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Abstract

Conditionalrandom elds for sequencdabel-
ing offer advantage®verbothgeneratie mod-
elslike HMMs andclassi ers appliedat each
sequencegosition. Among sequencdabeling
tasksin languageprocessingshallov parsing
has received much attention, with the devel-

opmentof standardevaluationdataset@andex-

tensve comparisoramongmethods.We showv

herehow to train a conditionalrandomeld to

achieve performanceas good as ary reported
base noun-phrasechunking method on the
CoNLL task,andbetterthanary reportedsin-

gle model. Improved training methodsbased
on modernoptimizationalgorithmswere crit-

ical in achieving theseresults. We presentex-

tensive comparisondetweermodelsandtrain-

ing methodsthat con rm and strengtherpre-
vious resultson shallav parsingand training
methodsfor maximum-entrog models.

1 Intr oduction

Sequencanalysistasksin languageandbiology are of-
ten describedas mappingsfrom input sequenceso se-
guence®f labelsencodingheanalysis.In languageoro-
cessing,examplesof suchtasksinclude part-of-speech
tagging,named-entityrecognition,andthe taskwe shall
focus on here, shallav parsing. Shallav parsingiden-
ti es the non-recursie coresof variousphrasetypesin
text, possiblyasa precursorto full parsingor informa-
tion extraction(Abney, 1991). Theparadigmatishallow-
parsingproblemis NP chunking which nds the non-
recursve coresof noun phrasescalled baseNPs The
pioneeringwork of Ramsha and Marcus (1995) in-
troducedNP chunking as a machine-learningproblem,
with standarddatasetsand evaluationmetrics. The task
wasextendedto additionalphrasetypesfor the CoNLL-
2000sharedask(Tjong Kim SangandBuchholz,2000),

which is now the standardevaluationtask for shallov
parsing.

Most previous work usedtwo main machine-learning
approacheso sequencédabeling. The rst approackhre-
lies on k-ordergeneratie probabilisticmodelsof paired
input sequenceandlabel sequencedor instancehidden
Markov models(HMMs) (Freitagand McCallum, 2000;
Kupiec,1992)or multilevel Markov models(Bikel etal.,
1999). The secondapproactviewsthe sequencéabeling
problemasasequencef classi cationproblemspnefor
eachof thelabelsin the sequenceThe classi cationre-
sult at eachpositionmay dependon the wholeinput and
onthepreviousk classi cations.*

The generatie approach provides well-understood
training and decodingalgorithmsfor HMMs and more
generalgraphicalmodels. However, effective genera-
tive modelsrequire stringentconditional independence
assumptionsFor instancejt is not practicalto make the
label at a given positiondependon a window on the in-
put sequencaswell asthe surroundingabels,sincethe
inferenceproblemfor the correspondingraphicalmodel
would be intractable. Non-independenteaturesof the
inputs, suchas capitalization,sufx es, and surrounding
words, are importantin dealingwith words unseenin
training, but they aredif cult to represenin generatie
models.

The sequential classi cation approachcan handle
mary correlatedfeatures,as demonstratedn work on
maximum-entropg (McCallumetal., 2000;Ratnaparkhi,
1996)anda variety of otherlinear classi ers, including
winnow (Puryakanokand Roth, 2001), AdaBoost(Ab-
ney etal., 1999),andsupport-ectormachinegKudoand
Matsumoto2001). Furthermorethey aretrainedto min-
imize somefunction relatedto labelingerror, leadingto
smallererrorin practiceif enoughtrainingdataareavail-
able. In contrast,generatie modelsaretrainedto max-
imize the joint probability of the training data,which is

!Ramsha and Marcus (1995) usedtransformation-based
learning (Brill, 1995), which for the presentpurposescan be
toughtof asaclassi cation-basednethod.



notascloselytiedto theaccurag metricsof interestf the
actualdatawasnot generatedby the model,asis always
thecasein practice.

However, since sequentialclassi ers are trained to
male the bestlocal decision, unlike generatre mod-
els they cannottradeoff decisionsat differentpositions
againsteachother In otherwords,sequentiatlassi ers
are myopic aboutthe impact of their currentdecision
on later decisions(Bottou, 1991; Lafferty et al., 2001).
This forced the bestsequentiaklassi er systemsto re-
sort to heuristic combinationsof forward-maoving and
backward-mwing sequentiaklassi ers (Kudo and Mat-
sumoto,2001).

Conditionalrandom elds (CRFs)bring togetherthe
bestof generatre andclassi cationmodels.Lik e classi-
cation modelsthey canaccommodatenary statistically
correlatedeaturesof theinputs,andthey aretraineddis-
criminatively. But like generatie models they cantrade
off decisionsat differentsequencepositionsto obtaina
globally optimal labeling. Lafferty et al. (2001)shaved
that CRFsbeatrelatedclassi cation modelsas well as
HMMs on syntheticdataandon a part-of-speechagging
task.

In the presentwork, we shov that CRFsbeatall re-
portedsingle-modeNP chunkingresultson the standard
evaluationdatasetandare statisticallyindistinguishable
fromthepreviousbestperformeravotingarrangementf
24 forward- and backward-looking support-ector clas-
si ers (Kudo and Matsumoto,2001). To obtain these
results,we had to abandonthe original iterative scal-
ing CRF training algorithm for corvex optimizational-
gorithmswith bettercorvergencepropertiesWe provide
detailedcomparisondetweertrainingmethods.

The generalized perceptron proposed by Collins
(2002)is closelyrelatedto CRFs,but thebestCRFtrain-
ing methodsseento have aslight edgeoverthegeneral-
ized perceptron.

2 Conditional Random Fields

We focushereonconditionalrandomelds onsequences,
althoughthe notion can be usedmore generally (Laf-
ferty etal., 2001; Taskaretal., 2002). SuchCRFsde ne
conditionalprobability distributionsp(Y jX ) of labelse-
guencegiveninput sequencesWe assumehatthe ran-
domvariablesequenceX andY havethesamelength,
andusex = X1 X, andy = y; Yy, for thegeneric
inputsequencandlabelsequenceespectiely.

A CRFon (X ;Y) is speci ed by a vectorf of local
featuiresanda correspondingveightvector . Eachlocal
featureis eithera statefeature s(y; x ;i) or a transition
featue t(y;y%x;i), wherey;y° are labels,x an input
sequenceandi aninput position. To make the notation

moreuniform, we alsowrite

s(y; Yo x:i) = s(y%x;i)
s(y:x;i) = s(yi;x:i) _

for ary statefeatures andtransitionfeaturet. Typically,
featuresdependon the inputsaroundthe given position,
althoughthey mayalsodependnglobalpropertiesf the
input, or be non-zeroonly at somepositions for instance
featureghatpick outthe rst orlastlabels.

The CRF's global feature vectorfor input sequence
andlabelsequencg is givenby

X
F(y;x) =

f(y;x;i)

wherei rangesover input positions. The conditional
probability distribution de ned by the CRFis then
F(Y;X)

. exX
p (Yjx)= 2P

Z 00 1)

where X
Z (x)=
y

Any positive conditionaldistribution p(Y jX ) thatobeys
the Markov property

exp F(y;x)

p(Yiif Yigiei; X ) = p(YijYi 1;Yis1;X)

canbe written in the form (1) for appropriatechoiceof
feature functions and weight vector (Hammerslg and
Clifford, 1971).

The mostprobablelabel sequencdor input sequence
X is

¢ = argmaxp (yjx) = argmax F(y;x)
y y

becaus& (x) doesnotdependony. F (y;x) decom-
posesdnto a sumof termsfor consecutie pairsof labels,
sothe mostlikely y canbefoundwith the Viterbi algo-
rithm.

We train a CRF by maximizingthelog-likelihoodof a
giventrainingsetT = f(Xk; Y, )0k, , whichwe assume
x edfor therestof this section:

P .
L p k109p (YkiXk)

k[ FYkiXx) logZ (x«)]

To performthis optimization,we seekthe zeroof thegra-
dient

X

F(Yiixk) Ep (vixoF(Yixk) (2

k



In words, the maximum of the training datalikelihood
is reachedvhenthe empiricalaverageof the globalfea-
turevectorequalsts modelexpectation.The expectation
Ep (vjx)F (Y ;Xx) canbe computedefciently usinga
variantof the forward-backverd algorithm. For a given
X, de ne thetransitionmatrix for positioni as
Mily;yd=exp  f(y;y%x;i)
Let f be ary |ocal feature, fily;y] = f(y;y%x;i),
F(y;x) = (T (yi 1yiyx;i), and let  denote
component-wisenatrix product.Then

Ep (vix)F(Y:x) p (Yix)F(y;x)
y

X afi My 7
Z (x)

n 17

Z (x)

where ; and ; the forward and backward state-cost
vectorsde ned by

o i 1M 0<i n
b 1 i=0

? - Mi+]_ i>+1 1 i<n
: 1 i=n

Thereforewe canusea forward passto computethe
anda backward bassto computethe ; andaccumulate
thefeatureexpectations.

To avoid over tting, we penalizethe likelihood with
a sphericalGaussiarweight prior (Chenand Rosenfeld,
1999):

X
L= [ F(yxk) 1ogZ (x«)]
K
2
5 * const
with gradient
rL 9=
X
F(YiiXk) Ep (vix)F(YiXk)  —

k

3 Training Methods

Lafferty et al. (2001) usediterative scaling algorithms
for CRF training, following earlierwork on maximum-
entropy modelsfor naturallanguaggBemeretal., 1996;
Della Pietraet al., 1997). Thosemethodsare very sim-
ple andguaranteedio corverge,but asMinka (2001)and
Malouf (2002) shaved for classi cation, their corver

gencds muchslowerthanthatof general-purposeonvex

optimizationalgorithmswhen mary correlatedfeatures
areinvolved. Concurrentlywith the presentwork, Wal-
lach (2002) testedconjugategradientand second-order
methodsfor CRF training, shaving signi cant training
speedadvantageover iterative scalingon a small shal-
low parsing problem. Our work shaows that precon-
ditioned conjugate-gradienCG) (Shavchuk, 1994) or
limited-memoryquasi-Nevton (L-BFGS) (Nocedaland
Wright, 1999) perform comparablyon very large prob-
lems (around3.8 million features). We comparethose
algorithmsto generalizediterative scaling (GIS) (Dar
roch and Ratcliff, 1972), non-preconditionedCG, and
votedperceptrortraining (Collins, 2002).All algorithms
except voted perceptronmaximize the penalizedlog-
likelihood: = argmax L°. However, for easeof
exposition, this discussionof training methodsusesthe
unpenalizedog-likelihoodL .

3.1 PreconditionedConjugate Gradient

Conjugate-gradienfCG) methodshave beenshavn to
be very effective in linear and non-linearoptimization
(Shavchuk, 1994). Insteadof searchingalongthe gra-
dient, conjugategradientsearcheslonga carefully cho-
senlinear combinationof the gradientandthe previous
searcldirection.

CG methodscan be acceleratedby linearly trans-
forming the variableswith preconditioner(Nocedaland
Wright, 1999;Shavchuk,1994). The purposeof the pre-
conditioneris to improve the condition numberof the
guadraticform that locally approximateshe objective
function, sotheinverseof Hessians reasonabl@recon-
ditioner However, thisis not applicableto CRFsfor two
reasons First, the size of the Hessianis dim( )2, lead-
ing to unacceptablspaceandtime requirementgor the
inversion.In suchsituationsijt is commonto useinstead
the (inverseof) the diagonalof the Hessian.However in
our casethe Hessiarhastheform

def
H € 2

= fE[F(Y ;xk)
k

F (Y ixi)]

EF(Y;xx) EF(Y;x)g
where the expectations are taken with respect to
p (Y jxk). Therefore,every Hessianelement,includ-
ing the diagonalones,involve the expectationof a prod-
uct of global featurevalues. Unfortunately computing
thoseexpectationss quadratioon sequencéength,asthe
forward-backvard algorithmcanonly computeexpecta-
tionsof quantitieghatareadditive alonglabelsequences.
We solve bothproblemsby discardingheoff-diagonal
termsand approximatingexpectationof the squareof a
globalfeatureby the expectatiorof the sumof square®f
thecorrespondindpcal featuresat eachposition. Theap-



proximateddiagonaltermH; for featuref hastheform

Hi = Ef (Y ;xk)?

0 1,
X @t MY v A
i yiy° z ()
If this approximationis semide nite, which is trivial to
check,its inverseis anexcellentpreconditioneffor early
iterationsof CG training. However, whenthe modelis
closeto the maximum,the approximationbecomeaun-
stable,which is not surprisingsinceit is basedon fea-
ture independencessumptionghat becomeinvalid as
theweightsof interactionfeaturesmove away from zero.
Therefore,we disablethe preconditionerafter a certain
numberof iterations,determinedrom held-outdata.We
call this stratgy mixedCG training.

3.2 Limited-Memory Quasi-Newton

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

Thereis no theoreticalguidanceon how muchinfor-
mation from previous stepswe should keep to obtain
sufciently accuratecurvatureestimates.In our exper
iments, storing 3 to 10 pairs of previous gradientsand
updatesvorkedwell, sothe extra memoryrequiredover
preconditionedCG wasmodest.A moredetaileddescrip-
tion of thismethodcanbefoundelsavhere(Nocedaland
Wright, 1999).

3.3 VotedPerceptron

Unlike othermethodsdiscussedo far, voted perceptron
training (Collins, 2002) attemptsto minimize the differ-
encebetweerthe global featurevectorfor a training in-
stanceand the samefeaturevectorfor the best-scoring
labelingof thatinstanceaccordingto the currentmodel.
More precisely for eachtraining instancethe method
computesaweightupdate

t+ F(Yixk)  F($iXk) ©))

in which ¢, is the Viterbi path

t+1 =

9 = argmax ¢ F(y.xk)
y

Lik e thefamiliar perceptroralgorithm,this algorithmre-

peatedlysweepsverthetraininginstancesypdatingthe
weight vectorasit considerseachinstance. Insteadof

taking just the nal weightvector, the voted perceptron
algorithmtakesthe averageof the ;. Collins (2002)re-
portedandwe con rmedthatthisaveragingreducesover

tting considerably

4 Shallow Parsing

Figurel shavsthebasea\Psin anexamplesentenceFol-
lowing Ramsha and Marcus (1995), the input to the
NP chunler consistsof the words in a sentenceanno-
tatedautomaticallywith part-of-speeclfPOS)tags. The
chunler's taskis 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 tokensin rst line of Figure 1 would be labeled
BIIBIIOBOBIIO

4.1 Data Preparation

NP chunkingresultshave beenreportedon two slightly
differentdatasets:the original RM datasetof Ramsha
andMarcus(1995),andthe modi ed CoNLL-2000ver
sionof Tjong Kim SangandBuchholz(2000).Although
thechunktagsin theRM andCoNLL-2000aresomeavhat
different, we found no signi cant accuray differences
betweenmodelstrainedon thesetwo datasets. There-
fore, all ourresultsarereportedonthe CoNLL-2000data
set. We also useda developmenttest set, provided by
Michael Collins, derived from WSJ section21 tagged
with the Brill (1995)POStagger

4.2 CRFsfor Shallow Parsing

Our chunkingCRFshave a second-ordeMarkov depen-
dengy betweenchunktags. This is easily encodedby
makingthe CRF labelspairs of consecutre chunktags.
Thatis, thelabelat positioni isy; = ¢ 1¢, whereg is
thechunktagof wordi, oneof O B, or| . SinceB mustbe
usedto starta chunk,thelabel Ol is impossible.ln addi-
tion, successie labelsareconstrainedy; 1= ¢ 26G 1,
Vi = ¢ 1G,andcy = O Thesecontraintson the model
topology are enforcedby giving appropriatefeaturesa
weightof 1 , forcingall theforbiddenlabelingsto have
zeroprobability.

Our choiceof featureswas mainly governedby com-
puting power, sincewe do not usefeatureselectionand
all featuresare usedin training andtesting. We usethe
following factoredrepresentatiofor features

flyi 1yix;i) = pi;i)alyi 1) (4)
wherep(x ;i) is apredicateon theinput sequence: and
currentpositioni andq(y; 1;Y;) is a predicateon pairs

of labels. For instancep(x;i) might be “word at posi-
tioni isthe ” or “the POStagsat positionsi  1;i are
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Figurel: NP chunks

alyi 1;Yi) p(x;i)
Vi=y true
Vi=Y: Vi 1=Y°
clyi)=c
Yi=Yy Wi = W
or Wi 1= W
C(yi) =cC Wi+1 = W
W 2= W
Wi+2 = W
wi 1=whw=w
Wist = W% wi = w
ti=t
ti 1=t
tivg =t
ti 2=t
tivg = t
ti 1=t t=t
ti2=t%t 1=t
ti = t% tisg = t
tiv1 = to; tivo =t
to=t%t 1=t%t=t
ti 1= t0 =t ti =t
ti= %%t =%t =t

Tablel: Shallav parsingfeatures

DT, NN" Becausehe label setis nite, sucha factoring
of f (yi 1;Vi;X;i) is alwayspossibleandit allows each
input predicateto be evaluatedjust oncefor mary fea-
turesthatuseit, makingit possibleto work with millions
of featureson largetrainingsets.

Table 1 summarizeghe featureset. For a given po-
sitioni, w; is theword, t; its POStag, andy; its label.
For ary labely = c%, c¢(y) = cis the corresponding
chunktag. For example,c(OB = B. Theuseof chunk
tagsaswell aslabelsprovidesa form of bacloff from
the very smallfeaturecountsthatmay arisein a second-
ordermodel,while allowing signi cant associationde-
tweentag pairs andinput predicatego be modeled. To
save time in someof our experimentswe usedonly the
820,000featureghataresupportedn the CoNLL train-
ing set,thatis, thefeatureghatareon at leastonce. For
our highestF score,we usedthe completefeatureset,
around3.8million in the CoNLL trainingset,which con-
tainsall thefeaturesvhosepredicatds onatleastoncein
thetraining set. The completefeaturesetmay in princi-
ple performbetterbecauset canplacenegative weights
ontransitionsthatshouldbe discouragedf a givenpred-
icateis on.

4.3 Parameter Tuning

As discussegreviously, we needa Gaussianveightprior
to reduceover tting. We alsoneedto choosethe num-
ber of training iterationssincewe found that the bestF
scoreis attainedwhile the log-likelihoodis still improv-
ing. Thereasondor this arenot clear but the Gaussian
prior may not be enoughto keepthe optimizationfrom
makingweightadjustmentshatslighly improve training
log-likelihood but causelarge F score uctuations. We
usedthedevelopmentestsetmentionedn Sectiord.1to
setthe prior andthe numberof iterations.

4.4 Evaluation Metric

The standardevaluationmetricsfor a chunlker are preci-
sionP (fractionof outputchunksthat exactly matchthe
referencechunks)recallR (fractionof referencechunks
returnedby the chunlker), andtheir harmonicmean,the
FlscoreF; = 2 P R=(P + R) (which we call just
F scorein what follows). The relationshipsbetweenF
scoreandlabelingerror or log-likelihoodare not direct,
so we reportboth F scoreandthe other metricsfor the
modelswe tested. For comparisonsvith otherreported
resultswe useF score.

4.5 Signi cance Tests

Ideally, comparisonamongchunlkerswould control for
feature sets, data preparation,training and test proce-
dures,and parametetuning, and estimatethe statistical
signi cance of performancdlifferences.Unfortunately
reportedresultssometimedeave out detailsneededfor
accurateomparisonsWe reportF scorefor comparison
with previous work, but we also give statisticalsigni -
canceestimatesisingMcNemars testfor thosemethods
thatwe evaluateddirectly.

Testingthe signi cance of F scoresis tricky because
the wrong chunksgeneratedoy two chunlers are not
directly comparable.Yeh (2000) examinedrandomized
testsfor estimatingthe signi cance of F scores,andin
particularthe bootstrapover the testset(Efron and Tib-
shirani,1993;Sang,2002).However, bootstrapvariances
in preliminary experimentswere too high to allow ary
conclusionsso we usedinsteada McNemarpairedtest
onlabelingdisagreement&illick andCox, 1989).



Model F score
SVM combination 94.39%
(KudoandMatsumoto2001)

CRF 94.38%

Generalizedvinnow 93.89%
(Zhangetal., 2002)

Votedperceptron 94.09%

MEMM 93.70%

Table2: NP chunkingF scores

5 Results

All theexperimentsvereperformedwith our Javaimple-
mentationof CRFs,designedo handlemillions of fea-
tures,on 1.7 GHz PentiumlV processorsvith Linux and
IBM Java 1.3.0.Minor variantssupportvotedperceptron
(Collins, 2002) and MEMMs (McCallum et al., 2000)
with the sameef cient featureencoding.GIS, CG, and
L-BFGSwereusedto train CRFsandMEMMSs.

5.1 F Scores

Table 2 gives representatie NP chunking F scoresfor

previous work and for our bestmodel, with the com-
pletesetof 3.8 million features.Thelastrow of thetable
givesthescorefor anMEMM trainedwith themixedCG

methodusing an approximatepreconditioner The pub-
lishedF scorefor votedperceptroris 93.53%with a dif-

ferent featureset (Collins, 2002). The improved result
given hereis for the supportedeatureset; the complete
featuresetgivesaslightly lower scoreof 94.07%.Zhang
etal. (2002)reporteda higherF score(94.38%)with gen-
eralizedwinnow usingadditionallinguistic featureshat
werenot availableto us.

5.2 ConvergenceSpeed

All theresultsin therestof this sectionarefor thesmaller
supportedset of 820,000features. Figures2a and 2b
shav how preconditioninghelps training corvergence.
SinceeachCG iterationinvolvesa line searchthat may
require several forward-backvard procedureqtypically
betweerd and5 in ourexperiments)we plottheprogress
of penalizedog-likelihoodL ® with respecto the num-
berof forward-backvardevaluations.Theobjectivefunc-
tion increasegapidly, achierzing close proximity to the
maximumin a few iterations(typically 10). In contrast,
GIS training increased.© ratherslowly, never reaching
the value achieved by CG. The relative slownessof it-
eratve scalingis alsodocumentedn a recentevaluation
of training methodsfor maximum-entrop classi cation
(Malouf, 2002). In theory GIS would eventually con-
verge to the L® optimum, but in practiceconvergence
may be so slow that L® improvementsmay fall belov
numericalaccurag, falselyindicatingcorvergence.

trainingmethod| time | Fscore| LY
PrecondCG 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: McNemarstestson labelingdisagreements

Mixed CG training corverges slightly more slowly
thanpreconditionedCG. On the otherhand,CG without
preconditionercorverges much more slowly than both
preconditionedCG and mixed CG training. However, it
is still muchfasterthanGIS. We believe thatthe superior
cornvergencerateof preconditionedCG is dueto the use
of approximatesecond-ordemformation. This is con-
rmed by the performanceof L-BFGS, which alsouses
approximatesecond-ordeinformation?

Although there is no direct relationshipbetweenF
scoresand log-likelihood, in theseexperimentsF score
tendsto follow log-likelihood. Indeed,Figure 3 shavs
that preconditionedCG training improvestest F scores
muchmorerapidly thanGIS training.

Table3 comparesuntimes(in minutes)for reachinga
targetpenalizedog-likelihoodfor varioustrainingmeth-
odswith prior = 1:0. GISistheonly methodthatfailed
toreachthetarget,after3,700iterations.We cannotplace
the voted perceptronin this table, as it doesnot opti-
mize log-likelihoodand doesnot usea prior. However,
it reachesa fairly good F-scoreabove 93% in just two
trainingsweepsbut afterthatit improvesmoreslowly, to
a somavhat lower score,than preconditionedCG train-

ing.

5.3 Labeling Accuracy

The accurag rate for individual labeling decisionsis
over-optimisticasanaccurag measurdor shallov pars-
ing. For instance|f the chunkBIlIilI is labledas
ottt , thelabelingaccuray is 87.5%,but recallis
0. However, individual labeling errors provide a more
corvenientbasisfor statistical signi cance tests. One

2pAlthough L-BFGS has a slightly higher penalizedlog-
likelihood,its log-likelihoodon the datais actuallylower than
thatof preconditionedCG andmixed CG training.
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suchtestis McNemarteston pairedobsenations(Gillick
andCox, 1989).

With McNemars test,we comparethe correctnessf
thelabelingdecisionof two models.Thenull hypothesis
is thatthedisagreement&orrectvs. incorrect)aredueto
chance.Table4 summarizeshe resultsof testsbetween
the modelsfor which we hadlabelingdecisions. These
testssuggesthatMEMMSs aresigni cantly lessaccurate,
but that thereare no signi cant differencesn accuray
amongtheothermodels.

6 Conclusions

We have shawn that (log-)linearsequencéabelingmod-
els trained discriminatvely with general-purposepti-
mization methodsare a simple, competitive solution to
learningshallov parsersThesemodelscombinethebest

featuresof generatie nite-state modelsanddiscrimina-
tive (log-)linearclassi ers,anddo NP chunkingaswell
asor betterthan“ad hoc” classi er combinationswhich
werethe mostaccurateapproachuntil now. In alonger
versionof this work we will alsodescribeshallav pars-
ing resultsfor otherphraseypes.Thereis noreasorwhy
the sametechniquegannotbe usedequallysuccessfully
for theothertypesor for otherrelatedtasks,suchasPOS
taggingor named-entityecognition.

On the machine-learningside, it would be interest-
ing to generalizethe ideasof large-magin classi cation
to sequencenodels,strengthenindhe resultsof Collins
(2002) and leadingto new optimal training algorithms
with strongerguaranteeagainsiover tting.

On the applicationside, (log-)linear parsingmodels
have the potential to supplantthe currently dominant
lexicalized PCFGmodelsfor parsingby allowing much
richer featuresetsand simpler smoothing,while avoid-
ing thelabelbiasproblemthatmayhave hinderedearlier
classi er-basedparsers(Ratnaparkhi,1997). However,
work in that direction hasso far addresseanly parse
reranking(Collins andDuffy, 2002;Riezleretal., 2002).
Full discriminative parsertraining facessigni cant algo-
rithmic challengesn therelationshipbetweerparsingal-
ternatvesandfeaturevalues(GemanandJohnson2002)
andin computingfeatureexpectations.
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