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Abstract

This paperseparatesonditionalparameterestima-
tion, which consistentlyraisestestsetaccurag on

statisticalNL P tasks,from conditionalmodelstruc-

tures suchasthe conditionalMarkov modelused
for maximum-entrop tagging,which tendto lower

accurag. Error analysison part-of-speechiagging
shaws that the actualtagging errorsmadeby the

conditionallystructurednodelderive notonly from

labelbias,but alsofrom otherwaysin which thein-

dependencassumption®f the conditionalmodel

structureare unsuitedto linguistic sequencesThe

papermpresentsmien word-senselisambiguatiorand

POS taggingexperimentsandintegratesapparently
con icting reportsfrom otherrecentwork.

1 Introduction

The succesandwidespreadadoptionof probabilis-
tic modelsin NLP hasled to numerousvariantmeth-
odsfor ary giventask,andit canbe dif cult to tell
whataspectof a systemhave led to its relative suc-
cesseor failures. As an example, maximum en-
tropy taggershave achiesed very good performance
(Ratnaparkhi1998; Toutanwa and Manning, 2000;
Lafferty et al., 2001), but almostidentical perfor
mancehasalsocomefrom nely tunedHmMM mod-
els(Brants,2000; ThedeandHarper 1999).Are ary
performancegainsdueto the sequencenodelused,
themaximumentrofy approacho parameteestima-
tion, or thefeaturesemployed by the system?

Recentexperimentshave givencon icting recom-
mendations.Johnson(2001) nds thata condition-
ally trainedpcrG maginally 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
phenomenorcalled label bias (Bottou, 1991)— see
section3 —but is thisa signi cant effectfor realNLP
problems?

We suggesthattheresultsin theliterature,along
with the new resultswe presentin this work, canbe
explainedby thefollowing generalizations:

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

For x ed features,assumptionsmplicit in the
modelstructurehave alargeimpacton errors.

Maximizingtheobjectivebeingevaluatechasare-
liably positive, but oftensmall, effect.

It is especiallyimportantto studytheseissuesus-
ing NLP datasets: NLP tasksare marked by their
complity and sparsity and, as we shaow, conclu-
sionsimportedfrom the machine-learnindjterature
do notalwaysholdin thesecharacteristicontets.

In previous work, the structureof a model and
the methodof parameteestimationwere often both
changedsimultaneously(for reasonsof naturalness
or computationakase) but in this paperwe seekto
teaseapartthe separateeffects of thesetwo factors.
In section2, we take the Naive-Bayesmodel, ap-
pliedto word-senselisambiguatiorfwsb), andtrain
it to maximizevariousobjective functions. Our ex-
perimentgeafrm thatdiscriminative objectieslike
conditionallikelihoodimprove test-setaccurag. In
section3, we examinetwo differentmodelstructures
for part-of-speech(Pos) tagging. There, we ana-
lyze how assumptionsatentin conditionalstructures
lower taggingaccurag and producestrangequali-
tative behaiors. Finally, we discussrelatedrecent

ndings by otherresearchers.

2 Objective Functions: Naive-Bayes

For bag-of-wordswsbD, we have a corpusD of la-
beledexamples(s, 0). Eacho = hpji is alist of con-
text words, and the correspondings is the correct
senseof a x edtargetword occuringin thatcontext.
A particularmodelfor this taskis the familiar multi-



nomial Naive-Bayes (NB) model (Galeetal., 1992;
McCallumandNigam,1998),wherewe assume&on-
ditional independencéetweeneachof the o;. This
NB modelgivesajoint distributionoverthes andto;i
variables:

P(s,00D PG [] Pijs)
It alsoimplicitly makesconditionalpredictions:
: 0
P(sjo) D P(s.0)/ ) P(%0)

In NLP, NB modelsaretypically usedin this latter
way to make conditionaldecisions suchaschosing
themostlikely word sense-

The parameter® D sl 6si for this modelare
thesensepriors P (s) andthesense-conditionalord
distributions P (0js). Theseare typically setusing
(smoothed)elative frequency estimators (RFES):

6s D P(s) D counis)/jDj
fois D P(ojs) D counts, 0)/ ch counts, 0‘5

Theseintuitive relative frequeny estimatorsarethe
estimategor ® which maximizethe joint likelihood
(L) of D accordingo theNB model:
JL@®,D)D ]_[(S’O)ZD P (s, 0)
A NB modelwhich hasbeentrainedto maximizeJ.
will be referredto asNB-JL. It is worth emphasiz-
ing that, in NLP applicationsthe modelis typically
trainedjointly, thenusedfor its P (sjo) predictions.
We cansetthe parameterin otherways, without
changingour model. If we are doing classi cation,
we may not careaboutJL. Rather we will wantto
minimize whatever kinds of errorswe get chaged
for. TheJL objectie is the evaluationcriterion for
languagemodeling, but a decisionprocess'evalua-
tion is morenaturallyphrasedn termsof P (sjo). If
we wantto maximizethe probability assignedo the
correctlabelingof the corpus the appropriateobjec-
tiveis conditional likelihood (cL):
P(sjo)

CL(®,D)D 1_[(50)2D

Thisfocusesonthe sensepredictionsnotthewords,
whichis whatwe caredaboutin the rst place.
Figure 1 shavs an example of the trade-ofs be-
tweenJL andcL. Assumetherearetwo classeq1
and 2), 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, 0) 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 €/4 0 3/5 €/4
1 ab 3 37 3/14 €/4 1 1 1 + +
1 ba 3 37 3/14 €/4 1 1 1 + +
1 bb 0 0 3/14 €/4 0 1 1
2 aa 1 1/7 17 1 € 1 2[5 1 €/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
Accuray 67 TI7 ]
Model [ P(1) P(@2) | P(ajl) P(bjl) | P@j2) P(bj2)
NB-JL 6/7 1/7 1/2 1/2 1 0
NB-CL € 1-€ 1/2 1/2 1 0

Figurel: Exampleof joint vs.conditionalestimation.

for 7 samples.Then,asshovn in gure 1, the JL-
maximizingNB modelhaspriorsof 6/7 and1/7, like
the data. The actual(joint) distribution is notin the
family of NB models,andsoit cannotbelearnedoer
fectly. Still, theNB-JL assigngeasonabl@robabili-
tiesto all occurringevents.However, its priorscause
it to incorrectlypredictthataa belonggo classl. On
theotherhand,maximizingcL will pushthepriorfor
sensel arbitrarily closeto zero. As aresult,its con-
ditional predictionsbecomamoreaccurateatthe cost
of its joint prediction.NB-CL joint predictionassigns
vanishingmasgo eventsotherthan(2, aa), andsoits
joint likelihoodscoregetsarbitrarily bad.

Thereare otherobjectives(or loss functions). In
the SENSEVAL competition (Kilgarriff, 1998), we
guesssensedistributions, and our scoreis the sum
of the massesassignedo the correctsenses. This
objectiveis thesum of conditional likelihoods (scL):

SCL(®,D)D Z(SO)ZD

scL is lessappropriatethat cL whenthe modelis
usedasa stepin a probabilisticprocessratherthan
in isolation. cL is more appropriatefor lter pro-
cessesbecauseét highly punishesassigningzeroor
nearzeroprobabilitiesto obseredoutcomes.

If we choosesinglesensesandreceve a scoreof
either1 or 0 on aninstance thenwe have 0/1-loss
(Friedman,1997). This givesthe “numbercorrect”
andsowe referto the corresponding@bjective asac-
curacy (Acc):

Acc(®, D) D Z(S 020

In thefollowing experimentsweillustratethat,for
a x ed modelstructure,it is advantageouso max-
imize objective functionswhich are similar to the
evaluationcriteria. Althoughin principlewe canop-
timize ary of the objectivesabove, in practicesome
areharderto optimizethanothers. As statedabove,
JL is trivial to maximizewith a NB model. cL and

P(sjo)

8(s D agmaxy P(sY0))



scL, sincethey are continuousin ®, can be opti-
mized by gradientmethods. Acc is nhot continuous
in ® andis unsuitedto direct optimization(indeed,
nding anoptimumis NP-complete).

When optimizing an arbitrary function of ®, we
have to make surethatour probabilitiesremainwell-
formed.If wewantto haveawell-formedjoint NB in-
terpretationwe musthave non-nejative parameters
andtheinequalities8s ), 0os land) ¢6s 1.
If we wantto be guarantee@ non-de cientjoint in-
terpretationwe canrequireequality However, if we
relaxtheequalitythenwe have alargerfeasiblespace
which may give bettervaluesof our objectie.

We performedthe following wsD experiments
with Naive-Bayesmodels. We took as datathe col-
lectionof SENSEVAL-2 Englishlexical samplewsb
corpora? We settheNB modelparameterin several
ways. We optimizedJL (usingthe RFes)3 We also
optimized scL and (the log of) cL, usinga conju-
gategradient(cc) method(Pressetal., 1988)* For
CL andscL, we optimizedeachobjective both over
the spaceof all distributionsand over the subspace
of non-de cientmodels(giving cL andscL ). Acc
wasnotdirectly optimized.

UnconstrainedL correspondgxactlyto acondi-
tional maximumentropy model(Bergeretal., 1996;
Lafferty et al., 2001). This particularcase,where
there are multiple explanatoryvariablesand a sin-
gle catgyorical responsevariable, is also precisely
the well-studied statisticalmodel of (multinomial)
logistic regression (Agresti, 1990). Its optimization
problemis concae (over log parametersandthere-
fore hasa uniqueglobal maximum. For cL , scL,
andscL , we areonly guaranteedocal optima, but
in practicewe detectedho maximawhich were not

2http://www.s|e.sharp.co.uk/sensevalZ/

3Smoothingis animportantfactorfor this task. Sothatthe
variousestimatesvould be smoothedas similarly aspossible,
we smoothedmplicitly, by addingsmoothingdata. We added
one instanceof eachclassoccurringwith the bag containing
eachvocalulary word once. This gave the sameresultasadd-
one smoothingon the RFEs for NB-JL, and ensuredthat NB-
cL would not assigrzeroconditionalprobabilityto any unseen
event. Thesmoothingdatadid not, however, resultin smoothed
estimategor scL; ary conditionalprobabilitywill sumto one
over the smoothinginstances.For this objective, we addeda
penaltytermproportionalto 62, which ensurechatno con-
ditional senseprobabilitiesreached or 1.

4All optimization was done using conjugategradientas-
centover log parameters.; D log6;, ratherthan the given
parameterslue to sensitvity nearzero and improved quality
of quadraticapproximationgluring optimization. Linear con-
straintsover 6 arenot linear in log space,andwere enforced
usinga quadratid_agrangepenaltymethod(Bertsekas1995).

TRAINING SET
Optimization| Acc MacroAcc logJL logCL 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 51151
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 logJL logCL 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 715 59.7 -1872533.0 -33249.7 3890.8

Figure2: Scoresfor the NB modeltrainedaccordingto vari-
ousobjectves. Scoresare usually higheron both training and
testsetsfor theobjective maximized.anddiscriminatve criteria
leadto bettertest-setaccurag. Thebestscoresarein bold.

globaloverthefeasibleregion.

Figure2 shows, for eachobjective maximizedthe
valuesof all objectiveson boththe training andtest
set. Optimizingfor a givenobjective generallygave
the bestscorefor thatobjectie for boththetraining
setandthetestset. Theexceptionis NB-SCL andNB-
scL* which have lower scL scorethanNB-cL and
NB-CL*. Thisis dueto the penaltyusedfor smooth-
ing thesummedmodels(seefn. 3).

Accurag is higherwhen optimizing the discrim-
inative objectives, cL and scL, thanwhenoptimiz-
ing JL (including for macro-a&eraging,where each
word's contribution to average accuray is made
equal). That theseestimatesbeatNB-JL on accu-
ragy is unsurprisingsinceAcc is a discretizationof
conditional predictions, not joint ones. This sup-
ports the claim that maximizing conditional lik eli-
hood, or other discriminative objectives, improves
test set accurag for realistic NLP tasks. NB-SCL,
thoughharderto maximizein general,gives better
test-setaccurag than NB-CL.°> NB-CL* is some-
wherebetweeniL and cL for all objectiveson the
training data. Its behaior shows that the change
from a standardvB approach(NB-JL) to amaximum
entroyy classi er (NB-CL) canbebrokeninto two as-
pects:a changen objective andan abandonmenof
anon-de cieng/ constrainf Note thatthe JL score
for NB-CL*, is not very muchlower thanfor NB-JL,
despitealargechangen CL.

It would betoo strongto statethatmaximizingcL

5This differenceseemsto be partially due to the different
smoothingmethodsused: Chen and Rosenfeld(1999) shav
thatquadraticpenaltiesarevery effective in practice,while the
smoothing-datanethodis quite crude.

5f oneis only interestedn the models conditionalpredic-
tions,thereis no reasorto dispreferde cient joint models.
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Figure3: ConditionalNs hashigheraccurag thanjoint NB for
WSD on most SENSEVAL-2 word sets. The relative improve-
mentgainedby switchingto conditionalestimations positively
correlatedo training setsize.

(in particular)anddiscriminative objectives(in gen-
eral)is always betterthanmaximizingJL for improv-

ing test-setaccurag. Even on the presenttask, CL

strictly beatJiL in accurag for only 15 of 24 words.
Figure3 shavs aplot of therelative accurag for CL:

(AcccL  Accy)/Accy. Thex-axisis the average
numberof traininginstancegper senseweightedby

the frequeny of that sensein the testdata. There
is a cleartrendthat larger training setssav a larger
bene t from usingNB-CL. The scatterin this trend
is partially dueto the wide rangein datasetcondi-
tions. The datasetsexhibit an unusualamountof

drift betweenrtraining andtestdistributions. For ex-

ample, the test datafor amaze consistsentirely of

70 instanceof the less frequentof its two training
sensesandrepresentthehighestpointonthisgraph,
with NB-CL having a relative accurayg increaseof

28%. This drift betweenthe training and test cor-

poragenerallyfavors conditionalestimates.On the
otherhand, mary of thesedatasetsare very small,
individually, and 6 of the 7 setswhereNB-JL wins
areamongthe 8 smallest4 of themin factbeingthe
4 smallestNg andJordan(2002)shaw that,between
NB-JL andNB-CL, thediscriminative NB-CL should,
in principle, have a lower asymptoticerror, but the
generatie NB-JL shouldperformbetterin low-data
situations.They arguethatunlessonehasarelatively

large dataset, oneis in fact likely to be better off

with the generatie estimate.Their claim seemgoo

stronghere;evensmallerdatasetsoftenshow bene t

to accuray from cL estimation,althoughall would

gualify assmallontheirscale.

Since the number of sensesand skew towards
commonsensess so varied betweenSENSEVAL-2
words, we turnedto larger datasetsto testthe ef-
fective “break-even” size for wsb data, using the
hard andline datafrom Leacocketal. (1998). Fig-
ured shavstheaccurag of NB-CL andNB-JL asthe
amountof training dataincreasesConditionalbeats
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Figure4: ConditionalNB is betterthanJointNB for wsb given
all but possiblythe smallestraining sets,andthe advantagen-
creasesvith trainingsetsize.(a) “line” (b) “hard”

Training Set Size

joint for all butthesmallestrainingsizesandtheim-
provementis greaterwith larger training sets. Only
for theline datadoestheconditionalmodelever drop
below thejoint model.

For this task, then, NB-CL is performing better
thanexpected.This appeardo be dueto two waysin
which cL estimationis suitedto linguisticdata.First,
the Ng and Jordanresultsdo not involve smoothed
data. Their datasetsdo not requireit like linguistic
datadoes,and smoothinglargely preventsthe low-
dataover tting thatcanplagueconditionalmodels.

Thereis anothermoreinterestingeasorwhy con-
ditional estimationfor this modelmight work better
for anNLP tasklike wsb thanfor a generaimachine
learningtask. Onesignaturedif culty in NLP is that
the datacontainsa greatmary rare obsenations. In
the caseof wsb, theissueis in telling the kinds of
rare eventsapart. Considera word w which occurs
only once with asenses. In thejoint model,smooth-
ing ensuresthat w doesnot signal s too strongly
However, every w whichoccursonly oncewith s will
receve thesameP (wjs). Ideally, we would wantto
be ableto tell the accidentakingletondrom truein-
dicatorwords. Theconditionalmodelimplicitly does
this to a certainextent. If w occurswith s in anex-
amplewhereothergoodindicatorwordsarepresent,
thenthoseotherwords'largeweightswill explainthe
occurrencef s, andwithoutw havingto havealarge
weight,its expectedcountwith s in thatinstancewill
approachl. On the otherhand,if no trigger words
occurin thatinstance therewill be no otherexpla-
nation for s other than the presenceof w andthe
othernon-indicatve words. Therefore,w's weight,
andthe otherwords', will grow until s is predicted
sufciently strongly

As a concretéillustration, we isolatedtwo senses
of “line” into a two-sensedataset. Sensel was“a
gueue”andsense2 was“a phoneline!” In this cor
pus,the wordstransatlantic andflowers both occur
only once, and only with the “phone” sense(plus



once with 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 instancetheonly non-singleton
contentword is died which occursoncewith sensel
andtwice with sense2. However, in the othercase,
phone occursl91timeswith sense& andonly 4 times
with sensel. Additionally, thereare morewordsin
thesecondnstancewith whichflowers cansharethe
burdenof increasingts expectation Experimentally

P;L(flowersj2) P;L(transatlanticj2)
PyL(flowersjl) Py (transatlanticjl)
while with conditionalestimation,
PcL (fl j2
—CL( owers! ) 2.05
PcL (flowersj1)
PcL (transatlanticj2
cL( 12) 374

PcL (transatlanticj 1)

With joint estimationpothwordssignalsense with
equalstrength.With conditionalestimationthe pre-
senseof wordslike phone causeflowers to indicate
sense? lessstrongly that transatlantic. Given that
the conditionalestimationis implicitly differentially
weightingrareeventsin aplausiblyway, it is perhaps
unsurprisinghatatasklike wsb would seethe ben-
e ts on smallercorpussizesthanwould be expected
onstandardnachine-learninglatasets’

Thesetrendsarereliable,but sometimesmall. In
practice ,onemustdecideif, for example,a5% error
reductionis worth theaddedwork: cG optimization,
especiallywith constraintsjs considerablyharderto
implementhansimplerre estimategor JL. It isalso
considerablyslower: the total training time for the
entire SENSEVAL-2 corpuswaslessthan3 seconds
for NB-JL, but two hoursfor NB-CL.

3 Modd Structure HMMsand CMMs

We now considersequencelata,with POS taggingas
aconcreteNLP example.In the previoussectionwe
had a single model, but several ways of estimating
parameters.In this section,we have two different
modelstructures.

Firstis the classichiddenMarkov model (HMM),
shavn in gure 6a. For an instance(s, o), where

Interestingly the common approachof discarding low-
countevents (for both training speedand over tting reasons)
whenestimatinghe conditionalmodelsusedin maxenttaggers
robsthe systemof the opportunityto exploit this effect of con-
ditional estimation.

Model
Objectve | HMM MEMM  MEMMT
JL 91.23 89.22 90.44
CL 91.41 89.22 90.44
CL 91.44  89.22 90.44

Figure 5: Taggingaccurag: For a x ed model, conditional
estimationis slightly adwantageous.For a x ed objectie, the
MEMM is inferior, thoughit canbe improved by unobserving
unambiguousvords.

o D hoji is aword sequenceands D s;i is atag
sequenceye write thefollowing (joint) model:

P(s.0 D P(9P(0j9 D[] PGsijsi DP@ijsi)

wherewe usea startstatesg to simplify notation.
Theparametersf thismodelarethetransitionand
emissionprobabilities. Again, we can setthesepa-
rameterdo maximizeJL, asis typical, or we canset
themto maximize other objectives, without chang-
ing the modelstructure. If we maximizecL, we get
(possiblyde cient) HMmMs which areinstance®f the
conditionalrandom elds of Lafferty etal. (2001)8
Figure5 shows the taggingaccurag of an HMM
trainedto maximizeeachobjectve. 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. This separatesuttheben-
e t of theconditionalobjective fromthebene t from
the possibility of de ciency (which relatesto label
bias, seebelow). In accordancewith our obsena-
tionsin the last section,and consistentwith the re-
sults of (Lafferty et al., 2001), the cL accuray is
slightly higherthanaL for this x edmodel.
Anothermodeloftenusedfor sequencelatais the
upward Conditional Markov Model (cmm), showvn
asagraphicalmodelin gure 6h. Thisis the model
usedin maximumentropy tagging. The graphical
model shovn gives a joint distribution over (s, 0),
just like an HMM. It is a conditionally structured
model,in the sensdhatthatdistribution canbe writ-
tenasP(s,00 D P(§0)P(0). Sincetaggingonly
usesP(g0), we can discardwhat the model says
aboutP (0). Themodelasdrawn assumeshateach
obsenationis independenthut we couldaddary ar-
rows we pleaseamongthe o; without changingthe
conditionalpredictions. Therefore, it is commonto
think aboutthis modelasif the joint interpretation
were absent,and not to model the obsenations at
all. For modelswhich areconditionalin the senseof

8The generalclassof CRFs is moreexpressie andreduces
to de cient HMMs only whenthey have justthesefeatures.



Figure6: Graphicalmodels: (a) the dovnward HMM, and (b)
theupward conditionalMarkov model(cmm).

the factorizationabove, the JL and cL estimatedor
P (50) will alwaysbethesamelt istherefore¢empt-
ing to believe thatsinceonecan nd closed-formcL
estimategthe RFES) for thesemodels,onecangain
the bene t of conditionalestimation. We will show
thatthisis nottrue,atleastnothere.

Adoptingthe cmm haseffectsin andof itself, re-
gardlesf whethera maximumentrogy approachis
usedto populatethe P (sjs 1, 0) estimates.The ML
estimatefor this modelis the RFE for P(sjs 1, 0).
For tagging, sparsitymakes this impossibleto reli-
ably estimatedirectly, but evenif we coulddoso,we
would have a graphicalmodelwith several defects.
Every graphicalmodel embodiesconditional inde-
pendenceissumptionsThe NB modelassumeshat
obsenationsare independengiven the class. The
HMM assumeshe Markov propertythat future ob-
senationsareindependenfrom pastonesgiventhe
intermediatestate. Both assumptionsre obviously
falsein the data,but the modelsdo well enoughfor
thetaskswe askof them. However, the assumptions
in this upward model are worse, both qualitatively
andquantitatvely. It is a conditionalmodel,in that
the model canbe factoredas P (0)P(§0). As are-
sult, it makesno usefulstatemenaboutthe distribu-
tion of the data,makingit uselessfor example,for
generationor languagemodeling. But more subtly
note that statesare independenbf future obsena-
tions. As a result, future cuesare unableto in u-
encepastdecisionsin certaincases. For example,
imagine tagging an entire sentencewhere the rst
word is an unknovn word. With this model struc-
ture, if we askaboutthe possibletagsfor the rst
word, we will getbackthemarginal distribution over
(sentence-initialunknavn words' tags,regardlesof
thefollowing words.

We constructedwo taggers. Onewas an HMM,
asin gure 6a. It was trainedfor J., cL , and

CL. The secondwasa cMmM, asin gure 6b. We
useda maximumentrogy modeloverthe (word, tag)
and (previous-tag,tag) featuresto approximatethe
P(sjs 1,0) conditionalprobabilities. This cMM is
referredto asanmMeMM. A 9-1split of the Penntree-
bankwasusedasthe datacorpus. To smooththese
modelsasequallyaspossibleandto give asuni ed
atreatmenbf unseerwordsaspossible we mapped
all wordswhich occurredonly oncein trainingto an
unknowvn token. New wordsin thetestdatawerealso
mappedo this token?®

Using thesetaggers,we examinedwhat kinds of
errorsactuallyoccurred.Onekind of errortendeng
in cmms which hasbeenhypothesizedn the liter-
atureis calledlabel bias (Bottou, 1991; Lafferty et
al., 2001). Label biasis a type of explaining-avay
phenomenor{Pearl, 1988) which can be attributed
to the local conditionalmodelingof eachstate. The
ideais thatstatesvhosefollowing-statedistributions
have low entrogy will be preferred. Whatever mass
arrivesat a statemustbe pushedo successostates;
it cannotbe dumpedon alternateobsenationsasin
anHMM. In theory this meanghatthemodelcanget
into a dysfunctionalbehaior wherea trajectoryhas
no relationto the obserationsbut will still stumble
onwardwith high conditionalprobability Thesense
in which this is an explaining-avay phenomenoris
that the previous stateexplainsthe currentstateso
well thatthe obsenationat the currentstateis effec-
tively ignored.Whatwe foundin thecaseof Pos tag-
ging wasthe opposite. The state-statalistributions
are on averagenowhere nearas sharplydistributed
asthe state-obsemtiondistributions. This givesrise
to the reverseexplaining-avay effect. The obsena-
tions explain the statesabove them so well that the
previous statesare effectively ignored. We call this
observation bias.

As an example, considerwhat happenswhen a
word hasonly a singletag. The conditionaldistri-
bution for the tag above that word will always as-
signconditionalprobabilityoneto thatsingletag,re-
gardlesof the previoustag. Figure7 shovs the sen-
tenceAll the indexes dove ., in which All shouldbe
taggedasapredetermine(rpT).19 Mostoccurrences
of All, hawever, areasa determiner(DT, 106/135vs
26/135),andit is muchmorecommonfor a sentence
to begin with adeterminetthana predeterminerThe

9Doing so loweredour accurag by approximately2% for
all models but gave bettercontrolledexperiments.
10The treebankpredeterminetag is meantfor whenwords
like All arefollowedby adeterminerasin this case.



CorrectStates | PDT DT NNS VBD .
IncorrectStates| DT DT NNS VBD .
Obsenations Al the indexes dove .

Figure7: The MEMM exhibits obseration bias: knowing that
theis a DT makesthequality of the DT-DT transitionirrelevant,
andAll recevesits mostcommontag (DT).

other words occur with only one tag in the tree-
bank!! The HMM tagsthis sentencecorrectly be-
causetwo determinersn arow is rarerthanAll be-
ing a predeterminefanda predeterminebeginning
a sentence)However, the MEMM shaws exactly the
effect describedabove, choosingthe mostcommon
tag (DT) for All, sincethe choiceof tagfor All does
not effectthe conditionaltaggingdistributionfor the.

The MEMM parameterslo assigna lower weightto

theDpT DT featurethanto the PDT DT feature but the
the ensures® DT tag, regardless.

Exploiting the joint interpretationof the cmm,
whatwe cando is to unobserve word nodes)eaving
the graphicalmodelasit is, but changingthe obser
vation statusof a givennodeto “not obsered”. For
example,we canretainour knowledgethatthe state
above the is DT, but “forget” thatwe know thatthe
word atthatpositionis the. If we doinferencen this
examplewith the unobsered,takingaweightedsum
over all valuesof thatnode,thenthe conditionaldis-
tribution overtagsequenceshangessshovn under
MeMmMT: the correcttagginghasonceagainbecome
mostprobable.Unobservinghe word itself is not a
priori agoodidea.lt couldeasilyputtoo muchpres-
sureon the last stateto explain the x edstate. This
effectis evenvisible in this smallexample:thelik e-
lihood of the moretypical PDT-DT tag sequenceas
evenhigherfor MemmT thanthe HMM.

Theseissuesare quite importantfor NLP, since
state-of-the-arstatisticaltaggersareall basecbnone
of thesetwo models. In orderto checkwhich, if ei-
ther, of labelor obsenationbiasis actuallycontribut-
ing to taggingerror, we performecdthefollowing ex-
perimentswith our simpleHMM andMEMM taggers.
First, we measuredon thetraining data,the entrogy
of the next-statedistribution P (sjs 1) for eachstate
s. For boththeHMM andMEMM, we thenmeasured
therelative overproposatatefor eachstate:thenum-
ber of errorswhere that statewas incorrectly pre-
dictedin thetestset,dividedby theoverallfrequeng
of thatstatein thecorrectanswersThelabelbiashy-
pothesianakesa concreteprediction: lower entrogy

11For the sale of clarity, this examplehasbeenslightly doc-
toredby theremoval of severalnon-DT occurrencesf thein the
treebank-all incorrect.
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Figure8: Statetransitionentropy (x-axis)doesnotappeato be
positively correlatedwith the relative over-proposalfrequeng
(y-axis)of thetagsfor theMmEMM model,thoughit is slightly so
with theHMM model.

statesshouldhave higherrelative overproposakal-

ues,especiallyfor the MEMM. Figure8 shaws that
the trends,if ary, arenot clear Theredoesappear
to be a slight tendeng to have highererror on the

low-entropy tagsfor theHMM, but if thereis ary su-

per cial trendfor theMEMM, it is thereverse.

On the otherhand,if systematicallyunobserving
unambiguousbsenationsin thememM ledto anin-
creasdn accurag, thenwe would have evidenceof
obsenationbias. Figure5 shaws thatthis is exactly
the case. The error rate of the MEMM dropswhen
we unobsere thesesingle-tagwords (from 10.8%
to 9.5%),andthe errorratein 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 that state-of-the-artnaxenttag-
gerswould necessarilypene t from theunobserving
of x ed-tagwords— if thereare already(tag, next-
word) featuresin the model, this effect should be
far wealer. The claim is that the independenceas-
sumptionsembodiedby the conditionally structured
modelwere the primary root of the lower accurag
for this model. Label biasand obsenation biasare
both explaining-avay phenomenaandareboth con-
sequence®f theseassumptions. Explaining-avay
effectswill befoundquitegenerallyin conditionally-
structuredmodels,and should be carefully consid-
eredbeforesuchmodelsareadopted.The effectcan
be good or bad: In the caseof the NB-cL model,
therewasalsoanexplaining-avay effectsamongthe
words. This is exactly the causefor flowers being
a wealer indicator than transatlantic in our condi-
tional estimationexample. In that case,we wanted
certainword occurrenceto beexplainedaway by the
presencef moreexplanatorywords.However, when
someof the competingconditionedfeaturesarepre-
viouslocal decisionsjgnoringthemcanbe harmful.



4 Reéated Results

Johnson(2001) describegwo parsingexperiments.
First, he examinesa PCFG over the ATIS treebank,
trainedboth usingRFES to maximizeJL, andusinga
CG methodto maximizewhatwe have beencalling
CL . He doesnot give resultsfor the unconstrained
CL, but evenin theconstraineatasethe effectsfrom
section2 occur CL and parsingaccurag are both
higher usingthe cL estimates. He also describes
a conditional shift-reduceparsingmodel, but notes
thatit underperformghe simplerjoint formulation.
We take thesetwo resultsnot ascontradictorybut as
con rmation that conditionalestimation thoughof-
tenslow, generallyimprovesaccurag, while condi-
tional model structuresmust be usedwith caution.
The conditional shift-reduceparsingmodel he de-
scribescanbe expectedto exhibit the sametype of
competing-ariable explaining-avay issuesthat oc-
curin MEMM tagging.As anextremeexample,if all
wordshave beenshifted,therestof the parseactions
will bereductionswith probabilityone.
Goodman(1996) describesalgorithmsfor parse
selectionwhere the criterion being maximizedin
parseselectionis the braclet-basedaccurag mea-
surethat parsesare scoredby. He shaws a test-set
accuray bene t from optimizingaccurag directly.
Finally, modelstructureand parametegestimation
arenottheentiretyof factorswhichdeterminghebe-
havior of amodel. Modelfeaturesarecrucial,andthe
ability to incorporatericher featuresin a relatively
sensibleway also leadsto improved models. This
is the main basisof therealworld bene t which has
beenderivedfrom maxentmodels.

5 Conclusions

We have arguedthat optimizing an objectie thatis
ascloseto thetask“accurag” aspossiblds advanta-
geousn NLP domainsgvenin data-poorcasesvhere
machine-learningesultssuggestdiscriminative ap-
proachesnay not be reliable. We have alsoargued
thatthemodelstructurds afarmoreimportantissue.
For simplepPostagging theobsenationbiaseffect of

the model's independencassumptiongs more evi-

dentthanlabelbiasasa sourceof error, but bothare
examplesof explaining-avay effectswhich canarise
in conditionallystructurednodels.Ourresults com-
binedwith othersin the literature,suggesthat con-
ditional modelstructureis, in andof itself, undesir
able,unlessthat structureenablesanethodsof incor-

poratingbetterfeatures,explaining why maximum-

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