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Abstract

Conditionalrandom�elds for sequencelabel-
ing offer advantagesoverbothgenerativemod-
els like HMMs andclassi�ers appliedat each
sequenceposition. Among sequencelabeling
tasksin languageprocessing,shallow parsing
has received much attention,with the devel-
opmentof standardevaluationdatasetsandex-
tensive comparisonamongmethods.We show
herehow to train a conditionalrandom�eld to
achieve performanceas good as any reported
base noun-phrasechunking method on the
CoNLL task,andbetterthanany reportedsin-
gle model. Improved training methodsbased
on modernoptimizationalgorithmswerecrit-
ical in achieving theseresults.We presentex-
tensivecomparisonsbetweenmodelsandtrain-
ing methodsthat con�rm and strengthenpre-
vious resultson shallow parsingand training
methodsfor maximum-entropy models.

1 Intr oduction

Sequenceanalysistasksin languageandbiology areof-
ten describedas mappingsfrom input sequencesto se-
quencesof labelsencodingtheanalysis.In languagepro-
cessing,examplesof suchtasksinclude part-of-speech
tagging,named-entityrecognition,andthe taskwe shall
focus on here,shallow parsing. Shallow parsingiden-
ti�es the non-recursive coresof variousphrasetypesin
text, possiblyasa precursorto full parsingor informa-
tion extraction(Abney,1991).Theparadigmaticshallow-
parsingproblemis NP chunking, which �nds the non-
recursive coresof noun phrasescalled baseNPs. The
pioneeringwork of Ramshaw and Marcus (1995) in-
troducedNP chunkingas a machine-learningproblem,
with standarddatasetsandevaluationmetrics. The task
wasextendedto additionalphrasetypesfor theCoNLL-
2000sharedtask(TjongKim SangandBuchholz,2000),

which is now the standardevaluation task for shallow
parsing.

Most previous work usedtwo main machine-learning
approachesto sequencelabeling. The �rst approachre-
lies on k-ordergenerative probabilisticmodelsof paired
input sequencesandlabelsequences,for instancehidden
Markov models(HMMs) (FreitagandMcCallum,2000;
Kupiec,1992)or multilevel Markov models(Bikel et al.,
1999).Thesecondapproachviewsthesequencelabeling
problemasasequenceof classi�cationproblems,onefor
eachof the labelsin thesequence.Theclassi�cationre-
sult at eachpositionmaydependon thewholeinput and
on thepreviousk classi�cations.1

The generative approachprovides well-understood
training and decodingalgorithmsfor HMMs and more
generalgraphicalmodels. However, effective genera-
tive modelsrequirestringentconditional independence
assumptions.For instance,it is not practicalto make the
labelat a givenpositiondependon a window on the in-
put sequenceaswell asthesurroundinglabels,sincethe
inferenceproblemfor thecorrespondinggraphicalmodel
would be intractable. Non-independentfeaturesof the
inputs,suchascapitalization,suf�x es,andsurrounding
words, are important in dealing with words unseenin
training, but they aredif�cult to representin generative
models.

The sequential classi�cation approachcan handle
many correlatedfeatures,as demonstratedin work on
maximum-entropy (McCallumet al., 2000;Ratnaparkhi,
1996)anda variety of other linear classi�ers, including
winnow (PunyakanokandRoth, 2001),AdaBoost(Ab-
ney etal.,1999),andsupport-vectormachines(Kudoand
Matsumoto,2001).Furthermore,they aretrainedto min-
imize somefunction relatedto labelingerror, leadingto
smallererrorin practiceif enoughtrainingdataareavail-
able. In contrast,generative modelsaretrainedto max-
imize the joint probability of the training data,which is

1Ramshaw and Marcus (1995) usedtransformation-based
learning(Brill, 1995), which for the presentpurposescan be
toughtof asaclassi�cation-basedmethod.



notascloselytiedto theaccuracy metricsof interestif the
actualdatawasnot generatedby themodel,asis always
thecasein practice.

However, since sequentialclassi�ers are trained to
make the best local decision, unlike generative mod-
els they cannottradeoff decisionsat differentpositions
againsteachother. In otherwords,sequentialclassi�ers
are myopic about the impact of their current decision
on later decisions(Bottou, 1991;Lafferty et al., 2001).
This forced the bestsequentialclassi�er systemsto re-
sort to heuristic combinationsof forward-moving and
backward-moving sequentialclassi�ers (KudoandMat-
sumoto,2001).

Conditionalrandom�elds (CRFs)bring togetherthe
bestof generativeandclassi�cationmodels.Like classi-
�cation models,they canaccommodatemany statistically
correlatedfeaturesof theinputs,andthey aretraineddis-
criminatively. But like generativemodels,they cantrade
off decisionsat differentsequencepositionsto obtaina
globally optimal labeling. Lafferty et al. (2001)showed
that CRFsbeatrelatedclassi�cation modelsas well as
HMMs onsyntheticdataandonapart-of-speechtagging
task.

In the presentwork, we show that CRFsbeatall re-
portedsingle-modelNP chunkingresultson thestandard
evaluationdataset,andarestatisticallyindistinguishable
fromthepreviousbestperformer, avotingarrangementof
24 forward- and backward-lookingsupport-vectorclas-
si�ers (Kudo and Matsumoto,2001). To obtain these
results,we had to abandonthe original iterative scal-
ing CRF training algorithmfor convex optimizational-
gorithmswith betterconvergenceproperties.We provide
detailedcomparisonsbetweentrainingmethods.

The generalized perceptron proposed by Collins
(2002)is closelyrelatedto CRFs,but thebestCRFtrain-
ing methodsseemto have a slight edgeover thegeneral-
izedperceptron.

2 Conditional RandomFields

Wefocushereonconditionalrandom�elds onsequences,
althoughthe notion can be usedmore generally(Laf-
ferty et al., 2001;Taskaret al., 2002).SuchCRFsde�ne
conditionalprobabilitydistributionsp(Y jX ) of labelse-
quencesgiveninput sequences.We assumethat theran-
domvariablesequencesX andY have thesamelength,
andusex = x1 � � � xn andy = y1 � � � yn for thegeneric
inputsequenceandlabelsequence,respectively.

A CRFon (X ; Y ) is speci�ed by a vectorf of local
featuresandacorrespondingweightvector� . Eachlocal
featureis eithera statefeature s(y; x ; i ) or a transition
feature t(y; y0; x ; i ), wherey; y0 are labels,x an input
sequence,andi an input position. To make thenotation

moreuniform,we alsowrite

s(y; y0; x ; i ) = s(y0; x ; i )
s(y ; x ; i ) = s(yi ; x ; i )

t(y ; x ; i ) =
�

t(yi � 1; yi ; x ; i ) i > 1
0 i = 1

for any statefeatures andtransitionfeaturet. Typically,
featuresdependon the inputsaroundthegivenposition,
althoughthey mayalsodependonglobalpropertiesof the
input,or benon-zeroonly atsomepositions,for instance
featuresthatpick out the�rst or last labels.

TheCRF's global feature vectorfor input sequencex
andlabelsequencey is givenby

F (y ; x ) =
X

i

f (y ; x ; i )

where i rangesover input positions. The conditional
probabilitydistributionde�ned by theCRFis then

p� (Y jX ) =
exp� � F (Y ; X )

Z � (X )
(1)

where
Z � (x ) =

X

y

exp� � F (y ; x )

Any positiveconditionaldistribution p(Y jX ) thatobeys
theMarkov property

p(Yi jf Yj gj 6= i ; X ) = p(Yi jYi � 1; Yi +1 ; X )

canbe written in the form (1) for appropriatechoiceof
featurefunctions and weight vector (Hammersley and
Clifford, 1971).

The mostprobablelabel sequencefor input sequence
x is

ŷ = argmax
y

p� (y jx ) = argmax
y

� � F (y ; x )

becauseZ � (x ) doesnot dependon y . F (y ; x ) decom-
posesinto a sumof termsfor consecutivepairsof labels,
so themostlikely y canbe foundwith theViterbi algo-
rithm.

We train a CRFby maximizingthelog-likelihoodof a
giventrainingsetT = f (x k ; y k )gN

k=1 , whichwe assume
�x edfor therestof this section:

L � =
P

k logp� (y k jx k )
=

P
k [� � F (y k ; x k ) � logZ � (x k )]

To performthisoptimization,weseekthezeroof thegra-
dient

rL � =
X

k

�
F (y k ; x k ) � Ep� (Y jx k ) F (Y ; x k )

�
(2)



In words, the maximumof the training datalikelihood
is reachedwhentheempiricalaverageof theglobal fea-
turevectorequalsits modelexpectation.Theexpectation
Ep� (Y jx ) F (Y ; x ) can be computedef�ciently using a
variantof the forward-backwardalgorithm. For a given
x , de�ne thetransitionmatrix for positioni as

M i [y; y0] = exp� � f (y; y0; x ; i )

Let f be any local feature, f i [y; y0] = f (y; y0; x ; i ),
F (y ; x ) =

P
i f (yi � 1; yi ; x ; i ), and let � denote

component-wisematrixproduct.Then

Ep� (Y jx ) F (Y ; x ) =
X

y

p� (y jx )F (y ; x )

=
X

i

� i � 1(f i � M i )�
>
i

Z � (x )

Z � (x ) = � n � 1>

where � i and � i the forward and backward state-cost
vectorsde�ned by

� i =
�

� i � 1M i 0 < i � n
1 i = 0

� >
i =

�
M i +1 � >

i +1 1 � i < n
1 i = n

Therefore,we canusea forwardpassto computethe� i

anda backwardbassto computethe � i andaccumulate
thefeatureexpectations.

To avoid over�tting, we penalizethe likelihoodwith
a sphericalGaussianweight prior (ChenandRosenfeld,
1999):

L 0
� =

X

k

[� � F (y k ; x k ) � logZ � (x k )]

�
k� k2

2� 2 + const

with gradient

rL 0
� =
X

k

�
F (y k ; x k ) � Ep� (Y jx k ) F (Y ; x k )

�
�

�
� 2

3 Training Methods

Lafferty et al. (2001) usediterative scaling algorithms
for CRF training, following earlierwork on maximum-
entropy modelsfor naturallanguage(Bergeretal., 1996;
Della Pietraet al., 1997). Thosemethodsarevery sim-
pleandguaranteedto converge,but asMinka (2001)and
Malouf (2002) showed for classi�cation, their conver-
genceis muchslowerthanthatof general-purposeconvex

optimizationalgorithmswhen many correlatedfeatures
areinvolved. Concurrentlywith the presentwork, Wal-
lach (2002) testedconjugategradientand second-order
methodsfor CRF training, showing signi�cant training
speedadvantagesover iterative scalingon a small shal-
low parsing problem. Our work shows that precon-
ditioned conjugate-gradient(CG) (Shewchuk, 1994) or
limited-memoryquasi-Newton (L-BFGS) (Nocedaland
Wright, 1999)performcomparablyon very large prob-
lems (around3.8 million features). We comparethose
algorithmsto generalizediterative scaling (GIS) (Dar-
roch and Ratcliff, 1972), non-preconditionedCG, and
votedperceptrontraining(Collins,2002).All algorithms
except voted perceptronmaximize the penalizedlog-
likelihood: � � = argmax� L 0

� . However, for easeof
exposition, this discussionof training methodsusesthe
unpenalizedlog-likelihoodL � .

3.1 PreconditionedConjugateGradient

Conjugate-gradient(CG) methodshave beenshown to
be very effective in linear and non-linearoptimization
(Shewchuk, 1994). Insteadof searchingalong the gra-
dient,conjugategradientsearchesalonga carefullycho-
senlinear combinationof the gradientandthe previous
searchdirection.

CG methodscan be acceleratedby linearly trans-
forming the variableswith preconditioner(Nocedaland
Wright, 1999;Shewchuk,1994).Thepurposeof thepre-
conditioneris to improve the condition numberof the
quadraticform that locally approximatesthe objective
function,sothe inverseof Hessianis reasonableprecon-
ditioner. However, this is not applicableto CRFsfor two
reasons.First, thesizeof theHessianis dim(� )2, lead-
ing to unacceptablespaceandtime requirementsfor the
inversion.In suchsituations,it is commonto useinstead
the(inverseof) thediagonalof theHessian.However in
ourcasetheHessianhastheform

H �
def= r 2L �

= �
X

k

f E [F (Y ; x k ) � F (Y ; x k )]

� EF (Y ; x k ) � EF (Y ; x k )g

where the expectations are taken with respect to
p� (Y jx k ). Therefore,every Hessianelement,includ-
ing thediagonalones,involve theexpectationof a prod-
uct of global featurevalues. Unfortunately, computing
thoseexpectationsis quadraticonsequencelength,asthe
forward-backwardalgorithmcanonly computeexpecta-
tionsof quantitiesthatareadditivealonglabelsequences.

Wesolvebothproblemsby discardingtheoff-diagonal
termsandapproximatingexpectationof the squareof a
globalfeatureby theexpectationof thesumof squaresof
thecorrespondinglocal featuresateachposition.Theap-



proximateddiagonaltermH f for featuref hastheform

H f = Ef (Y ; x k )2

�
X

i

0

@
X

y ;y 0

M i [y; y0]
Z � (x )

f (Y ; x k )

1

A

2

If this approximationis semide�nite,which is trivial to
check,its inverseis anexcellentpreconditionerfor early
iterationsof CG training. However, whenthe model is
closeto the maximum,the approximationbecomesun-
stable,which is not surprisingsinceit is basedon fea-
ture independenceassumptionsthat becomeinvalid as
theweightsof interactionfeaturesmoveaway from zero.
Therefore,we disablethe preconditionerafter a certain
numberof iterations,determinedfrom held-outdata.We
call thisstrategy mixedCGtraining.

3.2 Limited-Memory Quasi-Newton

Newton methodsfor nonlinearoptimizationusesecond-
order (curvature) information to �nd searchdirections.
As discussedin the previous section, it is not practi-
cal to obtainexact curvatureinformationfor CRF train-
ing. Limited-memoryBFGS(L-BFGS)is asecond-order
method that estimatesthe curvature numerically from
previous gradientsand updates,avoiding the needfor
an exact Hessianinversecomputation. Comparedwith
preconditionedCG,L-BFGScanalsohandlelarge-scale
problemsbut doesnot requirea specializedHessianap-
proximations. An earlier study indicatesthat L-BFGS
performs well in maximum-entropy classi�er training
(Malouf, 2002).

Thereis no theoreticalguidanceon how muchinfor-
mation from previous stepswe should keep to obtain
suf�ciently accuratecurvatureestimates.In our exper-
iments,storing 3 to 10 pairs of previous gradientsand
updatesworkedwell, sotheextra memoryrequiredover
preconditionedCGwasmodest.A moredetaileddescrip-
tion of thismethodcanbefoundelsewhere(Nocedaland
Wright, 1999).

3.3 VotedPerceptron

Unlike othermethodsdiscussedso far, votedperceptron
training (Collins, 2002)attemptsto minimize the differ-
encebetweentheglobal featurevectorfor a training in-
stanceand the samefeaturevector for the best-scoring
labelingof that instanceaccordingto thecurrentmodel.
More precisely, for eachtraining instancethe method
computesa weightupdate

� t +1 = � t + F (y k ; x k ) � F (ŷ k ; x k ) (3)

in which ŷ k is theViterbi path

ŷ k = argmax
y

� t � F (y ;x k )

Like thefamiliarperceptronalgorithm,thisalgorithmre-
peatedlysweepsover thetraininginstances,updatingthe
weight vector as it considerseachinstance. Insteadof
taking just the �nal weight vector, the votedperceptron
algorithmtakestheaverageof the� t . Collins (2002)re-
portedandwecon�rmedthatthisaveragingreducesover-
�tting considerably.

4 Shallow Parsing

Figure1 showsthebaseNPsin anexamplesentence.Fol-
lowing Ramshaw and Marcus (1995), the input to the
NP chunker consistsof the words in a sentenceanno-
tatedautomaticallywith part-of-speech(POS)tags.The
chunker's task is to label eachword with a label indi-
cating whetherthe word is outsidea chunk (O), starts
a chunk (B), or continuesa chunk (I ). For example,
the tokens in �rst line of Figure 1 would be labeled
BIIBIIOBOBIIO .

4.1 Data Preparation

NP chunkingresultshave beenreportedon two slightly
differentdatasets:theoriginal RM datasetof Ramshaw
andMarcus(1995),andthemodi�ed CoNLL-2000ver-
sionof Tjong Kim SangandBuchholz(2000).Although
thechunktagsin theRM andCoNLL-2000aresomewhat
different, we found no signi�cant accuracy differences
betweenmodelstrainedon thesetwo datasets. There-
fore,all our resultsarereportedontheCoNLL-2000data
set. We also useda developmenttest set, provided by
Michael Collins, derived from WSJ section21 tagged
with theBrill (1995)POStagger.

4.2 CRFs for Shallow Parsing

Our chunkingCRFshave a second-orderMarkov depen-
dency betweenchunk tags. This is easily encodedby
makingthe CRF labelspairsof consecutive chunktags.
That is, thelabelat positioni is yi = ci � 1ci , whereci is
thechunktagof wordi , oneof O, B, or I . SinceBmustbe
usedto starta chunk,thelabelOI is impossible.In addi-
tion, successive labelsareconstrained:yi � 1 = ci � 2ci � 1,
yi = ci � 1ci , andc0 = O. Thesecontraintson themodel
topology are enforcedby giving appropriatefeaturesa
weightof �1 , forcingall theforbiddenlabelingsto have
zeroprobability.

Our choiceof featureswasmainly governedby com-
puting power, sincewe do not usefeatureselectionand
all featuresareusedin training andtesting. We usethe
following factoredrepresentationfor features

f (yi � 1; yi ; x ; i ) = p(x ; i )q(yi � 1; yi ) (4)

wherep(x ; i ) is a predicateon theinput sequencex and
currentpositioni andq(yi � 1; yi ) is a predicateon pairs
of labels. For instance,p(x ; i ) might be “word at posi-
tion i is the ” or “the POStagsat positionsi � 1; i are
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Figure1: NP chunks

q(yi � 1 ; yi ) p(x ; i )
yi = y true

yi = y; yi � 1 = y0

c(yi ) = c
yi = y wi = w

or wi � 1 = w
c(yi ) = c wi +1 = w

wi � 2 = w
wi +2 = w

wi � 1 = w0; wi = w
wi +1 = w0; wi = w

t i = t
t i � 1 = t
t i +1 = t
t i � 2 = t
t i +2 = t

t i � 1 = t0; t i = t
t i � 2 = t0; t i � 1 = t
t i = t0; t i +1 = t

t i +1 = t0; t i +2 = t
t i � 2 = t00; t i � 1 = t0; t i = t
t i � 1 = t00; t i = t0; t i +1 = t
t i = t00; t i +1 = t0; t i +2 = t

Table1: Shallow parsingfeatures

DT, NN.” Becausethe label setis �nite, sucha factoring
of f (yi � 1; yi ; x ; i ) is alwayspossible,andit allows each
input predicateto be evaluatedjust oncefor many fea-
turesthatuseit, makingit possibleto work with millions
of featureson largetrainingsets.

Table 1 summarizesthe featureset. For a given po-
sition i , wi is the word, t i its POStag, andyi its label.
For any label y = c0c, c(y) = c is the corresponding
chunktag. For example,c(OB) = B. The useof chunk
tagsas well as labelsprovides a form of backoff from
thevery small featurecountsthatmayarisein a second-
ordermodel,while allowing signi�cant associationsbe-
tweentag pairsandinput predicatesto be modeled.To
save time in someof our experiments,we usedonly the
820,000featuresthataresupportedin theCoNLL train-
ing set,that is, thefeaturesthatareon at leastonce.For
our highestF score,we usedthe completefeatureset,
around3.8million in theCoNLL trainingset,whichcon-
tainsall thefeatureswhosepredicateis onat leastoncein
the trainingset. Thecompletefeaturesetmay in princi-
ple performbetterbecauseit canplacenegative weights
on transitionsthatshouldbediscouragedif a givenpred-
icateis on.

4.3 Parameter Tuning

As discussedpreviously, weneedaGaussianweightprior
to reduceover�tting. We alsoneedto choosethe num-
ber of training iterationssincewe found that the bestF
scoreis attainedwhile the log-likelihoodis still improv-
ing. The reasonsfor this arenot clear, but theGaussian
prior may not be enoughto keepthe optimizationfrom
makingweightadjustmentsthatslighly improve training
log-likelihoodbut causelarge F score�uctuations. We
usedthedevelopmenttestsetmentionedin Section4.1to
settheprior andthenumberof iterations.

4.4 Evaluation Metric

Thestandardevaluationmetricsfor a chunker arepreci-
sionP (fractionof outputchunksthatexactly matchthe
referencechunks),recallR (fractionof referencechunks
returnedby the chunker), andtheir harmonicmean,the
F1 scoreF1 = 2 � P � R=(P + R) (which we call just
F scorein what follows). The relationshipsbetweenF
scoreandlabelingerror or log-likelihoodarenot direct,
so we reportboth F scoreand the othermetricsfor the
modelswe tested.For comparisonswith otherreported
resultsweuseF score.

4.5 Signi�cance Tests

Ideally, comparisonsamongchunkerswould control for
featuresets,data preparation,training and test proce-
dures,andparametertuning, andestimatethe statistical
signi�cance of performancedifferences.Unfortunately,
reportedresultssometimesleave out detailsneededfor
accuratecomparisons.WereportF scoresfor comparison
with previous work, but we also give statisticalsigni�-
canceestimatesusingMcNemar's testfor thosemethods
thatwe evaluateddirectly.

Testingthe signi�cance of F scoresis tricky because
the wrong chunksgeneratedby two chunkers are not
directly comparable.Yeh (2000)examinedrandomized
testsfor estimatingthe signi�cance of F scores,and in
particularthebootstrapover the testset(Efron andTib-
shirani,1993;Sang,2002).However, bootstrapvariances
in preliminary experimentswere too high to allow any
conclusions,so we usedinsteada McNemarpairedtest
on labelingdisagreements(Gillick andCox,1989).



Model F score
SVM combination 94.39%

(KudoandMatsumoto,2001)
CRF 94.38%

Generalizedwinnow 93.89%
(Zhanget al., 2002)
Votedperceptron 94.09%

MEMM 93.70%

Table2: NP chunkingF scores

5 Results

All theexperimentswereperformedwith ourJava imple-
mentationof CRFs,designedto handlemillions of fea-
tures,on1.7GHzPentiumIV processorswith Linux and
IBM Java1.3.0.Minor variantssupportvotedperceptron
(Collins, 2002) and MEMMs (McCallum et al., 2000)
with the sameef�cient featureencoding.GIS, CG, and
L-BFGSwereusedto trainCRFsandMEMMs.

5.1 F Scores

Table 2 gives representative NP chunkingF scoresfor
previous work and for our best model, with the com-
pletesetof 3.8million features.Thelastrow of thetable
givesthescorefor anMEMM trainedwith themixedCG
methodusingan approximatepreconditioner. The pub-
lishedF scorefor votedperceptronis 93.53%with a dif-
ferent featureset (Collins, 2002). The improved result
givenhereis for thesupportedfeatureset; thecomplete
featuresetgivesaslightly lowerscoreof 94.07%.Zhang
etal. (2002)reportedahigherF score(94.38%)with gen-
eralizedwinnow usingadditionallinguistic featuresthat
werenotavailableto us.

5.2 ConvergenceSpeed

All theresultsin therestof thissectionarefor thesmaller
supportedset of 820,000features. Figures2a and 2b
show how preconditioninghelps training convergence.
SinceeachCG iterationinvolvesa line searchthat may
requireseveral forward-backward procedures(typically
between4 and5 in ourexperiments),weplot theprogress
of penalizedlog-likelihoodL 0

� with respectto thenum-
berof forward-backwardevaluations.Theobjectivefunc-
tion increasesrapidly, achieving closeproximity to the
maximumin a few iterations(typically 10). In contrast,
GIS training increasesL 0

� ratherslowly, never reaching
the value achieved by CG. The relative slownessof it-
erative scalingis alsodocumentedin a recentevaluation
of training methodsfor maximum-entropy classi�cation
(Malouf, 2002). In theory, GIS would eventually con-
verge to the L 0

� optimum, but in practiceconvergence
may be so slow that L 0

� improvementsmay fall below
numericalaccuracy, falselyindicatingconvergence.

trainingmethod time F score L 0
�

Precond.CG 130 94.19% -2968
MixedCG 540 94.20% -2990
PlainCG 648 94.04% -2967
L-BFGS 84 94.19% -2948

GIS 3700 93.55% -5668

Table3: Runtimefor varioustrainingmethods

null hypothesis p-value
CRFvs. SVM 0.469

CRFvs. MEMM 0.00109
CRFvs. votedperceptron 0.116

MEMM vs. votedperceptron 0.0734

Table4: McNemar's testson labelingdisagreements

Mixed CG training converges slightly more slowly
thanpreconditionedCG.On theotherhand,CG without
preconditionerconvergesmuch more slowly than both
preconditionedCG andmixedCG training. However, it
is still muchfasterthanGIS.We believethatthesuperior
convergencerateof preconditionedCG is dueto theuse
of approximatesecond-orderinformation. This is con-
�rmed by the performanceof L-BFGS,which alsouses
approximatesecond-orderinformation.2

Although there is no direct relationshipbetweenF
scoresand log-likelihood, in theseexperimentsF score
tendsto follow log-likelihood. Indeed,Figure3 shows
that preconditionedCG training improves test F scores
muchmorerapidly thanGIS training.

Table3 comparesruntimes(in minutes)for reachinga
targetpenalizedlog-likelihoodfor varioustrainingmeth-
odswith prior � = 1:0. GISis theonlymethodthatfailed
to reachthetarget,after3,700iterations.Wecannotplace
the voted perceptronin this table, as it doesnot opti-
mize log-likelihoodanddoesnot usea prior. However,
it reachesa fairly good F-scoreabove 93% in just two
trainingsweeps,but afterthatit improvesmoreslowly, to
a somewhat lower score,thanpreconditionedCG train-
ing.

5.3 Labeling Accuracy

The accuracy rate for individual labeling decisionsis
over-optimisticasanaccuracy measurefor shallow pars-
ing. For instance,if the chunkBIIIIIII is labledas
OIIIIIII , thelabelingaccuracy is 87.5%,but recall is
0. However, individual labeling errorsprovide a more
convenientbasisfor statisticalsigni�cance tests. One

2Although L-BFGS has a slightly higher penalizedlog-
likelihood,its log-likelihoodon thedatais actuallylower than
thatof preconditionedCGandmixedCGtraining.
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Figure3: TestF scoresvs. trainingtime

suchtestis McNemartestonpairedobservations(Gillick
andCox,1989).

With McNemar's test,we comparethe correctnessof
thelabelingdecisionsof two models.Thenull hypothesis
is thatthedisagreements(correctvs. incorrect)aredueto
chance.Table4 summarizestheresultsof testsbetween
the modelsfor which we hadlabelingdecisions.These
testssuggestthatMEMMs aresigni�cantly lessaccurate,
but that thereareno signi�cant differencesin accuracy
amongtheothermodels.

6 Conclusions

We have shown that (log-)linearsequencelabelingmod-
els trained discriminatively with general-purposeopti-
mization methodsare a simple, competitive solution to
learningshallow parsers.Thesemodelscombinethebest

featuresof generative �nite-statemodelsanddiscrimina-
tive (log-)linearclassi�ers,anddo NP chunkingaswell
asor betterthan“ad hoc” classi�er combinations,which
werethe mostaccurateapproachuntil now. In a longer
versionof this work we will alsodescribeshallow pars-
ing resultsfor otherphrasetypes.Thereis noreasonwhy
thesametechniquescannotbeusedequallysuccessfully
for theothertypesor for otherrelatedtasks,suchasPOS
taggingor named-entityrecognition.

On the machine-learningside, it would be interest-
ing to generalizethe ideasof large-margin classi�cation
to sequencemodels,strengtheningthe resultsof Collins
(2002) and leading to new optimal training algorithms
with strongerguaranteesagainstover�tting.

On the applicationside, (log-)linear parsingmodels
have the potential to supplantthe currently dominant
lexicalizedPCFGmodelsfor parsingby allowing much
richer featuresetsandsimplersmoothing,while avoid-
ing thelabelbiasproblemthatmayhavehinderedearlier
classi�er-basedparsers(Ratnaparkhi,1997). However,
work in that direction hasso far addressedonly parse
reranking(CollinsandDuffy, 2002;Riezleret al., 2002).
Full discriminativeparsertrainingfacessigni�cant algo-
rithmic challengesin therelationshipbetweenparsingal-
ternativesandfeaturevalues(GemanandJohnson,2002)
andin computingfeatureexpectations.
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