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Abstract

We presentconditional random fields, a frame-
work for building probabilistic modelsto seg-

mentandlabel sequencelata. Conditionalran-

dom fields offer several advantagesover hid-

den Markov models and stochasticgrammars
for such tasks, including the ability to relax
strongindependencassumptiongnadein those
models. Conditional randomfields also avoid

a fundamentallimitation of maximum entrogy

Markov models(MEMMs) and other discrimi-

native Markov modelsbasedon directedgraph-
ical models,which canbe biasedtowardsstates
with few successostates. We presentiterative

parametelestimationalgorithmsfor conditional
randomfields and comparethe performanceof

the resultingmodelsto HMMs andMEMMSs on

syntheticandnatural-languagdata.

1. Introduction

The needto seggmentand label sequencesarisesin mary

different problemsin several scientific fields. Hidden
Markov models(HMMs) andstochastigrammarsarewell

understoodandwidely usedprobabilisticmodelsfor such
problems.In computationabiology, HMMs andstochas-
tic grammarshave been successfullyusedto align bio-

logical sequencedind sequencelomologougo a known

evolutionaryfamily, andanalyzeRNA secondanstructure
(Durbin et al., 1998). In computationallinguistics and
computerscience,HMMs and stochasticgrammarshave

beenappliedto a wide variety of problemsin text and
speechprocessingjncluding topic sggmentation part-of-
speechPOS)tagging,informationextraction,andsyntac-
tic disambiguatiofManning& Schitze,1999).

HMMs andstochastigrammarsregeneratie modelsas-
signinga joint probability to pairedobsenation andlabel
sequencesthe parametersare typically trainedto maxi-

mize the joint likelihood of training examples. To define
a joint probability over obsenation and label sequences,
a generatre model needsto enumerateall possibleob-
senation sequencestypically requiring a representation
in which obsenationsaretask-appropriatatomicentities,
suchaswordsor nucleotidesIn particular it is not practi-
cal to representnultiple interactingfeaturesor long-range
dependenciesf the obsenations sincetheinferenceprob-
lemfor suchmodelsis intractable.

This difficulty is oneof the mainmotivationsfor looking at
conditionalmodelsasanalternatve. A conditionalmodel
specifieghe probabilitiesof possibldabelsequencegiven
an obsenation sequence. Therefore,it doesnot expend
modeling effort on the obsenations, which at test time
arefixed anyway. Furthermorethe conditionalprobabil-
ity of the label sequencecan dependon arbitrary non-
independenteaturesof the obsenation sequencavithout
forcing the modelto accountfor the distribution of those
dependencies hechoserfeaturesnayrepresenattributes
at differentlevels of granularityof the sameobsenations
(for example, words and charactersn English text), or
aggregatepropertiesof the obsenation sequencefor in-
stancetext layout). Theprobabilityof atransitionbetween
labels may dependnot only on the currentobsenation,
but also on pastand future obsenations, if available. In
contrastgeneratie modelsmustmalke very strictindepen-
denceassumptionsnthe obsenations for instancecondi-
tionalindependencgiventhelabels to achieve tractability.

Maximum entropy Markov models(MEMMSs) are condi-
tional probabilisticsequencanodelsthat attain all of the
above advantagegMcCallum et al., 2000). In MEMMs,
eachsourcestaté hasa exponentialmodelthat takesthe
obsenation featuresas input, and outputsa distribution
over possiblenext states. Theseexponentialmodelsare
trainedby an appropriateiterative scalingmethodin the

loutputlabelsareassociatedbith statesit is possiblefor sev-
eral statesto have the samelabel, but for simplicity in therestof
this papemwe assumea one-to-onecorrespondence.



maximumentropy framework. Previously publishedexper
imental resultsshav MEMMs increasingrecall and dou-
bling precisionrelative to HMMs in a FAQ segmentation
task.

MEMMs and other non-generatie finite-state models
based on next-state classifiers, such as discriminative
Markov models(Bottou, 1991), sharea weaknessve call
herethe label bias problem: thetransitiondeaving agiven
statecompeteonly againsteachother, ratherthanagainst
all othertransitionsin the model. In probabilisticterms,
transition scoresare the conditional probabilitiesof pos-
sible next statesgiven the currentstateand the obsena-
tion sequence.This perstatenormalizationof transition
scoresimplies a “consenation of score mass” (Bottou,
1991)wherebyall the massthatarrivesat a statemustbe
distributedamongthe possiblesuccessostates.An obser
vationcanaffect which destinatiorstatesggetthe mass but
not how muchtotal massto passon. This causes biasto-
wardstateswith fewer outgoingtransitions.In the extreme
case,a statewith a single outgoingtransition effectively
ignoresthe obsenation. In thosecasesunlike in HMMs,
Viterbi decodingcannotdowngradea branchbasedon ob-
senationsafter the branchpoint, and modelswith state-
transitionstructureghathave sparselyconnectedthainsof
statesare not properly handled. The Markovian assump-
tionsin MEMMs andsimilar state-conditionamodelsin-
sulatedecisionsat onestatefrom future decisionsn away
thatdoesnot matchthe actualdependenciebetweencon-
secutve states.

This paperintroducesconditional random fields (CRFs),a
sequencenodelingframawvork that hasall the advantages
of MEMMSs but also solves the label bias problemin a
principledway. The critical differencebetweenCRFsand
MEMMs is thata MEMM usesperstateexponentialmod-
elsfor the conditionalprobabilitiesof next stateggiventhe
currentstate,while a CRF hasa single exponentialmodel
for the joint probability of the entire sequenceof labels
giventhe obsenationsequenceTherefore the weightsof
differentfeaturesatdifferentstatesanbetradedoff against
eachother

We canalsothink of a CRFasafinite statemodelwith un-

normalizedtransitionprobabilities. However, unlike some
otherweightedfinite-stateapproachef_eCunetal., 1998),
CRFsassigna well-defined probability distribution over
possibldabelings trainedby maximumlik elihoodor MAP

estimation Furthermorethelossfunctionis corvex,? guar

anteeingcorvergenceto the global optimum. CRFsalso
generalizeeasily to analoguesof stochasticcontext-free
grammarghatwould be usefulin suchproblemsas RNA

secondarystructureprediction and natural languagepro-
cessing.

2In the caseof fully obserable states,aswe are discussing
here;if severalstateshave the sameabel,theusuallocal maxima
of Baum-Welcharise.

Figurel. Labelbiasexample,after (Bottou, 1991). For concise-
ness,we placeobseration-labelpairso : [ on transitionsrather
thanstatesthesymbol‘_' representshenull outputlabel.

We presenthemodel,describawo trainingproceduresnd
sketcha proof of corvergence.We alsogive experimental
resultson syntheticdatashawving that CRFssolwve theclas-
sical versionof the label biasproblem,and, more signifi-
cantly, that CRFsperformbetterthanHMMs andMEMMs
whenthetrue datadistribution hashigherorderdependen-
ciesthanthemodel,asis oftenthe casen practice.Finally,
we confirmtheseresultsaswell asthe claimedadwantages
of conditionalmodelsby evaluatingHMMs, MEMMs and
CRFswith identicalstatestructureon a part-of-speechag-
gingtask.

2. The Label Bias Problem

Classicalprobabilisticautomata(Paz, 1971), discrimina-
tive Markov models (Bottou, 1991), maximum entrogy
taggers(Ratnaparkhi,1996), and MEMMSs, as well as
non-probabilisticequencéaggingandsegmentatiormod-
els with independenthtrained next-stateclassifiers(Pun-
yakanok& Roth,2001)areall potentialvictims of thelabel
biasproblem.

For example, Figure 1 representsa simple finite-state
modeldesignedo distinguishbetweenthe two wordsrib
androb. Supposehat the obsenation sequences r i b.
In the first time step,r matchesboth transitionsfrom the
startstate,so the probability massgetsdistributedroughly
equally amongthosetwo transitions. Next we obsene i.
Bothstatesl and4 have only oneoutgoingtransition.State
1 hasseerthis obsenationoftenin training, state4 hasal-
mostnever seenthis obsenation; but like statel, state4
hasno choicebut to passall its massto its singleoutgoing
transition,sinceit is not generatingthe obsenation, only
conditioningonit. Thus,stateswith asingleoutgoingtran-
sition effectively ignoretheirobsenations.More generally
stateswith low-entropy next statedistributionswill takelit-
tle notice of obsenations. Returningto the example,the
top pathandthe bottom pathwill be aboutequallylikely,
independenthof the obsenation sequence.lf oneof the
two wordsis slightly morecommonin thetraining set,the
transitionsout of the startstatewill slightly preferits cor-
respondingransition,andthat word’s statesequencawill
alwayswin. This behaior is demonstrategxperimentally
in Section5.

LéonBottou (1991) discussedwo solutionsfor the label
bias problem. Oneis to changethe state-transitiorstruc-



ture of themodel. In the abore examplewe could collapse
statesl and4, anddelaythe branchinguntil we geta dis-
criminating obsenation. This operationis a specialcase
of determinization(Mohri, 1997), but determinizationof
weightedfinite-statemachineds not alwayspossible,and
even when possible,it may leadto combinatorialexplo-
sion. The othersolutionmentioneds to startwith a fully-
connectednodelandlet the training procedurefigure out
a goodstructure.But thatwould precludethe useof prior
structuralknowledgethat hasproven so valuablein infor-
mationextractiontasks(Freitag& McCallum,2000).

Proper solutions require modelsthat accountfor whole
statesequencest onceby letting sometransitions‘vote”
morestronglythanothersdependingon the corresponding
obsenations.Thisimpliesthatscoremasswill notbecon-
sened, but insteadindividual transitionscan “amplify” or
“dampen”"themasghey receve. In theabore example the
transitionsfrom the startstatewould have a very weakef-
fecton pathscore while thetransitionsfrom statesl and4
would have muchstrongereffects,amplifying or damping
dependingon the actualobsenation, anda proportionally
highercontribution to the selectionof the Viterbi path?

In therelatedwork sectionwe discustherheuristicmodel
classeshataccounfor statesequenceglobally ratherthan
locally. To the bestof our knowledge, CRFsarethe only
modelclassthatdoesthis in a purely probabilisticsetting,
with guaranteedlobalmaximumlik elihoodcornvergence.

3. Conditional Random Fields

In what follows, X is a randomvariable over data se-
guencedo be labeled,andY is a randomvariable over
correspondindabel sequencesAll componentsy; of Y
areassumedo rangeover afinite labelalphabefy. For ex-
ample,X mightrangeover naturallanguagesentenceand
Y rangeover part-of-speechiaggingsof thosesentences,
with Y the setof possiblepart-of-speechags. The ran-
domvariablesX andY arejointly distributed,but in adis-
criminative framavork we constructa conditional model
p(Y | X) from pairedobsenationandlabelsequencesnd
do notexplicitly modelthemamginal p(X).

Definition. Let G = (V, E) be a graph such that
Y = (Yu)wev, so that Y is indexed by the vertices
of G. Then (X,Y) is a conditional random field in
case, when conditioned on X, the random variables 'Y,
obey the Markov property with respect to the graph:
Yy | X, Yy, w #£ v) = p(Yy | X, Yu,w ~ v), where

w ~ v means that w and v are neighbors in G.

Thus,a CRFis arandomfield globally conditionedon the
obsenation X. Throughoutthe paperwe tacitly assume
thatthe graphd is fixed. In the simplestandmostimpor-

3Weighteddeterminizatiorandminimizationtechniquesshift
transitionweightswhile preservingoverall path weight (Mohri,
2000);their connectiorto this discussiordeseresfurtherstudy

tantexamplefor modelingsequences; is a simplechain
orline: G = (V = {1,2,..m}E = {(i,i + 1)}).
X may also have a natural graph structure;yet in gen-
eralit is not necessaryo assumehat X andY have the
samegraphicalstructure,or even that X hasary graph-
ical structureat all. However, in this paperwe will be
most concernedvith sequenceX = (X;,Xa,...,X,)
andY = (Yl,Yg, R ,Yn)

If thegraphG = (V, E) of Y is atree (of which a chain
is the simplestexample),its cliguesarethe edgesandver-
tices. Therefore,by the fundamentatheoremof random
fields (Hammerslg & Clifford, 1971), the joint distribu-
tion overthelabelsequenc& givenX hastheform
po(y [x) o ()

Z /\kfk(an|87X)+ Z )ukgk(v7Y|vaX) ’

e€E k veEVE

exp

wherex is a datasequencey alabelsequenceandy|s is
the setof component®f y associateavith the verticesin
subgraphs.

We assumehatthe features f;, andg, aregivenandfixed.
For example,a Booleanvertex featureg, might betrue if
theword X; is uppercaseandthetagY; is “propernoun’

The parameteestimationproblemis to determinethe pa-
rametersd) = (A1, Aa,...;u1, 4o, ...) from training data
D = {(x®,y@) 1N . with empiricaldistribution (x, y).
In Section4 we describeaniterative scalingalgorithmthat
maximizeshelog-likelihoodobjective function©O(9):

N
0O) = > logpa(y® |xD)

i=1

35 y) logpoly| ).

Xy

As a particularcase we canconstructan HMM-lik e CRF
by definingonefeaturefor eachstatepair (', y), andone
featurefor eachstate-obsemtionpair (y, z):

8(Yu,¥") 8(yw,9)
(yw,y) 6(xy,x) .

The correspondingarameters\,, , and y,, ,, play a simi-
lar role to the (logarithmsof the) usualHMM parameters
p(y' | y) andp(z|y). Boltzmannchainmodels(Saul& Jor
dan, 1996; MacKay, 1996) have a similar form but usea
single normalizationconstantto yield a joint distribution,
whereasCRFsuse the obsenation-dependenmiormaliza-
tion Z(x) for conditionaldistributions.

fy/,y(<U,v>,y|<u,v>,x) =
Gy, (va|vvx) -

Although it encompassedMM-lik e models,the classof
conditional randomfields is much more expressie, be-
causeit allows arbitrary dependenciesn the obsenation
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Figure2. Graphicalstructureof simple HMMs (left), MEMMs (center),andthe chain-structured¢aseof CRFs(right) for sequences.
An opencircle indicateshatthevariableis not generatedby the model.

sequenceln addition, the featuresdo not needto specify
completelya stateor obsenation,soonemight expectthat
themodelcanbeestimatedrom lesstrainingdata.Another
attractive propertyis the corvexity of thelossfunction;in-

deed,CRFsshareall of the corvexity propertiesof general
maximumentropy models.

For theremainderof the paperwe assumehatthe depen-
denciesof Y, conditionedon X, form a chain. To sim-
plify someexpressionswe addspecialstartandstopstates
Yo = start andY,,+1 = stop. Thus,we will beusingthe
graphicalstructureshovn in Figure2. For a chainstruc-
ture, the conditionalprobability of a labelsequenceanbe
expressecconciselyin matrix form, which will be useful
in describingthe parameterestimationand inferenceal-
gorithmsin Section4. Supposehat ps(Y | X) is a CRF
given by (1). For eachpositioni in the obsenation se-
guencex, we definethe || x || matrix randomvariable
Mi(x) = [Mi(y/,y| x)] by

Mi(y', y|%)
Ay y %)

exp (Ai(y', v |x))
Zk Ak fk(e’iaY e; (y/ay)ax) +
Yok bk gk (vi, Yo, =y, %)

wheree; is the edgewith labels(Y;_1,Y;) andw; is the
vertex with labelY ;. In contrasto generatie models.con-
ditional modelslike CRFsdo not needto enumeratever
all possibleobsenation sequences, andthereforethese
matricescanbe computeddirectly asneededrom a given
training or testobsenation sequencex andthe parameter
vectord. Thenthenormalizationpartitionfunction) Zs(x)
is the (start, stop) entryof the productof thesematrices:

VA (X) = (Ml (X) M, (X) T Mn+1(x))start,stop '

Using this notation,the conditional probability of a label
sequence is writtenas

15 Mi(yi 1,5:1%)
e

whereyq = start andy,,+1 = stop.

po(y | %)

start,stop

4. Parameter Estimation for CRFs

We now describetwo iterative scalingalgorithmsto find
the parametewrector @ that maximizesthe log-likelihood

of the training data. Both algorithmsarebasedon the im-
provediterative scaling(l1S) algorithmof DellaPietraetal.
(1997); the proof techniquebasedon auxiliary functions
canbeextendedo shov convergenceof thealgorithmsfor
CRFs.

Iterative scalingalgorithmsupdatethe weightsas A\, «
M+ 6\ andpy, — px + dui for appropriatelychosen
0\, anddpy. In particular the IS updates A, for anedge
featuref; is the solutionof

n+1

Elfe] E Y 5y Y fulei ¥le, %)
X,y =1
n+1
e X) e(5)\;CT(x,y) )

= > ) py %)Y falesy

whereT'(x,y) is the total feature count

T(Xa Y) d:ef ka(eia y ez‘ax) + ng(viay
ik

ik

'Uz‘7x)'

The equationdor vertex featureupdatesi i, have similar
form.

However, efficiently computingthe exponentialsumson
theright-handsidesof theseequationds problematic,be-
causel'(x,y) is aglobal propertyof (x,y), anddynamic
programmingwill sum over sequencesvith potentially
varyingT'. To dealwith this, thefirst algorithm,Algorithm
S, usesa “slack feature. The secondAlgorithm T, keeps
trackof partial T" totals.

For Algorithm S, we definethe slack feature by

5(x,y)
S=>"3 fuleny
) k

wheres is a constanchosersothats(x(,y) > 0 for all
y andall obsenationvectorsx(® in thetraining set, thus
makingT'(x,y) = S. Features is “global,” thatis, it does
not correspondo ary particularedgeor vertex.

def

'Uz‘?x)’

eiax) _Zzgk(viay
k

g

Foreachindexi =0, ..., n+ 1 we now definethe forward
vectors «;(x) with basecase
1 ify=start
coly[x) = { 0 otherwise



andrecurrence
ai(x) = ay_1(x) M;(x) .

Similarly, the backward vectors 3;(x) aredefinedby

1 ify=stop
Brialy|x) = {0 otherwise

and

Bi(x)" = Mii1(x)Bipa(x).

With thesedefinitions,the updateequationsare

L Ee L oy Eon
6)\k — gl Ef 6/»Lk — S 10 Egk ’
where
n+1
Bfe = D> () YD frlenyle = @9),%) x
x i=1 v,y
a; 1y | x) Mi(y', v | x) Bi(y | x)
Zg(x)
Ege = > _p(x)>_ x) %
x =1 y
a;(y | x) Bi(y | x)
Zg(X) '

Thefactorsinvolving the forward andbackward vectorsin
theabove equationdave the samemeaningasfor standard
hiddenMarkov models.For example,

o - «0) By
pO(Y’L —y|X) — Z@(X)
is the maminal probability of label Y; = y giventhatthe
obsenationsequencés x. Thisalgorithmis closelyrelated
to thealgorithmof DarrochandRatcliff (1972),andMART
algorithmsusedin imagereconstruction.

TheconstantS in Algorithm S canbe quitelarge, sincein
practiceit is proportionalto thelengthof thelongesttrain-
ing obsenation sequenceAs a result,the algorithmmay
cornvergeslowly, taking very small stepstoward the maxi-
mumin eachiteration. If thelengthof theobsenationsx(®)
andthe numberof active featuresvariesgreatly a faster
converging algorithmcanbe obtainedby keepingtrack of
featuretotalsfor eachobsenationsequencseparately

ef

Let T(x) & max, T(x,y). Algorithm T accumulates
featureexpectationgnto countersndexedby 7'(x). More
specifically we usethe forward-backvardrecurrencegust
introducedto computethe expectationsay, ; of feature fy,
andby, ; of featuregy, giventhatT'(x) = ¢. Thenourparam-
eterupdatesare d\, = log B anddpu, = log~yk, where

Br and~y arethe unique positive rootsto the following
polynomialequations

Tmax Tmax

SareB = Efe, D> bt = Ege, (2
=0 i=0

which canbeeasilycomputedy Newton’s method.

A single iteration of Algorithm S and Algorithm T has
roughly the sametime and spacecompleity asthe well
known Baum-Welch algorithmfor HMMs. To prove con-
vergenceof our algorithms, we can derive an auxiliary
functionto boundthechangen lik elihoodfrom below; this
methodis developedin detailby Della Pietraetal. (1997).
Thefull proofis somavhatdetailedhowever, herewe give
anideaof how to derive theauxiliary function. To simplify
notation,we assumenly edgefeaturesf, with parameters
Ak

Giventwo parametesettings? = (A1, A2,...) andé’ =
(M +A1, A2+ 82, . . .), we boundfrom below thechange
in theobjectivefunctionwith anauxiliary function A(¢', 9)
asfollows

N X, o por(y [ %)
O(0") — 0(0) Zy:p ylgie(ﬂx)
= (0 -0) Ef- Zp Ze/x))
> -0 By - 3509 Z“:

= S\N-Ef - Zp ZPOY|X) S f(xy)

Je(X,Y) sxnrx)
x) po(y | x) T(x oy €

> SN-Ef— > B(x

x,y,k
=A@, 0)

wherethe inequalitiesfollow from the corvexity of —log
andexp. Differentiating.4 with respecto ¢\, andsetting
theresultto zeroyieldsequation(2).

5. Experiments

We first discusgwo setsof experimentswith syntheticdata
thathighlight the differencesbetweenCRFsandMEMMSs.
The first experimentsare a direct verification of the label
biasproblemdiscussedn Section2. In the secondsetof
experiments,we generatesyntheticdatausing randomly
chosenhidden Markov models,eachof which is a mix-
ture of a first-orderand second-ordemodel. Competing
first-order modelsarethentrainedand comparedon test
data. As the databecomesnore second-ordeithe tester
ror ratesof the trainedmodelsincrease.This experiment
correspondso the commonmodelingpracticeof approxi-
matingcomple local andlong-rangedependenciegsoc-
cur in naturaldata, by small-orderMarkov models. Our
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Figure3. Plotsof 2 x 2 errorratesfor HMMs, CRFs,andMEMMs onrandomlygenerategyntheticdatasets asdescribedn Sections.2.
As the databecomes'more secondordet” the error ratesof the testmodelsincrease.As shavn in the left plot, the CRF typically
significantlyoutperformgshe MEMM. Thecenterplot shavs thattheHMM outperformghe MEMM. In theright plot, eachopensquare
representa datasetwith a < % andasolid circle indicatesa datasetwith o > 1. Theplot shaws thatwhenthe datais mostly second
order(a > %), the discriminatizely trainedCRF typically outperformshe HMM. Theseexperimentsarenot designedo demonstrate
theadwantage®of theadditionalrepresentationgdower of CRFsandMEMMs relative to HMMs.

resultsclearly indicatethat even whenthe modelsare pa-
rameterizedn exactly the sameway, CRFsare morero-

bustto inaccuratamodelingassumptionshanMEMMs or

HMMs, andresole the label bias problem,which affects
the performanceof MEMMSs. To avoid confusionof dif-

ferenteffects,the MEMMs andCRFsin theseexperiments
do not useoverlappingfeaturesof the obsenations. Fi-

nally, in a setof POStaggingexperimentsye confirmthe
adwantageof CRFsover MEMMs. We alsoshow thatthe
additionof overlappingfeatureso CRFsandMEMMs al-

lows themto performmuchbetterthanHMMSs, asalready
shavn for MEMMs by McCallumetal. (2000).

5.1 Modeling label bias

We generatedatafrom a simple HMM which encodesa
noisy versionof the finite-statenetwork in Figure1. Each
stateemitsits designatedsymbol with probability 29/32
andary of the other symbolswith probability 1/32. We
train bothanMEMM anda CRF with the sametopologies
on the datageneratedy the HMM. The obsenation fea-
turesare simply the identity of the obsenation symbols.
In atypical run using2, 000 trainingand500 testsamples,
trainedto corvergenceof the iterative scalingalgorithm,
the CRF error is 4.6% while the MEMM error is 42%,
shaving thatthe MEMM fails to discriminatebetweerthe
two branches.

5.2 Modeling mixed-or der sour ces

For theseresults,we usefive labels,a-e (|| = 5), and26
obsenation values,A-Z (|X'| = 26); however, the results
werequalitatvely the sameover arangeof sizesfor Y and
X. We generatedatafrom a mixed-ordetHMM with state
transition probabilities given by p,(y; |yi—1,yi—2) =
ap2(yi|yi-1,yi-2) + (I — @) p1(y: | yi—1) and, simi-
larly, emissionprobabilitiesgiven by p, (x; | yi, x;—1) =
Oépg(Xi | Yi, xi,1)+(1—a) pl(xi | y,) Thus,fora = 0we
have a standardirst-orderHMM. In orderto limit the size

of the Bayeserror rate for the resultingmodels,the con-

ditional probability tablesp,, areconstrainedo be sparse.
In particular p. (- | ¥, ¥") canhave at mosttwo nonzeroen-

tries,for eachy, v/, andp,(- | y, 2') canhave atmostthree
nonzeroentriesfor eachy, z’. For eachrandomlygener

atedmodel, a sampleof 1,000sequencesf length 25 is

generatedor trainingandtesting.

On eachrandomlygeneratedraining set,a CRFis trained
using Algorithm S. (Note that sincethe length of the se-
guencesand numberof active featuresis constant,Algo-
rithms S andT areidentical.) The algorithmis fairly slow
to corverge, typically taking approximately500 iterations
for the modelto stabilize. On the 500 MHz PentiumPC
usedn ourexperimentseachiterationtakesapproximately
0.2secondsOnthesamedataan MEMM s trainedusing
iterative scaling,which doesnot requireforward-backvard
calculationsandis thusmoreefficient. The MEMM train-
ing convergesmorequickly, stabilizingafterapproximately
100 iterations. For eachmodel, the Viterbi algorithmis
usedto labelatestset;the experimentakesultsdo not sig-
nificantly changewhenusingforward-backvard decoding
to minimizethe persymbolerrorrate.

Theresultsof severalrunsare presentedn Figure3. Each
plot compareswo classe®f modelswith eachpointindi-

catingtheerrorratefor asingletestset. As « increasesthe
errorratesgenerallyincreaseasthefirst-ordermodelsfail

to fit the second-ordedata. The figure comparesnodels
parameterizeds sy, Ay o, andAy 4 »; resultsfor models
parameterize@s ., Ay, andy, , arequalitatively the
same.As shown in thefirst graph,the CRFgenerallyout-

performsthe MEMM, oftenby awide mamin of 10%—-20%
relative error. (The pointsfor very small error rate, with

a < 0.01, wherethe MEMM doesbetterthanthe CRE

aresuspectedo be the resultof aninsufiicient numberof

trainingiterationsfor the CRF)



model | error  oov error
HMM | 5.69% 45.99%
MEMM | 6.37% 54.61%
CRF | 5.55% 48.05%
MEMM™ | 4.81% 26.99%
CRF™ | 4.27% 23.76%

TUsingspellingfeatures

Figure4. Perword error ratesfor POStaggingon the Penntree-
bank, usingfirst-ordermodelstrainedon 50% of the 1.1 million
word corpus.Theoov rateis 5.45%.

5.3 POStagging experiments

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

We carriedout two setsof experimentswith this natural
languagedata.First, we trainedfirst-orderHMM, MEMM,

and CRF modelsasin the syntheticdataexperiments,n-
troducingparameterg,, ., for eachtag-word pairandi, ,

for eachtag-tagpairin thetrainingset. Theresultsarecon-
sistentwith whatis obsenedon syntheticdata:the HMM

outperformgheMEMM, asaconsequencef thelabelbias
problem,while the CRF outperformsthe HMM. The er
ror ratesfor training runsusinga 50%-50%train-testsplit
areshowvn in Figure5.3; the resultsare qualitatively sim-
ilar for other splits of the data. The error rateson out-
of-vocahulary (oov) words, which are not obsenedin the
training set,arereportedseparately

In the secondsetof experimentswe take advantageof the
power of conditionalmodelsby addinga small setof or-
thographideatureswhethera spellingbeginswith anum-
ber or uppercaseletter, whetherit containsa hyphen,and
whetherit endsin one of the following suffixes: -ing, -
ogy, -ed, -s, -ly, -ion, -tion, -ity, -ies. Herewe find, as
expectedthatboththe MEMM andthe CRFbenefitsignif-
icantly from the useof thesefeatureswith the overallerror
ratereducedby around25%, andthe out-of-vocatulary er-
ror ratereducedoy around50%.

Oneusuallystartstrainingfrom theall zeroparametewvec-
tor, correspondingo the uniform distribution. However,
for thesedatasetsCRF 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 correspondingCRFE In Figure 5.3,
MEMM T wastrainedto corvergencein around100 iter-
ations.lts parametersverethenusedto initialize thetrain-
ing of CRF", which corvergedin 1,000iterations.In con-
trast,training of the sameCRF from the uniform distribu-
tion hadnot corvergedevenafter2,000iterations.

6. Further Aspects of CRFs

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

Conditionalrandomfields can be trainedusing the expo-
nentiallossobjective function usedby the AdaBoostalgo-
rithm (Freund& Schapire,1997). Typically, boostingis
appliedto classificatiorproblemswith a small,fixed num-
berof classesapplicationf boostingto sequencéabeling
have treatedeachlabelasa separatelassificatiorproblem
(Abney etal., 1999). However, it is possibleto apply the
parallel updatealgorithm of Collins et al. (2000)to op-
timize the persequencexponentialloss. This requiresa
forward-backvardalgorithmto computeefficiently certain
featureexpectations,along the lines of Algorithm T, ex-
ceptthateachfeaturerequiresa separatsetof forwardand
backwardaccumulators.

Another attractve aspectof CRFsis that one canimple-

ment efficient feature selectionand featureinduction al-

gorithmsfor them. Thatis, ratherthan specifyingin ad-

vancewhichfeaturef (X, Y) to use,we couldstartfrom

feature-generatingulesandevaluatethe benefitof gener

atedfeaturesautomaticallyon data. In particular the fea-
ture induction algorithmspresentedn Della Pietraet al.

(1997) can be adaptedto fit the dynamic programming
technique®f conditionalrandomfields.

7. Related Work and Conclusions

As faraswe know, the presentvork is thefirst to combine
the benefitsof conditionalmodelswith the globalnormal-
izationof randomfield models.Otherapplicationsof expo-
nentialmodelsin sequencenodelinghave eitherattempted
to build generatie models(Rosenfeld,1997), which in-
volve a hardnormalizationproblem,or adoptedocal con-
ditional models(Bemger et al., 1996; Ratnaparkhi,1996;
McCallumetal., 2000)thatmay suffer from labelbias.

Non-probabilisticlocal decision models have also been
widely usedin segmentationand tagging (Brill, 1995;

Roth,1998; Abney etal., 1999). Becausef the computa-
tional compleity of globaltraining,thesemodelsareonly

trainedto minimize the error of individual label decisions
assuminghatneighboringabelsarecorrectlychosenl a-

bel biaswould be expectedto be a problemheretoo.

An alternatie approachto discriminatve modelingof se-
guencelabelingis to usea permissve generatie model,
which can only model local dependenciesto producea
list of candidatesandthenusea more global discrimina-
tive modelto rerankthosecandidates. This approachis
standardn large-vocalulary speectrecognition(Schwartz
& Austin, 1993), and hasalso beenproposedor parsing
(Collins,2000).However, thesemethoddail whenthecor-
rectoutputis prunedaway in thefirst pass.



Closestto our proposalare gradient-descennhethodsthat
adjustthe parametersf all of the local classifierso mini-

mize a smoothlossfunction (e.g.,quadratidoss)combin-
ing losstermsfor eachlabel. If statedependenciearelo-

cal, thiscanbedoneefficiently with dynamicprogramming
(LeCunetal., 1998). Suchmethodsshouldalleviate label

bias. However, their loss function is not corvex, so they

may getstuckin local minima.

Conditionalrandomfields offer a unique combinationof
properties: discriminatively trained modelsfor sequence
segmentatiorandlabeling;combinationof arbitrary over-
lappingandagglomeratie obsenationfeaturesfrom both
the pastand future; efficient training and decodingbased
on dynamicprogrammingandparameteestimationguar
anteedo find the globaloptimum. Their maincurrentlim-
itation is the slow convergenceof the training algorithm
relatveto MEMMSs, let aloneto HMMs, for whichtraining
onfully obseneddatais very efficient. In future work, we
planto investigatealternatve training methodssuchasthe
updatemethodsof Collins etal. (2000)andrefinement®n
usinga MEMM asstartingpoint aswe did in someof our
experiments. More generaltree-structuredandomfields,
featureinductionmethodsandfurthernaturaldataevalua-
tionswill alsobeinvestigated.
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