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Abstract

Thispaperpresenta studyaimingto find outthebeststratg@y to develop
a fastand accurateHMM taggerwhen only a limited amountof training
materialis available. Thisis acrucialfactorwhendealingwith language$or
which smallannotateanaterialis noteasilyavailable.

First, we develop someexperimentsn English,usingWSJcorpusasa
test-bencho establishthe differencescausedy the useof large or a small
trainset.Then,we porttheresultsto developanaccurateSpanistPoStagger
usinga limited amountof trainingdata.

Differenteonfigurationf a HMM taggerarestudied.Namely trigram
and 4-grammodelsare tested,as well as different smoothingtechniques.
Theperformancef eachconfiguratiordependingn the sizeof thetraining
corpusis testedn orderto determinghemostappropriatesettingto develop
HMM PoStaggerdor languagesvith reducecamountof corpusavailable.

1 Intr oduction

PoSTaggingis a needfor mostof NaturalLanguageapplicationssuchas Suma-
rization,MachineTranslationDialoguesystemsetc. andthebasisof mary higher
level NLP processindasks.lt is alsousedto obtainannotatedorporacombining
automatictaggingwith humansupervision. Thesecorporamay be usedfor lin-
guistic researchto build bettertaggersor asstatisticalevidencefor mary other
language-process] relatedgoals.



PoStagginghasbeenlargely studiedandmary systemsleveloped.Thereare
somestatisticalimplementationsuchasthosepresentedn [1, 2, 3, 4] andsome
knowledge-basethggerdqfinite-staterule-basedmemorybased)5, 6, 7). There
arealsosomesystemghat combinedifferentimplementationwith a voting pro-
cedure.

This work presentsa thoroughstudy aiming to establishwhich is the most
appropiateway to traina HMM PoStaggerwhendealingwith languagewith a
limited amountof training corpora. To do so, we comparedifferent smoothing
technigueanddifferentorderHMMs.

Experimentareperformecdto determinghe performancenf the bestconfigu-
rationwhenthetaggeris trainedwith alarge Englishcorpus(1 million wordsfrom
WSJ),andcomparingheresultswith thosefor atrainingcorpustentimessmaller
Then,the experimentdor the smalltrain corpusarerepeatedn anothedanguage
(Spanish)yalidatingtheconclusionsThetestedHMM configurationsrary onthe
orderof themodel(3and4 orderHMMs aretestedandin thesmoothingechnique
(Lidstones law vs. LinearInterpolation)usedto estimatemodelparameters.

Section2 presentshetheoreticabasisof a HMM andthedifferentsmoothing
techniqueaisedin this work. Section3 shaws the realizedexperimentsandthe
obtainedresults.Sectiond statessomeconclusionandfurtherwork.

2 Hidden Mark ov Models

Wewill beusingHiddenMarkov ModelsPart-of-Speeclkaggerof orderthreeand
four. Dependingon the orderof the model,the statesrepresenpairsor triples of
tags,andobviously, the numberof parameterso estimatevarieslargely The pa-
rameterof suchmodelsareinitial stateprobabilities statetransitionprobabilities
andemissiorprobabilities.Thatis:

m = P(q1 = ;)
is the probabilitythata sequencstartsat states;,
aij = P(qiy1 = sjlqr = s4)

is the transitionprobability from the state; to the statej (i.e. trigramprobability
P(ts|t1t2) in @a3"d ordermodel,or 4-gramprobability P(t4|t1t2t3) in afour-gram
HMM), and

bi(k) = P(wg|si)

is theemissiorprobabilityof the symbolw, from states;.



In the PoStask model, the emittedsymbolsare the obsered words andthe
obsered sequencéds a completesentence Given a sentencewe wantto choose
themostlikely sequencef stategi.e. PoStags)thatgeneratedt. Thisis computed
usingthe Viterbi algorithm[8].

2.1 Parameter Estimation

The simplestway to estimatehe HMM parameterss MaximumLikelihoodEsti-
mation(MLE), which consistan computingthe relatve frequeng of eachobser
vation:

count(x

PMLE(.’II) = %
count(z,y)
Pyre(zly) = “count(z)

For the caseof the HMM we have to computethis probability estimationfor
eachinitial state transitionor emissionin thetrainingdata:

_ count(s;(t = 0))

count(sentences)

count(s; — s;)
i — A% T 5G)
" count(s;)

count(s;, wy,)

bi(k) =

Actually, computingb; (k) in this way is quite difficult becausehe number
of occurrence®f a singleword will be too small to provide enoughstatistical
evidence soBayestule is usedto computeb; (k) as:

count(s;)

bi(k) = Pwgss) = LwRPwr)

P(si)
where: (5
count(s;

P(s;) = ———%1)

(5:) count(words)
count(wy)

P =

(we) count(words)

Since P(s;|wy) would alsorequirelots of datato be properlyestimatedwe
approximatet as P(t|wy), wheret is thelasttagin the n-gramcorrespondingo
thestate.Similarly, P(s;) is approximatedsP(t).



2.2 Smoothing

MLE is usuallya badestimatorfor NLP purposessincedatatendsto be sparsé.
This leadsto zeroprobabilitiesbeingassignedo unseerevents,causingtroubles
whenmultiplying probabilities.

To solwe this sparsenesproblemit is necessaryo look for estimatorsthat
assignapartof theprobabilitymasso theunseerevents.To do so,therearemary
differentsmoothingechniquesall of themconsistingf decreasingheprobability
assignedo the seeneventsanddistributing theremainingmassamongthe unseen
events. In this work two smoothingmethodsare compared:Lidstones law and
LinearInterpolation.

2.2.1 Laplaceand Lidstone’s Law

Theoldestsmoothingechniques Laplaces law [9], thatconsistdn addingoneto
all the obserations. Thatmeanshatall the unseereventswill have their proba-
bility computedasif they hadappeareancein thetrainingdata.Sinceoneobser
vation for eachevent (seenor unseenjs addedthe numberof differentpossible
obserations(B) hasto beaddedto the numberof realobserations(V), in order
to maintainthe probabilitynormalised.

count(z + 1)
N+ B

However, if thespacads largeandvery sparse-andthusthe numberof possible
events(B) maybesimilarto (or evenlargerthan)thenumberof obsered events—
Laplaces law givesthemtoo muchprobabilitymass.

A possiblealternatve is Lidstones law (see[10] for a detailedexplanationon
theseandothersmoothingtechniqueswhich generalises aplaces andallows to
addanarbitraryvalueto unseerevents.So,for arelatvely largenumberof unseen
events,we canchooseo addvalueslowerthanl. For arelatvely smallnumberof
unseerevents,we maychoosel, or evenlargervalues,if we have alarge number
of obserations(V).

PLa(.'L') =

count(z) + A
N + BX

TouselLaplacesor Lidstones lawsin aHMM-basedaggemwe have to smooth
all probabilitiesinvolvedin the model:

Prq(z) = A>0

~ count(si(t =0)) + Mg
 count(sentences) + Biaghn

Following Zipf’s law: aword’s frequeny is inverselyproportionalo its rankorder



count(s; — sj) + Aa

@i = count(s;) + BiagAa
P(si) count(s;) + s
S; =
! count(words) + BiggXs
t A
Pluwy) = count(wg) + Ay

count(words) + ByAy

where By, is the numberof possibletagsand B,, is the numberof wordsin the
vocalulary (obviously, we canonly approximatehis quantity).

Sincetherearedifferentcountsinvolved in eachprobability we have to con-
siderdifferent \ valuesfor eachformula. In the caseof Laplaces law, all \ are
setto 1, but whenusingLidstones, we wantto determinewhich is the bestsetof
A, andhow they vary dependingn thetrain setsize. This is furtherdiscussedn
section3.1.

2.2.2 Linear Interpolation

A more sophisticatedmoothingtechniqueconsistsof linearly combinethe esti-
mationsfor differentordern-grams:

Pj(tsltita) = c1P(t3) + caP(t3]t2) + c3P(t3|t1t2)
Pii(taltitats) = c1P(ta) + caP(ta|t3) + c3P(taltats) + caP(ta|t1tats)

where}", ¢; = 1 to normalisethe probability Although the valuesfor ¢; can
be determinedn mary differentways,in this work they areestimatedy deleted
interpolationasdescribedn [4]. This techniqueassumeshatthe ¢; valuesdont
dependntheparticulam-gramandcomputesheweightsdependingnthecounts
for eachi-graminvolvedin theinterpolation.

3 Experimentsand Results

Themainpurposeof thiswork is to studythebehaiour of differentconfigurations
for a HMM-basedPoStagger in orderto determinethe bestchoiceto develop
taggerdor languagesvith scarceannotatedorporaavailable.

First,we will exploredifferentconfigurationwhena large amountof training
corpusis available. The experimentawill be performedon English,usingl.1mil-
lion wordsfrom theWall Streetlournakorpus.Then,thesameconfigurationwill
beexploredwhenthetrainingsetis reducedo 100,000words.

Later, the behaiour on the reducedrain setwill be validatedon a manually
developedl100,000word corpusfor SpanisH11].



The testedconfigurationsvary on the orderof the usedHMM (trigram or 4-
gram),andon the smoothingechniqueapplied(Lidstones law or LinearInterpo-
lation).

All theexperimentaredoneusingtenfold cross-alidation.In eachfold, 90%
of thecorpusis usedto trainthetaggerandtherestto testit.

In thefollowing sectionswe presenthebehaiour of thedifferentHMM con-
figurationsfor English,bothwith alarge anda smallcorpus.After, we repeathe
testsusinga smallcorpusfor Spanish.

3.1 Applying Lidstone’s Law

As it hasbeenexplainedin section2.2.1,whenLidstones law is usedin a HMM
tagger thereare four \ valuesto consider Changingthesevaluessignificantly
affectstheprecisionof the system.

Thus, before comparingthis smoothingtechniquewith another we have to
selectthesetof \ thatyieldsthebesttaggerperformanceAfter performingsome
experimentswe obsered that A 4 is the only parametethat significantlyaffects
the behaiour of the system. Modifying the otherthreevaluesdidn’t changethe
systemprecisionin a significantway. So ., A, and\,, weresetto somevalues
determinedasfollows:

— A\r is the assigneccountfor unobsered initial states. Sinceinitial states
dependonly on the tag of the first word in the sentenceand the tag set
we are usingis quite reduced(about40 tags),we may considerthatin a
1,000,000word corpus,at leastone sentenceawill startwith eachtag. So,
we will countoneoccurrencdor unseerevents(i.e. we areusingA, = 1,
Laplaces law, for this case).Whenthe corpusis tentimessmaller we will
usea proportionakrateof occurrencég, = 0.1).

— ), is the countassignedo the unseerstates.Sincewe approximateP(s;)
by P(t) (seesection2.1), the possibleeventsarethe numberof tagsin the
tag set,andwe canreasonas above, assumingat leastone occurrenceof
eachtagin a 1,000,000word corpus(again,Laplaces law, A\; = 1), anda
proportionalvaluefor thesmallcorpus(A; = 0.1)

— Ay isthecountassignedo theunseerwords.Obviously, enforcingthateach
possiblewordwill appeaatleastoncewouldtake toomary probabilitymass
outof seerevents(Englishvocamlary is about100,000forms,whichwould
represeni0%of a 1 million word corpus)sowe adopta moreconserative
value: \,, = 0.1 for thelarge corpus,andtheproportionalvalue \,, = 0.01
for thesmallone.



After settingthesethree A values,we have to selectthe bestvalue for )\ 4.
We will repeatedlysehill-climbing with differentstartingvaluesandsteplengths
(AX), andchoosehevaluethatproducedetterresults.

In table 1 the resultsof this hill-climbing algorithmusingthe whole English
corpus(1 million of words)arepresentedTable2 shaw the sameresultsfor the
100.000wordsEnglishcorpus.

TrigramHMM 4-gramHMM
Initial | AX Initial Final Initial Final
A4 precision precision| A4 || precision precision| AA
0.05 | 0.01 96.98 97.00 | 0.22 96.72 96.88 | 0.28
0.05 | 0.005| 96.98 96.99 | 0.085| 96.72 96.81 | 0.125
0.5 0.1 97.008 | 97.009 | 0.6 96.91 96.93 1.0
05 | 0.05| 97.008 | 97.009 | 0.4 96.91 96.93 | 0.95
1.0 0.5 97.00 97.01 0.5 96.93 96.94 1.5
1.0 0.1 97.00 97.01 0.6 96.93 96.93 1.0
Tablel: Precisionobtainedwith the hill-climbing algorithmon the completeEn-
glishcorpus
TrigramHMM 4-gramHMM
Initial | AM Initial Final Initial Final
Aa precision precision| A4 || precision precision| A
0.05 | 0.01 96.56 96.63 | 0.09| 95.79 96.30 | 0.33
0.05 | 0.005| 96.56 96.63 | 0.1 95.79 96.20 | 0.2
0.5 0.1 96.69 96.69 | 0.5 96.36 96.43 | 0.8
0.5 | 0.05 96.69 96.69 | 0.5 96.36 96.43 | 0.75
1.0 0.5 96.70 96.70 | 1.0 96.44 96.51 | 3.5
1.0 0.1 96.70 96.71 | 0.9 96.44 96.46 | 1.2

Table2: Precisiorobtainedwith thehill-climbing algorithmonthereducedenglish

corpus

As it wasexpected whenusinga small corpusthe precisionfalls, specially
whena4-gramHMM is used sincethe evidenceto estimatethe modelis insuffi-
cient. This pointis discussedh section3.3.

Theseresultsshaw thatthe valueselectedor A 4 is animportantfactorwhen
using this smoothingtechnique. As canbe seenin table 2, the precisionof the
taggevariesup 0.7%dependingn thevalueusedfor A 4.



After performingthe hill climbing searchwe choosethe )\ 4 thatgivesbetter
resultsin eachcaseastheoptimalparameteto usewith this smoothingechnique.
So, for the whole corpususinga Trigram HMM, A 4 is setto 0.6 andthe tagger
yields a precisionof 97.01%,while if we usea 4-gramHMM, A4 = 1.5 leads
to a precisionof 96.94%. Whenthe experimentsare performedover the reduced
corpus thebestresultsareobtainedwith A 4 = 0.9 for atrigramHMM (96.71%)
andwith A\ 4 = 3.5 for a4-grammodel(96.51%).

3.2 Applying Linear Inter polation

The performanceof the taggerswhen using Linear Interpolationto smooththe
probability estimationshasbeenalsotested. In this case the coeficientsc; are
foundvia thedeletednterpolationalgorithm(seesection2.2.2).

WhenusingLinearinterpolationtheprecisionobtainedy the systenmwith the
whole corpusis 97.00%with a trigramHMM, and97.02%with a 4-gramHMM.
For the reducedcorpusthe precisionfalls slightly andwe obtain96.84%for the
trigrammodeland96.71%for the4-gramHMM.

The resultsobtainedusing Linear Interpolationand a trigram model should
reproducethosereportedby [4], wherethe maximumprecisionreachedby the
systemon WSJis 96.7%. In our casewe obtaina higher precisionbecausawe
areassuminghe noneistenceof unknawn words(i.e. thedictionarycontainsall
possibletagsfor all wordsappearindn thetestset. Obviously, word-tagfrequeng
informationfrom thetestcorpusis notusedwhencomputingP (s;|wy)).

3.3 BestConfiguration for English

Bestresultsobtainedfor eachHMM taggerconfigurationare summarizedn ta-
ble 3. Resultsaregivenbothfor thelargeandsmallcorpus.

1,1 Mword English eorpus
Lidstoneslaw Linearinterpolation
trigram 97.01% 97.00%
4-gram 96.94% 97.02%

100 Kword English eorpus
Lidstoneslaw Linearinterpolation
trigram 96.71% 96.84%
4-gram 95.51% 96.71%

Table3: Obtainedresultsfor all HMM PoStaggerconfigurationaisinglarge and
smallsectionsof WSJcorpus



Comparingheresultsfor thetwo smoothingnethodaisedwith differentorder
modelswe candraw thefollowing conclusions:

— In generalLinearInterpolationproducegaggerswith higherprecisionthan
usingLidstones law.

— For the caseof the large corpus,the resultsare not significantly different
for any combinationof n-gramorderand smoothingtechnique.While for
thereducecdcorpusit is clearly betterto usea trigrammodelthana 4-gram
HMM, andLinearInterpolationyieldsslightly betterresults.

— UsingLinearInterpolationhasthe benefitthat the involved coeficientsare
computedusing the training datavia deletedinterpolation,while for Lid-
stones law the precisionis very dependendnthe ) 4 value,which hasto be
costlyoptimised(e.g.via hill-climbing).

3.4 Behaviour in Spanish

The sameexperimentsperformedfor the English corpuswere performedwith a
Spanishcorpus(the CLIC-TALP Corpug) which hasabout100,000words. This
corpusis manuallyvalidatedso, althoughit is small,it is moreaccuratelytagged
thanWSJ.

In this casethetaggerrelieson FreeLingmorphologicalnalysef12] instead
of usinga dictionarybuilt from the corpus. Neverthelessthe situationis compa-
rableto the Englishexperimentsabove: Sincethe corpusandthe morphological
analysethave beenhand-degelopedandcross-chead, they are mutually consis-
tent,andsowe don't have to careaboutunknawn wordsin thetestcorpus.

3.4.1 Applying Lidstone’s Law

In the sameway thanfor the Englishcorpus a hill-climbing searchs performedo
studytheinfluenceof A 4 valuein the precisionof thesystem.The A, A\; and\,,
valuesarefixedto the samevaluesusedfor thereducedWsSJ.

Table 4 shaws the resultsof theseexperiments. The best 4 for the trigram
HMM is A4 = 1.5, yielding a precisionof 96.85%. The bestvaluefor a 4-gram
modelis A4 = 2.5, whichproduces precisionof 96.22%

2moreinformationin http://www.Isi.upc.es/ nlp/
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TrigramHMM 4-gramHMM
Initial | AX Initial Final Initial Final
A4 precision precision| Aa || precision precision| AA

0.05 | 0.01 96.54 96.68 | 0.18 95.49 96.00 | 0.35
0.05 | 0.005| 96.54 96.58 | 0.065| 95.49 95.82 | 0.15
0.5 0.1 96.79 96.80 0.5 96.06 96.16 1.6
05 | 0.05 96.79 96.81 | 0.55 96.06 96.14 | 1.05
1.0 0.5 96.80 96.85 15 96.14 96.22 | 2.5
1.0 0.1 96.80 96.84 11 96.14 96.16 1.6

Table4: Precisiorobtainedwith thehill-climbing algorithmonthe Spanistcorpus

3.4.2 Applying Linear Interpolation

Thecoeficientsfor LinearInterpolatiorarecomputedor Spanistin thesameway
thanfor English(section3.2). Theprecisionof the obtainecdtaggersds 96.90%for
thetrigramHMM and96.73%for the4-grammodel.

3.4.3 BestConfiguration for Spanish

Resultsfor Spanishare —asit may be expected-similar to thoseobtainedwith

the reducedEnglish corpus. Again, working with a trigram HMM gives higher
precisionthan working with a 4-gramone, for both smoothingtechniquesand
usingLinearInterpolationgivesa slightly betterresultsthanusingLidstones law.

Table5 summarizesheobtainedresultsfor bothsmoothingmethods.

100 Kword Spanish eorpus
Lidstoneslaw LinearInterpolation
trigram 96.85% 96.90%
4-gram 96.22% 96.73%

Table5: Obtainedresultsfor all HMM PoStaggerconfigurationausing Spanish
100Kwordscorpus

Neverthelesssomeimportantremarkscanbe extractedfrom theseresults:

— Competitve HMM taggersmay be build using relatvely small train sets,
whichis interestingfor languagesackinglargeresources.

— ThebestresultsareobtainedusingtrigrammodelsandLinearInterpolation
smoothing.
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— Lidstones law maybeusedasanalternatve smoothingechniquebut if A 4
is nottuned resultsarelikely to be significantlylower.

4 Conclusionsand Further Work

We have studiechow competitve HMM-basedPoStaggercanbedevelopedusing
relatively smalltrainingcorpus.

Resultspoint out that accuratetaggerscanbe build provided the appropriate
smoothingtechniqueareused.Betweerbothtechniquestudiedhere,in general
theonethatgivesa higherprecisionis LinearInterpolationbut Lidstones law can
reach,in mary casessimilar precisionratesif a searchis performedthroughthe
parametespaceo find themostappropriate) 4.

The modelproposedn [4] (trigramtagger LinearInterpolationsmoothing)is
not only the moresuitablefor big training corpusbut alsoit givesthe bestresults
for limited amountsof trainingdata.

The useof four-grammodelsmayresultin a slightincreasen precisionwhen
using large corpus. Neverthelessthe gain is probablynot worth the increasedn
compleity andsizeof themodel.

Furtherwork to beperformedncludesdealingwith unknawn words,andstudy
their influenceon the taggersdevelopedon small corpus. Also, we planto port
the sameexperimentgo otherlanguagegnamely Catalan)}o furthervalidatethe
conclusionf this paper
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