R
}�� v S � � | �

P Q�R g� O ��V � � � v
P � O
� �
j � �GSAi

�
Q�R��

N�O P ikj Q�R
e
O P ikj Q�R

�>� P Q�R .

Thefactorsinvolving theforwardandbackwardvectorsin
theaboveequationshavethesamemeaningasfor standard
hiddenMarkov models.For example,

� �
P �`O�SAikj Q�R�S N�O P ikj Q�R

e
O P ikj Q�R

�>� P Q�R
is themarginal probability of label

�`O�S�i
given that the

observationsequenceis

Q
. Thisalgorithmis closelyrelated

to thealgorithmof DarrochandRatcliff (1972),andMART
algorithmsusedin imagereconstruction.

Theconstant
w

in Algorithm S canbequitelarge,sincein
practiceit is proportionalto thelengthof thelongesttrain-
ing observationsequence.As a result,the algorithmmay
convergeslowly, takingvery small stepstoward themaxi-
mumin eachiteration.If thelengthof theobservations

QG� O �
and the numberof active featuresvariesgreatly, a faster-
converging algorithmcanbeobtainedby keepingtrackof
featuretotalsfor eachobservationsequenceseparately.

Let �
P Q�R

def

S���� � �
�
P Q
� �
R
. Algorithm T accumulates

featureexpectationsinto countersindexedby �
P Q�R

. More
specifically, we usetheforward-backwardrecurrencesjust
introducedto computethe expectations  v � ¡ of feature

~ v
and ¢ v � ¡ of feature

� v
giventhat �

P Q�R>SA£
. Thenourparam-

eterupdatesare
t u1v S x z {>e v and

t ��v S x z {G¤ v , where

e v and ¤ v are the uniquepositive roots to the following
polynomialequations¥

max

� O �1¦   v � ¡ e ¡v
S
|}9~ v �

¥
max

� O ��¦ ¢ v � ¡ ¤ ¡v
S
|}�� v , (2)

which canbeeasilycomputedby Newton’smethod.

A single iteration of Algorithm S and Algorithm T has
roughly the sametime and spacecomplexity as the well
known Baum-Welchalgorithmfor HMMs. To prove con-
vergenceof our algorithms, we can derive an auxiliary
functionto boundthechangein likelihoodfrom below; this
methodis developedin detailby Della Pietraet al. (1997).
Thefull proof is somewhatdetailed;however, herewegive
anideaof how to derivetheauxiliary function.To simplify
notation,weassumeonly edgefeatures

~ v
with parametersu1v

.

Given two parametersettings§
SMP u V � u1¨ � © © ©

R
and § �

SP u V ª t u V � u1¨
ª t u1¨ � © © ©

R
, weboundfrom below thechange

in theobjectivefunctionwith an Y « ¬  ®  Y ] ¯k° « ± Z b  c ±>²
P
§ � � §
R

asfollows³ P §
� RG´ ³ P §

RMS �
� � � | �
P Q
� �
R
x z { � � �

P
�
j Q�R

� �
P
�
j Q�R

SµP
§
�1´
§
R>¶
|}9~
´ �
� | �
P Q�R
x z { �f� �

P Q�R
�>� P Q�R

· P
§
�1´
§
R>¶
|}9~
´ �
� | �
P Q�R �f� � P Q�R�>� P Q�RS t u ¶ |}9~

´ �
� | �
P Q�R � ��¸ � P �

j Q�R � ¹ º » ¼ � � � � �
· t u ¶ |}9~

´ �
� � � � v | �

P Q�R ¸ � P �
j Q�R ~ v P Q � �

R
�
P Q�R � ¹ º ½ ¥ � � �

def

S
²
P
§
�
� §
R

wherethe inequalitiesfollow from the convexity of

´
x z {

and ¾
� ¿

. Dif ferentiating² with respectto
t u1v

andsetting
theresultto zeroyieldsequation(2).

5. Experiments

Wefirst discusstwo setsof experimentswith syntheticdata
thathighlight thedifferencesbetweenCRFsandMEMMs.
The first experimentsarea direct verificationof the label
biasproblemdiscussedin Section2. In the secondsetof
experiments,we generatesyntheticdatausing randomly
chosenhiddenMarkov models,eachof which is a mix-
ture of a first-orderandsecond-ordermodel. CompetingÀGÁ Â Ã Ä Å Á Æ Ç Á

modelsarethentrainedandcomparedon test
data. As thedatabecomesmoresecond-order, the tester-
ror ratesof the trainedmodelsincrease.This experiment
correspondsto thecommonmodelingpracticeof approxi-
matingcomplex local andlong-rangedependencies,asoc-
cur in naturaldata,by small-orderMarkov models. Our
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Figure3. Plotsof É1ÊfÉ errorratesfor HMMs, CRFs,andMEMMs onrandomlygeneratedsyntheticdatasets,asdescribedin Section5.2.
As the databecomes“more secondorder,” the error ratesof the testmodelsincrease.As shown in the left plot, the CRF typically
significantlyoutperformstheMEMM. Thecenterplot shows thattheHMM outperformstheMEMM. In theright plot, eachopensquare
representsa datasetwith Ë`ÌyÍÎ , anda solidcircle indicatesa datasetwith Ë`ÏBÍÎ . Theplot shows thatwhenthedatais mostlysecond
order( Ë=Ï ÍÎ ), thediscriminatively trainedCRFtypically outperformstheHMM. Theseexperimentsarenot designedto demonstrate
theadvantagesof theadditionalrepresentationalpower of CRFsandMEMMs relative to HMMs.

resultsclearly indicatethat even whenthe modelsarepa-
rameterizedin exactly the sameway, CRFsare more ro-
bust to inaccuratemodelingassumptionsthanMEMMs or
HMMs, andresolve the label biasproblem,which affects
the performanceof MEMMs. To avoid confusionof dif-
ferenteffects,theMEMMs andCRFsin theseexperimentsÐ ÑÓÒ�Ñ Ô

useoverlappingfeaturesof the observations. Fi-
nally, in a setof POStaggingexperiments,we confirmthe
advantageof CRFsover MEMMs. We alsoshow that the
additionof overlappingfeaturesto CRFsandMEMMs al-
lows themto performmuchbetterthanHMMs, asalready
shown for MEMMs by McCallumet al. (2000).

5.1 Modeling label bias

We generatedatafrom a simple HMM which encodesa
noisyversionof thefinite-statenetwork in Figure1. Each
stateemits its designatedsymbol with probability Õ Ö × Ø Õ
andany of the othersymbolswith probability Ù × Ø Õ . We
train bothanMEMM anda CRFwith thesametopologies
on the datageneratedby the HMM. The observation fea-
turesare simply the identity of the observation symbols.
In a typical run using Õ Ú Û Û Û trainingand Ü Û Û testsamples,
trainedto convergenceof the iterative scalingalgorithm,
the CRF error is Ý1Þ ß à while the MEMM error is Ý Õ à ,
showing that theMEMM fails to discriminatebetweenthe
two branches.

5.2 Modeling mixed-order sources

For theseresults,we usefive labels, á â ã ( ä å�ä æyÜ ), and26
observation values,ç�â è ( ä éÓäGæêÕ ß ); however, the results
werequalitatively thesameovera rangeof sizesfor å andé . We generatedatafrom a mixed-orderHMM with state
transition probabilities given by ë�ì�í î�ï�ä î�ï ð�ñ Ú î�ï ð�ò óôæõ ë�ò í î�ï�ä î�ï ð�ñ Ú î�ï ð�ò ó�öôí Ùø÷ õ ó ë�ñ í î�ï�ä î�ï ð�ñ ó and, simi-
larly, emissionprobabilitiesgiven by ë�ì�í ù�ï�ä î�ï Ú ù�ï ð�ñ ó�æõ ë�ò í ù�ï�ä î�ï Ú ù�ï ð�ñ ó ö�í Ù ÷ õ ó ë�ñ í ù�ï�ä î�ï ó . Thus,for õ æAÛ we
have a standardfirst-orderHMM. In orderto limit thesize

of the Bayeserror rate for the resultingmodels,the con-
ditional probability tablesë�ì areconstrainedto besparse.
In particular, ë�ì�í ú ä û1Ú û ü ó canhaveat mosttwo nonzeroen-
tries,for eachû1Ú û ü , and ý�ì�í ú ä û1Ú þ ü ó canhaveat mostthree
nonzeroentriesfor each û1Ú þ1ü . For eachrandomlygener-
atedmodel, a sampleof 1,000sequencesof length25 is
generatedfor trainingandtesting.

On eachrandomlygeneratedtrainingset,a CRFis trained
usingAlgorithm S. (Note that sincethe lengthof the se-
quencesandnumberof active featuresis constant,Algo-
rithmsS andT areidentical.) Thealgorithmis fairly slow
to converge,typically taking approximately500 iterations
for the model to stabilize. On the 500 MHz PentiumPC
usedin ourexperiments,eachiterationtakesapproximately
0.2seconds.On thesamedataanMEMM is trainedusing
iterativescaling,whichdoesnot requireforward-backward
calculations,andis thusmoreefficient. TheMEMM train-
ing convergesmorequickly, stabilizingafterapproximately
100 iterations. For eachmodel, the Viterbi algorithm is
usedto labela testset;theexperimentalresultsdo not sig-
nificantly changewhenusingforward-backwarddecoding
to minimizetheper-symbolerrorrate.

Theresultsof severalrunsarepresentedin Figure3. Each
plot comparestwo classesof models,with eachpoint indi-
catingtheerrorratefor asingletestset.As õ increases,the
errorratesgenerallyincrease,asthefirst-ordermodelsfail
to fit the second-orderdata. The figure comparesmodels
parameterizedas ÿ�� , � � � � � , and

� � � � � � � ; resultsfor models
parameterizedas ÿ�� , � � � � � , and ÿ�� � � arequalitatively the
same.As shown in thefirst graph,theCRFgenerallyout-
performstheMEMM, oftenby awidemarginof 10%–20%
relative error. (The points for very small error rate,withõ�� Û1Þ Û Ù , wherethe MEMM doesbetterthan the CRF,
aresuspectedto be the resultof an insufficient numberof
trainingiterationsfor theCRF.)
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Figure4. Per-word error ratesfor POStaggingon thePenntree-
bank,usingfirst-ordermodelstrainedon 50%of the1.1 million
wordcorpus.Theoov rateis 5.45%.

5.3 POS tagging experiments

To confirm our syntheticdataresults,we also compared
HMMs, MEMMs and CRFson PenntreebankPOStag-
ging, whereeachword in a given input sentencemustbe
labeledwith oneof 45 syntactictags.

We carriedout two setsof experimentswith this natural
languagedata.First,wetrainedfirst-orderHMM, MEMM,
andCRF modelsasin the syntheticdataexperiments,in-
troducingparameters��� � � for eachtag-wordpairand � � � � �
for eachtag-tagpair in thetrainingset.Theresultsarecon-
sistentwith what is observedon syntheticdata: theHMM
outperformstheMEMM, asaconsequenceof thelabelbias
problem,while the CRF outperformsthe HMM. The er-
ror ratesfor trainingrunsusinga 50%-50%train-testsplit
areshown in Figure5.3; the resultsarequalitatively sim-
ilar for other splits of the data. The error rateson out-
of-vocabulary (oov) words,which arenot observed in the
trainingset,arereportedseparately.

In thesecondsetof experiments,we take advantageof the
power of conditionalmodelsby addinga small setof or-
thographicfeatures:whetheraspellingbeginswith anum-
beror uppercaseletter, whetherit containsa hyphen,and
whetherit endsin one of the following suffixes: � � � ������ �  �!� " # �$� % �!� &  �$� � � � �!� ' � � � �!� � '  �!� � " % . Herewe find, as
expected,thatboththeMEMM andtheCRFbenefitsignif-
icantly from theuseof thesefeatures,with theoverallerror
ratereducedby around25%,andtheout-of-vocabularyer-
ror ratereducedby around50%.

Oneusuallystartstrainingfrom theall zeroparametervec-
tor, correspondingto the uniform distribution. However,
for thesedatasets,CRF training with that initialization is
much slower than MEMM training. Fortunately, we can
use the optimal MEMM parametervector as a starting
point for training the correspondingCRF. In Figure 5.3,
MEMM � wastrainedto convergencein around100 iter-
ations.Its parameterswerethenusedto initialize thetrain-
ing of CRF� , which convergedin 1,000iterations.In con-
trast,trainingof thesameCRFfrom theuniform distribu-
tion hadnotconvergedevenafter2,000iterations.

6. Further Aspects of CRFs

Many further aspectsof CRFsare attractive for applica-
tions anddeserve further study. In this sectionwe briefly
mentionjust two.

Conditionalrandomfields canbe trainedusing the expo-
nentiallossobjective functionusedby theAdaBoostalgo-
rithm (Freund& Schapire,1997). Typically, boostingis
appliedto classificationproblemswith a small,fixednum-
berof classes;applicationsof boostingtosequencelabeling
have treatedeachlabelasa separateclassificationproblem
(Abney et al., 1999). However, it is possibleto apply the
parallel updatealgorithm of Collins et al. (2000) to op-
timize the per-sequenceexponentialloss. This requiresa
forward-backwardalgorithmto computeefficiently certain
featureexpectations,along the lines of Algorithm T, ex-
ceptthateachfeaturerequiresaseparatesetof forwardand
backwardaccumulators.

Another attractive aspectof CRFsis that onecan imple-
ment efficient featureselectionand featureinduction al-
gorithmsfor them. That is, ratherthanspecifyingin ad-
vancewhichfeaturesof ( )+* ,.- to use,wecouldstartfrom
feature-generatingrulesandevaluatethe benefitof gener-
atedfeaturesautomaticallyon data. In particular, the fea-
ture induction algorithmspresentedin Della Pietraet al.
(1997) can be adaptedto fit the dynamic programming
techniquesof conditionalrandomfields.

7. Related Work and Conclusions

As far aswe know, thepresentwork is thefirst to combine
thebenefitsof conditionalmodelswith theglobalnormal-
izationof randomfield models.Otherapplicationsof expo-
nentialmodelsin sequencemodelinghaveeitherattempted
to build generative models(Rosenfeld,1997), which in-
volve a hardnormalizationproblem,or adoptedlocal con-
ditional models(Berger et al., 1996; Ratnaparkhi,1996;
McCallumet al., 2000)thatmaysuffer from labelbias.

Non-probabilistic local decision models have also been
widely used in segmentationand tagging (Brill, 1995;
Roth,1998;Abney et al., 1999). Becauseof thecomputa-
tional complexity of globaltraining,thesemodelsareonly
trainedto minimize the error of individual label decisions
assumingthatneighboringlabelsarecorrectlychosen.La-
belbiaswouldbeexpectedto bea problemheretoo.

An alternative approachto discriminative modelingof se-
quencelabeling is to usea permissive generative model,
which can only model local dependencies,to producea
list of candidates,andthenusea moreglobal discrimina-
tive model to rerankthosecandidates.This approachis
standardin large-vocabularyspeechrecognition(Schwartz
& Austin, 1993),andhasalsobeenproposedfor parsing
(Collins,2000).However, thesemethodsfail whenthecor-
rectoutputis prunedaway in thefirst pass.



Closestto our proposalaregradient-descentmethodsthat
adjusttheparametersof all of the local classifiersto mini-
mizea smoothlossfunction(e.g.,quadraticloss)combin-
ing losstermsfor eachlabel. If statedependenciesarelo-
cal,thiscanbedoneefficientlywith dynamicprogramming
(LeCunet al., 1998). Suchmethodsshouldalleviate label
bias. However, their loss function is not convex, so they
maygetstuckin localminima.

Conditionalrandomfields offer a uniquecombinationof
properties: discriminatively trainedmodelsfor sequence
segmentationandlabeling;combinationof arbitrary, over-
lappingandagglomerative observationfeaturesfrom both
the pastand future; efficient training anddecodingbased
on dynamicprogramming;andparameterestimationguar-
anteedto find theglobaloptimum.Theirmaincurrentlim-
itation is the slow convergenceof the training algorithm
relativeto MEMMs, let aloneto HMMs, for which training
on fully observeddatais very efficient. In futurework, we
planto investigatealternative trainingmethodssuchasthe
updatemethodsof Collinsetal. (2000)andrefinementson
usinga MEMM asstartingpoint aswe did in someof our
experiments.More generaltree-structuredrandomfields,
featureinductionmethods,andfurthernaturaldataevalua-
tionswill alsobeinvestigated.
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naissancedela parole. Doctoraldissertation,Universit́e
deParisXI.

Brill, E. (1995). Transformation-basederror-drivenlearn-
ing andnaturallanguageprocessing:acasestudyin part
of speechtagging.ComputationalLinguistics, 21, 543–
565.

Collins, M. (2000). Discriminative rerankingfor natural
languageparsing.Proc. ICML 2000. Stanford,Califor-
nia.

Collins,M., Schapire,R.,& Singer, Y. (2000).Logistic re-
gression,AdaBoost,andBregmandistances.Proc.13th
COLT.

Darroch,J.N., & Ratcliff, D. (1972).Generalizediterative

scalingfor log-linearmodels.TheAnnalsof Mathemat-
ical Statistics, 43, 1470–1480.

Della Pietra,S.,Della Pietra,V., & Lafferty, J. (1997). In-
ducingfeaturesof randomfields. IEEE Transactionson
PatternAnalysisandMachineIntelligence, 19, 380–393.

Durbin, R., Eddy, S., Krogh, A., & Mitchison,G. (1998).
Biological sequenceanalysis: Probabilistic modelsof
proteinsandnucleicacids. CambridgeUniversityPress.

Freitag,D., & McCallum,A. (2000). Informationextrac-
tion with HMM structureslearnedby stochasticopti-
mization.Proc.AAAI 2000.

Freund,Y., & Schapire,R. (1997). A decision-theoretic
generalizationof on-line learningandan applicationto
boosting.Journalof ComputerandSystemSciences, 55,
119–139.

Hammersley, J., & Clifford, P. (1971). Markov fields on
finite graphsandlattices.Unpublishedmanuscript.

LeCun,Y., Bottou, L., Bengio,Y., & Haffner, P. (1998).
Gradient-basedlearning applied to documentrecogni-
tion. Proceedingsof theIEEE, 86, 2278–2324.

MacKay, D. J. (1996). Equivalenceof linear Boltzmann
chainsandhiddenMarkov models.Neural Computation,
8, 178–181.
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