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Abstract

Thispaperseparatesconditionalparameterestima-
tion, which consistentlyraisestestsetaccuracy on
statisticalNLP tasks,from conditionalmodelstruc-
tures, suchas the conditionalMarkov modelused
for maximum-entropy tagging,which tendto lower
accuracy. Error analysison part-of-speechtagging
shows that the actual taggingerrorsmadeby the
conditionallystructuredmodelderivenotonly from
labelbias,but alsofrom otherwaysin whichthein-
dependenceassumptionsof the conditionalmodel
structureareunsuitedto linguistic sequences.The
paperpresentsnew word-sensedisambiguationand
POS taggingexperiments,andintegratesapparently
con�icting reportsfrom otherrecentwork.

1 Introduction

Thesuccessandwidespreadadoptionof probabilis-
tic modelsin NLP hasled to numerousvariantmeth-
odsfor any given task,andit canbe dif�cult to tell
whataspectsof a systemhave led to its relative suc-
cessesor failures. As an example, maximum en-
tropy taggershave achievedvery goodperformance
(Ratnaparkhi,1998;Toutanova andManning,2000;
Lafferty et al., 2001), but almost identical perfor-
mancehasalsocomefrom �nely tunedHMM mod-
els(Brants,2000;ThedeandHarper, 1999).Are any
performancegainsdueto the sequencemodelused,
themaximumentropy approachto parameterestima-
tion, or thefeaturesemployedby thesystem?

Recentexperimentshavegivencon�icting recom-
mendations.Johnson(2001) �nds that a condition-
ally trainedPCFG marginally outperformsa standard
jointly trained PCFG, but that a conditional shift-
reducemodel performsworse than a joint formu-
lation. Lafferty et al. (2001) suggeston abstract
groundsthat conditionalmodelswill suffer from a
phenomenoncalled label bias (Bottou, 1991)– see
section3 – but is thisasigni�cant effect for realNLP

problems?

We suggestthat theresultsin the literature,along
with thenew resultswe presentin this work, canbe
explainedby thefollowing generalizations:

� The ability to include better featuresin a well-
foundedfashionleadsto betterperformance.

� For �x ed features,assumptionsimplicit in the
modelstructurehavea largeimpactonerrors.

� Maximizingtheobjectivebeingevaluatedhasare-
liably positive,but oftensmall,effect.

It is especiallyimportantto studytheseissuesus-
ing NLP datasets: NLP tasksare marked by their
complexity and sparsity, and, as we show, conclu-
sionsimportedfrom the machine-learningliterature
donotalwayshold in thesecharacteristiccontexts.

In previous work, the structureof a model and
themethodof parameterestimationwereoftenboth
changedsimultaneously(for reasonsof naturalness
or computationalease),but in this paperwe seekto
teaseapartthe separateeffectsof thesetwo factors.
In section2, we take the Naive-Bayesmodel, ap-
plied to word-sensedisambiguation(WSD), andtrain
it to maximizevariousobjective functions. Our ex-
perimentsreaf�rm thatdiscriminativeobjectiveslike
conditionallikelihoodimprove test-setaccuracy. In
section3, weexaminetwo differentmodelstructures
for part-of-speech(POS) tagging. There, we ana-
lyzehow assumptionslatentin conditionalstructures
lower taggingaccuracy and producestrangequali-
tative behaviors. Finally, we discussrelatedrecent
�ndings by otherresearchers.

2 Objective Functions: Naive-Bayes

For bag-of-words WSD, we have a corpusD of la-
beledexamples(s, o). Eacho = hoi i is a list of con-
text words, and the correspondings is the correct
senseof a �x edtargetword occuringin thatcontext.
A particularmodelfor this taskis thefamiliar multi-



nomial Naive-Bayes (NB) model (Galeet al., 1992;
McCallumandNigam,1998),whereweassumecon-
ditional independencebetweeneachof the oi . This
NB modelgivesajoint distributionoverthes andhoi i
variables:

P(s, o) D P(s)
∏

i
P(oi js)

It alsoimplicitly makesconditionalpredictions:

P(sjo) D P(s, o)/
∑

s′
P(s0, o)

In NLP, NB modelsare typically usedin this latter
way to make conditionaldecisions,suchaschosing
themostlikely wordsense.1

The parameters2 D hθs I θojs i for this modelare
thesensepriors P(s) andthesense-conditionalword
distributions P(ojs). Theseare typically set using
(smoothed)relative frequency estimators (RFEs):

θs D P(s) D count(s)/j Dj

θojs D P(ojs) D count(s, o)/
∑

o′
count(s, o0)

Theseintuitive relative frequency estimatorsarethe
estimatesfor 2 which maximizethe joint likelihood
(JL) of D accordingto theNB model:

J L(2, D) D
∏

(s,o)2 D
P(s, o)

A NB modelwhich hasbeentrainedto maximizeJL

will be referredto as NB-JL. It is worth emphasiz-
ing that, in NLP applications,the model is typically
trainedjointly, thenusedfor its P(sjo) predictions.

We cansettheparametersin otherways,without
changingour model. If we aredoing classi�cation,
we may not careaboutJL. Rather, we will want to
minimize whatever kinds of errorswe get charged
for. The JL objective is the evaluationcriterion for
languagemodeling,but a decisionprocess'evalua-
tion is morenaturallyphrasedin termsof P(sjo). If
we wantto maximizetheprobabilityassignedto the
correctlabelingof thecorpus,theappropriateobjec-
tive is conditional likelihood (CL):

C L(2, D) D
∏

(s,o)2 D
P(sjo)

This focuseson thesensepredictions,not thewords,
which is whatwecaredaboutin the�rst place.

Figure 1 shows an exampleof the trade-offs be-
tweenJL and CL. Assumethereare two classes(1
and2), two words(a andb), andonly 2-word con-
texts. Assumethe actualdistribution (training and
test)is 3 eachof (1, ab) and(1, ba) andone(2, aa)

1A possibleusefor the joint predictionswould be a topic-
conditionalunigramlanguagemodel.

P(s, o) P(sjo) Correct?
s o Counts Actual NB-JL NB-CL Actual NB-JL NB-CL NB-JL NB-CL

1 aa 0 0 3/14 ε/4 0 3/5 ε/4
1 ab 3 3/7 3/14 ε/4 1 1 1 + +
1 ba 3 3/7 3/14 ε/4 1 1 1 + +
1 bb 0 0 3/14 ε/4 0 1 1
2 aa 1 1/7 1/7 1 � ε 1 2/5 1 � ε/4 - +
2 ab 0 0 0 0 0 0 0
2 ba 0 0 0 0 0 0 0
2 bb 0 0 0 0 0 0 0
Limit log prod. -0.44 -0.69 -1 0.00 -0.05 0.00

Accuracy 6/7 7/7

Model P(1) P(2) P(aj1) P(bj1) P(aj2) P(bj2)

NB-JL 6/7 1/7 1/2 1/2 1 0
NB-CL ε 1-ε 1/2 1/2 1 0

Figure1: Exampleof joint vs.conditionalestimation.

for 7 samples.Then, asshown in �gure 1, the JL-
maximizingNB modelhaspriorsof 6/7 and1/7, like
thedata. Theactual(joint) distribution is not in the
family of NB models,andsoit cannotbelearnedper-
fectly. Still, the NB-JL assignsreasonableprobabili-
tiesto all occurringevents.However, its priorscause
it to incorrectlypredictthataa belongsto class1. On
theotherhand,maximizingCL will pushtheprior for
sense1 arbitrarily closeto zero.As a result,its con-
ditionalpredictionsbecomemoreaccurateat thecost
of its joint prediction.NB-CL joint predictionassigns
vanishingmassto eventsotherthan(2, aa), andsoits
joint likelihoodscoregetsarbitrarilybad.

Thereareotherobjectives(or loss functions). In
the SENSEVAL competition (Kilgarrif f, 1998), we
guesssensedistributions, and our scoreis the sum
of the massesassignedto the correctsenses.This
objective is thesum of conditional likelihoods (SCL):

SC L(2, D) D
∑

(s,o)2 D
P(sjo)

SCL is lessappropriatethat CL when the model is
usedasa stepin a probabilisticprocess,ratherthan
in isolation. CL is more appropriatefor �lter pro-
cesses,becauseit highly punishesassigningzeroor
near-zeroprobabilitiesto observedoutcomes.

If we choosesinglesensesandreceive a scoreof
either1 or 0 on an instance,thenwe have 0/1-loss
(Friedman,1997). This givesthe “numbercorrect”
andsowereferto thecorrespondingobjectiveasac-
curacy (Acc):

Acc(2, D) D
∑

(s,o)2 D
δ(s D argmaxs′ P(s0jo))

In thefollowingexperiments,weillustratethat,for
a �x ed modelstructure,it is advantageousto max-
imize objective functions which are similar to the
evaluationcriteria. Althoughin principlewe canop-
timize any of theobjectivesabove, in practicesome
areharderto optimizethanothers.As statedabove,
JL is trivial to maximizewith a NB model. CL and



SCL, since they are continuousin 2, can be opti-
mizedby gradientmethods. Acc is not continuous
in 2 andis unsuitedto direct optimization(indeed,
�nding anoptimumis NP-complete).

When optimizing an arbitrary function of 2, we
have to makesurethatourprobabilitiesremainwell-
formed.If wewanttohaveawell-formedjoint NB in-
terpretation,we musthave non-negative parameters
andthe inequalities8s

∑
o θojs � 1 and

∑
s θs � 1.

If we want to beguaranteeda non-de�cientjoint in-
terpretation,wecanrequireequality. However, if we
relaxtheequalitythenwehavealargerfeasiblespace
which maygivebettervaluesof ourobjective.

We performed the following WSD experiments
with Naive-Bayesmodels.We took asdatathe col-
lectionof SENSEVAL-2 Englishlexical sampleWSD

corpora.2 WesettheNB modelparametersin several
ways. We optimizedJL (usingthe RFEs).3 We also
optimizedSCL and (the log of) CL, using a conju-
gategradient(CG) method(Presset al., 1988).4 For
CL andSCL, we optimizedeachobjective bothover
the spaceof all distributionsandover the subspace
of non-de�cientmodels(giving CL � andSCL � ). Acc
wasnotdirectlyoptimized.

UnconstrainedCL correspondsexactly to a condi-
tional maximumentropy model(Bergeret al., 1996;
Lafferty et al., 2001). This particularcase,where
thereare multiple explanatoryvariablesand a sin-
gle categorical responsevariable, is also precisely
the well-studiedstatisticalmodel of (multinomial)
logistic regression (Agresti, 1990). Its optimization
problemis concave (over log parameters)andthere-
fore hasa uniqueglobal maximum. For CL � , SCL,
andSCL � , we areonly guaranteedlocal optima,but
in practicewe detectedno maximawhich werenot

2http://www.sle.sharp.co.uk/senseval2/
3Smoothingis an importantfactorfor this task. So that the

variousestimateswould be smoothedassimilarly aspossible,
we smoothedimplicitly, by addingsmoothingdata. We added
one instanceof eachclassoccurringwith the bag containing
eachvocabulary word once.This gave thesameresultasadd-
one smoothingon the RFEs for NB-JL, and ensuredthat NB-
CL would not assignzeroconditionalprobabilityto any unseen
event.Thesmoothingdatadid not,however, resultin smoothed
estimatesfor SCL; any conditionalprobabilitywill sumto one
over the smoothinginstances.For this objective, we addeda
penaltytermproportionalto

∑
θ2, which ensuredthatno con-

ditional senseprobabilitiesreached0 or 1.
4All optimization was done using conjugategradientas-

cent over log parametersλi D logθi , rather than the given
parametersdue to sensitivity nearzero and improved quality
of quadraticapproximationsduring optimization. Linear con-
straintsover θ arenot linear in log space,andwereenforced
usingaquadraticLagrangepenaltymethod(Bertsekas,1995).

TRAINING SET
Optimization Acc MacroAcc log J L logC L SCL

NB-JL 86.8 86.2 -22969684.7 -243184.1 4505.9
NB-CL* 98.5 96.2 -23366291.2 -973.0 5101.2
NB-CL 98.5 96.2 -23431010.0 -854.1 5115.1
NB-SCL* 94.2 93.7 -23054768.6 -226187.8 4884.4
NB-SCL 97.3 95.5 -23146735.3 -220145.0 5055.8

TESTSET
Optimization Acc MacroAcc log J L logC L SCL

NB-JL 73.6 55.0 -1816757.1 -55251.5 3695.4
NB-CL* 72.3 53.4 -1954977.1 -19854.1 3566.3
NB-CL 76.2 56.5 -1964498.5 -20498.7 3798.8
NB-SCL* 74.8 57.2 -1841305.0 -43027.8 3754.1
NB-SCL 77.5 59.7 -1872533.0 -33249.7 3890.8

Figure2: Scoresfor the NB model trainedaccordingto vari-
ousobjectives. Scoresareusuallyhigheron both training and
testsetsfor theobjectivemaximized,anddiscriminativecriteria
leadto bettertest-setaccuracy. Thebestscoresarein bold.

globalover thefeasibleregion.
Figure2 shows,for eachobjectivemaximized,the

valuesof all objectiveson both the training andtest
set. Optimizingfor a givenobjective generallygave
thebestscorefor thatobjective for both thetraining
setandthetestset.Theexceptionis NB-SCL andNB-
SCL* which have lower SCL scorethan NB-CL and
NB-CL*. This is dueto thepenaltyusedfor smooth-
ing thesummedmodels(seefn. 3).

Accuracy is higherwhenoptimizing the discrim-
inative objectives,CL and SCL, thanwhenoptimiz-
ing JL (including for macro-averaging,whereeach
word's contribution to average accuracy is made
equal). That theseestimatesbeat NB-JL on accu-
racy is unsurprising,sinceAcc is a discretizationof
conditional predictions,not joint ones. This sup-
ports the claim that maximizing conditional likeli-
hood, or other discriminative objectives, improves
test set accuracy for realistic NLP tasks. NB-SCL,
thoughharderto maximizein general,gives better
test-setaccuracy than NB-CL.5 NB-CL* is some-
wherebetweenJL and CL for all objectives on the
training data. Its behavior shows that the change
from astandardNB approach(NB-JL) to amaximum
entropy classi�er (NB-CL) canbebrokeninto two as-
pects:a changein objective andanabandonmentof
a non-de�ciency constraint.6 Note that the JL score
for NB-CL*, is not very muchlower thanfor NB-JL,
despitea largechangein CL.

It wouldbetoostrongto statethatmaximizingCL

5This differenceseemsto be partially due to the different
smoothingmethodsused: Chen and Rosenfeld(1999) show
thatquadraticpenaltiesarevery effective in practice,while the
smoothing-datamethodis quitecrude.

6If oneis only interestedin themodel's conditionalpredic-
tions,thereis no reasonto dispreferde�cient joint models.
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Figure3: ConditionalNB hashigheraccuracy thanjoint NB for
WSD on most SENSEVAL -2 word sets. The relative improve-
mentgainedby switchingto conditionalestimationis positively
correlatedto trainingsetsize.

(in particular)anddiscriminative objectives(in gen-
eral)is always betterthanmaximizingJL for improv-
ing test-setaccuracy. Even on the presenttask, CL

strictly beatJL in accuracy for only 15 of 24 words.
Figure3 showsaplot of therelativeaccuracy for CL:
(AccCL � AccJL)/AccJL. The x-axis is the average
numberof training instancespersense,weightedby
the frequency of that sensein the test data. There
is a cleartrendthat larger training setssaw a larger
bene�t from using NB-CL. The scatterin this trend
is partially dueto the wide rangein datasetcondi-
tions. The datasetsexhibit an unusualamountof
drift betweentrainingandtestdistributions. For ex-
ample, the test data for amaze consistsentirely of
70 instancesof the less frequentof its two training
senses,andrepresentsthehighestpointonthisgraph,
with NB-CL having a relative accuracy increaseof
28%. This drift betweenthe training and test cor-
poragenerallyfavors conditionalestimates.On the
otherhand,many of thesedatasetsarevery small,
individually, and6 of the 7 setswhereNB-JL wins
areamongthe8 smallest,4 of themin factbeingthe
4 smallest.Ng andJordan(2002)show that,between
NB-JL andNB-CL, thediscriminative NB-CL should,
in principle, have a lower asymptoticerror, but the
generative NB-JL shouldperformbetterin low-data
situations.They arguethatunlessonehasarelatively
large dataset, one is in fact likely to be betteroff
with thegenerative estimate.Their claim seemstoo
stronghere;evensmallerdatasetsoftenshow bene�t
to accuracy from CL estimation,althoughall would
qualify assmallon their scale.

Since the number of sensesand skew towards
commonsensesis so varied betweenSENSEVAL-2
words, we turnedto larger datasetsto test the ef-
fective “break-even” size for WSD data, using the
hard andline datafrom Leacocket al. (1998). Fig-
ure4 showstheaccuracy of NB-CL andNB-JL asthe
amountof trainingdataincreases.Conditionalbeats
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Figure4: ConditionalNB is betterthanJointNB for WSD given
all but possiblythesmallesttrainingsets,andtheadvantagein-
creaseswith trainingsetsize.(a) “line” (b) “hard”

joint for all but thesmallesttrainingsizes,andtheim-
provementis greaterwith larger training sets. Only
for theline datadoestheconditionalmodelever drop
below thejoint model.

For this task, then, NB-CL is performing better
thanexpected.Thisappearsto bedueto two waysin
whichCL estimationis suitedto linguisticdata.First,
the Ng andJordanresultsdo not involve smoothed
data. Their datasetsdo not requireit like linguistic
datadoes,andsmoothinglargely preventsthe low-
dataover�tting thatcanplagueconditionalmodels.

Thereis another, moreinterestingreasonwhy con-
ditional estimationfor this modelmight work better
for anNLP tasklike WSD thanfor a generalmachine
learningtask. Onesignaturedif�culty in NLP is that
thedatacontainsa greatmany rareobservations. In
the caseof WSD, the issueis in telling the kinds of
rareeventsapart. Considera word w which occurs
only once,with asenses. In thejoint model,smooth-
ing ensuresthat w doesnot signal s too strongly.
However, everyw whichoccursonlyoncewith s will
receive thesameP(wjs). Ideally, we would wantto
beableto tell theaccidentalsingletonsfrom truein-
dicatorwords.Theconditionalmodelimplicitly does
this to a certainextent. If w occurswith s in anex-
amplewhereothergoodindicatorwordsarepresent,
thenthoseotherwords' largeweightswill explainthe
occurrenceof s, andwithoutw having to havealarge
weight,its expectedcountwith s in thatinstancewill
approach1. On the otherhand,if no trigger words
occur in that instance,therewill be no otherexpla-
nation for s other than the presenceof w and the
othernon-indicative words. Therefore,w's weight,
andthe otherwords', will grow until s is predicted
suf�ciently strongly.

As a concreteillustration,we isolatedtwo senses
of “line” into a two-sensedataset. Sense1 was“a
queue”andsense2 was“a phoneline.” In this cor-
pus, the words transatlantic andflowers both occur
only once, and only with the “phone” sense(plus



oncewith eachin the smoothingdata). However,
transatlantic occursin the instancethanks, anyway,
the transatlantic line 2 died. , while flowers occurs
in thelongerinstance. . . phones with more than one
line 2, plush robes, exotic flowers, and complimen-
tary wine. In the�rst instance,theonly non-singleton
contentword is died which occursoncewith sense1
andtwice with sense2. However, in theothercase,
phone occurs191timeswith sense2 andonly 4 times
with sense1. Additionally, therearemorewordsin
thesecondinstancewith whichflowers cansharethe
burdenof increasingits expectation.Experimentally,

PJL(flowersj2)

PJL(flowersj1)
D

PJL(transatlanticj2)

PJL(transatlanticj1)
D 2

while with conditionalestimation,
PCL(flowersj2)

PCL(flowersj1)
D 2.05

PCL(transatlanticj2)

PCL(transatlanticj1)
D 3.74

With joint estimation,bothwordssignalsense2 with
equalstrength.With conditionalestimation,thepre-
senseof wordslike phone causeflowers to indicate
sense2 lessstrongly that transatlantic. Given that
theconditionalestimationis implicitly differentially
weightingrareeventsin aplausiblyway, it is perhaps
unsurprisingthata tasklike WSD would seetheben-
e�ts on smallercorpussizesthanwould beexpected
onstandardmachine-learningdatasets.7

Thesetrendsarereliable,but sometimessmall. In
practice,onemustdecideif, for example,a5% error
reductionis worth theaddedwork: CG optimization,
especiallywith constraints,is considerablyharderto
implementthansimpleRFE estimatesfor JL. It is also
considerablyslower: the total training time for the
entireSENSEVAL-2 corpuswaslessthan3 seconds
for NB-JL, but two hoursfor NB-CL.

3 Model Structure: HMMs and CMMs

Wenow considersequencedata,with POS taggingas
a concreteNLP example.In theprevioussection,we
hada singlemodel, but several waysof estimating
parameters.In this section,we have two different
modelstructures.

First is the classichiddenMarkov model(HMM),
shown in �gure 6a. For an instance(s, o), where

7Interestingly, the common approachof discarding low-
count events(for both training speedand over�tting reasons)
whenestimatingtheconditionalmodelsusedin maxenttaggers
robsthesystemof theopportunityto exploit this effect of con-
ditionalestimation.

Model
Objective HMM MEMM MEMM†

JL 91.23 89.22 90.44
CL � 91.41 89.22 90.44
CL 91.44 89.22 90.44

Figure 5: Taggingaccuracy: For a �x ed model, conditional
estimationis slightly advantageous.For a �x ed objective, the
MEMM is inferior, thoughit canbe improved by unobserving
unambiguouswords.

o D hoi i is a word sequenceand s D hsi i is a tag
sequence,wewrite thefollowing (joint) model:

P(s, o) D P(s)P(ojs) D
∏

i
P(si jsi � 1)P(oi jsi)

whereweusea startstates0 to simplify notation.
Theparametersof thismodelarethetransitionand

emissionprobabilities. Again, we canset thesepa-
rametersto maximizeJL, asis typical, or we canset
them to maximizeotherobjectives,without chang-
ing themodelstructure. If we maximizeCL, we get
(possiblyde�cient) HMMs whichareinstancesof the
conditionalrandom�elds of Lafferty etal. (2001).8

Figure5 shows the taggingaccuracy of an HMM

trainedto maximizeeachobjective. JL is thestandard
HMM. CL duplicatesthe simple CRFs in (Lafferty
et al., 2001). CL � is againan intermediate,where
we optimizedconditionallikelihoodbut requiredthe
HMM to benon-de�cient.Thisseparatesout theben-
e�t of theconditionalobjectivefrom thebene�t from
the possibility of de�ciency (which relatesto label
bias, seebelow). In accordancewith our observa-
tions in the last section,andconsistentwith the re-
sults of (Lafferty et al., 2001), the CL accuracy is
slightly higherthanJL for this �x edmodel.

Anothermodeloftenusedfor sequencedatais the
upward ConditionalMarkov Model (CMM), shown
asa graphicalmodelin �gure 6b. This is themodel
usedin maximumentropy tagging. The graphical
model shown gives a joint distribution over (s, o),
just like an HMM. It is a conditionally structured
model,in thesensethatthatdistributioncanbewrit-
ten as P(s, o) D P(sjo)P(o). Sincetaggingonly
uses P(sjo), we can discardwhat the model says
aboutP(o). Themodelasdrawn assumesthateach
observationis independent,but wecouldaddany ar-
rows we pleaseamongthe oi without changingthe
conditionalpredictions.Therefore,it is commonto
think aboutthis model as if the joint interpretation
were absent,and not to model the observationsat
all. For modelswhich areconditionalin thesenseof

8The generalclassof CRFs is moreexpressive andreduces
to de�cient HMMsonly whenthey have just thesefeatures.
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Figure6: Graphicalmodels: (a) the downward HMM, and(b)
theupwardconditionalMarkov model(CMM).

the factorizationabove, the JL and CL estimatesfor
P(sjo) will alwaysbethesame.It is thereforetempt-
ing to believe thatsinceonecan�nd closed-formCL

estimates(the RFEs) for thesemodels,onecangain
the bene�t of conditionalestimation.We will show
thatthis is not true,at leastnothere.

Adoptingthe CMM haseffectsin andof itself, re-
gardlessof whethera maximumentropy approachis
usedto populatethe P(sjs� 1, o) estimates.The ML

estimatefor this model is the RFE for P(sjs� 1, o).
For tagging,sparsitymakes this impossibleto reli-
ablyestimatedirectly, but evenif wecoulddoso,we
would have a graphicalmodelwith several defects.
Every graphicalmodel embodiesconditional inde-
pendenceassumptions.The NB modelassumesthat
observationsare independentgiven the class. The
HMM assumesthe Markov propertythat future ob-
servationsareindependentfrom pastonesgiven the
intermediatestate. Both assumptionsareobviously
falsein thedata,but themodelsdo well enoughfor
thetaskswe askof them.However, theassumptions
in this upward model are worse,both qualitatively
andquantitatively. It is a conditionalmodel,in that
the modelcanbe factoredas P(o)P(sjo). As a re-
sult, it makesno usefulstatementaboutthedistribu-
tion of the data,makingit useless,for example,for
generationor languagemodeling. But more subtly
note that statesare independentof future observa-
tions. As a result, future cuesare unableto in�u-
encepastdecisionsin certaincases. For example,
imagine taggingan entire sentencewhere the �rst
word is an unknown word. With this model struc-
ture, if we ask about the possibletagsfor the �rst
word,wewill getbackthemarginaldistributionover
(sentence-initial)unknown words' tags,regardlessof
thefollowing words.

We constructedtwo taggers. One was an HMM,
as in �gure 6a. It was trained for JL, CL � , and

CL. The secondwas a CMM, as in �gure 6b. We
useda maximumentropy modelover the(word, tag)
and (previous-tag,tag) featuresto approximatethe
P(sjs� 1, o) conditionalprobabilities. This CMM is
referredto asanMEMM. A 9-1split of thePenntree-
bankwasusedasthe datacorpus. To smooththese
modelsasequallyaspossibleandto give asuni�ed
a treatmentof unseenwordsaspossible,we mapped
all wordswhich occurredonly oncein trainingto an
unknown token.New wordsin thetestdatawerealso
mappedto this token.9

Using thesetaggers,we examinedwhat kinds of
errorsactuallyoccurred.Onekind of error tendency
in CMMs which hasbeenhypothesizedin the liter-
atureis called label bias (Bottou, 1991; Lafferty et
al., 2001). Label bias is a type of explaining-away
phenomenon(Pearl,1988) which can be attributed
to the local conditionalmodelingof eachstate.The
ideais thatstateswhosefollowing-statedistributions
have low entropy will be preferred.Whatever mass
arrivesat a statemustbepushedto successorstates;
it cannotbe dumpedon alternateobservationsasin
anHMM. In theory, thismeansthatthemodelcanget
into a dysfunctionalbehavior wherea trajectoryhas
no relationto the observationsbut will still stumble
onwardwith high conditionalprobability. Thesense
in which this is an explaining-away phenomenonis
that the previous stateexplains the currentstateso
well that theobservationat thecurrentstateis effec-
tively ignored.Whatwefoundin thecaseof POS tag-
ging was the opposite. The state-statedistributions
are on averagenowherenearas sharplydistributed
asthestate-observationdistributions.This givesrise
to the reverseexplaining-away effect. The observa-
tions explain the statesabove themso well that the
previous statesareeffectively ignored. We call this
observation bias.

As an example, considerwhat happenswhen a
word hasonly a single tag. The conditionaldistri-
bution for the tag above that word will always as-
signconditionalprobabilityoneto thatsingletag,re-
gardlessof theprevioustag.Figure7 shows thesen-
tenceAll the indexes dove ., in which All shouldbe
taggedasapredeterminer(PDT).10 Mostoccurrences
of All, however, areasa determiner(DT, 106/135vs
26/135),andit is muchmorecommonfor asentence
to begin with adeterminerthanapredeterminer. The

9Doing so loweredour accuracy by approximately2% for
all models,but gave better-controlledexperiments.

10The treebankpredeterminertag is meantfor whenwords
like All arefollowedby a determiner, asin this case.



HMM MEMM MEMM†

CorrectStates PDT DT NNS VBD . -0.0 -1.3 -0.0
IncorrectStates DT DT NNS VBD . -5.4 -0.3 -5.7
Observations All the indexes dove .

Figure7: The MEMM exhibits observation bias: knowing that
theis a DT makesthequalityof theDT-DT transitionirrelevant,
andAll receivesits mostcommontag(DT).

other words occur with only one tag in the tree-
bank.11 The HMM tagsthis sentencecorrectly, be-
causetwo determinersin a row is rarerthanAll be-
ing a predeterminer(anda predeterminerbeginning
a sentence).However, the MEMM shows exactly the
effect describedabove, choosingthe mostcommon
tag (DT) for All, sincethechoiceof tag for All does
noteffect theconditionaltaggingdistributionfor the.
The MEMM parametersdo assigna lower weight to
theDT DT featurethanto thePDT DT feature,but the
the ensuresa DT tag,regardless.

Exploiting the joint interpretationof the CMM,
whatwe cando is to unobserve word nodes,leaving
thegraphicalmodelasit is, but changingtheobser-
vationstatusof a givennodeto “not observed”. For
example,we canretainour knowledgethat thestate
above the is DT, but “forget” that we know that the
wordat thatpositionis the. If wedo inferencein this
examplewith the unobserved,takingaweightedsum
overall valuesof thatnode,thentheconditionaldis-
tributionover tagsequenceschangesasshown under
MEMM†: thecorrecttagginghasonceagainbecome
mostprobable.Unobservingtheword itself is not a
priori agoodidea.It couldeasilyput toomuchpres-
sureon the last stateto explain the �x edstate.This
effect is evenvisible in this smallexample:the like-
lihood of the more typical PDT-DT tag sequenceis
evenhigherfor MEMM† thantheHMM.

Theseissuesare quite important for NLP, since
state-of-the-artstatisticaltaggersareall basedonone
of thesetwo models.In orderto checkwhich, if ei-
ther, of labelor observationbiasis actuallycontribut-
ing to taggingerror, we performedthefollowing ex-
perimentswith our simpleHMM andMEMM taggers.
First,we measured,on thetrainingdata,theentropy
of thenext-statedistribution P(sjs� 1) for eachstate
s. For boththe HMM andMEMM, we thenmeasured
therelativeoverproposalratefor eachstate:thenum-
ber of errors where that statewas incorrectly pre-
dictedin thetestset,dividedby theoverall frequency
of thatstatein thecorrectanswers.Thelabelbiashy-
pothesismakesa concreteprediction: lower entropy

11For thesake of clarity, this examplehasbeenslightly doc-
toredby theremoval of severalnon-DT occurrencesof thein the
treebank– all incorrect.
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Figure8: Statetransitionentropy (x-axis)doesnotappearto be
positively correlatedwith the relative over-proposalfrequency
(y-axis)of thetagsfor theMEMM model,thoughit is slightly so
with theHMM model.

statesshouldhave higher relative overproposalval-
ues,especiallyfor the MEMM. Figure8 shows that
the trends,if any, arenot clear. Theredoesappear
to be a slight tendency to have highererror on the
low-entropy tagsfor theHMM, but if thereis any su-
per�cial trendfor theMEMM, it is thereverse.

On the otherhand,if systematicallyunobserving
unambiguousobservationsin theMEMM led to anin-
creasein accuracy, thenwe would have evidenceof
observationbias. Figure5 shows that this is exactly
the case. The error rate of the MEMM dropswhen
we unobserve thesesingle-tagwords (from 10.8%
to 9.5%),andtheerror ratein positionsbeforesuch
words dropseven more sharply(17.1% to 15.0%).
Thedropin overallerrorin factcutsthegapbetween
theHMM andtheMEMM by abouthalf.

The claim hereis not that label bias is impossi-
ble for MEMMs, nor thatstate-of-the-artmaxenttag-
gerswould necessarilybene�t from theunobserving
of �x ed-tagwords– if therearealready(tag, next-
word) featuresin the model, this effect shouldbe
far weaker. The claim is that the independenceas-
sumptionsembodiedby theconditionallystructured
modelwere the primary root of the lower accuracy
for this model. Label biasandobservation biasare
bothexplaining-awayphenomena,andarebothcon-
sequencesof theseassumptions. Explaining-away
effectswill befoundquitegenerallyin conditionally-
structuredmodels,and shouldbe carefully consid-
eredbeforesuchmodelsareadopted.Theeffect can
be good or bad: In the caseof the NB-CL model,
therewasalsoanexplaining-awayeffectsamongthe
words. This is exactly the causefor flowers being
a weaker indicator than transatlantic in our condi-
tional estimationexample. In that case,we wanted
certainwordoccurrencesto beexplainedawayby the
presenceof moreexplanatorywords.However, when
someof thecompetingconditionedfeaturesarepre-
viouslocaldecisions,ignoringthemcanbeharmful.



4 Related Results

Johnson(2001) describestwo parsingexperiments.
First, he examinesa PCFG over the ATIS treebank,
trainedbothusingRFEs to maximizeJL, andusinga
CG methodto maximizewhat we have beencalling
CL � . He doesnot give resultsfor the unconstrained
CL, but evenin theconstrainedcase,theeffectsfrom
section2 occur. CL and parsingaccuracy are both
higher using the CL � estimates. He also describes
a conditionalshift-reduceparsingmodel, but notes
that it underperformsthe simpler joint formulation.
We take thesetwo resultsnotascontradictory, but as
con�rmation that conditionalestimation,thoughof-
tenslow, generallyimprovesaccuracy, while condi-
tional model structuresmust be usedwith caution.
The conditional shift-reduceparsingmodel he de-
scribescanbe expectedto exhibit the sametype of
competing-variableexplaining-away issuesthat oc-
cur in MEMM tagging.As anextremeexample,if all
wordshavebeenshifted,therestof theparseractions
will bereductionswith probabilityone.

Goodman(1996) describesalgorithmsfor parse
selectionwhere the criterion being maximized in
parseselectionis the bracket-basedaccuracy mea-
surethat parsesarescoredby. He shows a test-set
accuracy bene�t from optimizingaccuracy directly.

Finally, modelstructureandparameterestimation
arenottheentiretyof factorswhichdeterminethebe-
havior of amodel.Modelfeaturesarecrucial,andthe
ability to incorporatericher featuresin a relatively
sensibleway also leadsto improved models. This
is themainbasisof therealworld bene�t which has
beenderivedfrom maxentmodels.

5 Conclusions

We have arguedthat optimizing an objective that is
ascloseto thetask“accuracy” aspossibleis advanta-
geousin NLP domains,evenin data-poorcaseswhere
machine-learningresultssuggestdiscriminative ap-
proachesmay not be reliable. We have alsoargued
thatthemodelstructureis afarmoreimportantissue.
ForsimplePOS tagging,theobservationbiaseffectof
the model's independenceassumptionsis moreevi-
dentthanlabelbiasasa sourceof error, but bothare
examplesof explaining-awayeffectswhich canarise
in conditionallystructuredmodels.Ourresults,com-
binedwith othersin the literature,suggestthat con-
ditional modelstructureis, in andof itself, undesir-
able,unlessthatstructureenablesmethodsof incor-
poratingbetterfeatures,explaining why maximum-

entropy taggersand parsershave had suchsuccess
despitetheinferior performanceof their basicskele-
tal models.
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