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Abstract
x

Thispapery presentsy az study{ aimingz to
|

find out} the
|

best
~

strate{ gy� to
|

de
�

v� elop�
az fastz andz accuratez HMM tagger

|
when� only} az limited amountz of} training

|
materialis az v� ailable.z This is az crucial� factorz when� dealing

�
with� languagesfor

which� small{ annotatedz materialis noteasily� az v� ailable.z
First, we� de

�
v� elop� some{ e� xperimentsin English,using� WSJ

�
corpus� asz az

test-bench
|

to
|

establish� the
|

dif
�

ferences
�

caused� by
~

the
|

use� of} lar
�

ge� or} az small{
train
|

set.{ Then,
�

we� porty the
|

results� to
|

de
�

v� elop� anz accuratez Spanish
�

PoS
�

tagger
|

using� az limited
�

amountz of} training
|

data.
�

Dif
�

ferent
�

configurations� of} az HMM
�

tagger
|

arez studied.{ Namely
�

,� trigram
|

andz 4-gram
�

models� arez tested,
|

asz well� asz dif
�

ferent
�

smoothing{ techniques.
|

Theperformancey of} each� configuration� depending
�

on} the
|

size{ of} the
|

training
|

corpus� is tested
|

in order} to
|

determine
�

the
|

mostappropriatez setting{ to
|

de
�

v� elop�
HMM PoStaggers

|
for languageswith� reducedamountz of} corpus� az v� ailable.z

1 Intr
�

oduction�
PoSTagging� is a� needfor mostof� Natural

�
Languageapplications� suchas� Suma-

rization,� Machine
�

T
�

ranslation,� Dialogue
�

systems,etc.� and� the
�

basis
�

of� man� y  higher
¡

lev¢ el� NLP
�

processing£ tasks.
�

It is also� used¤ to
�

obtain� annotated� corpora¥ combining¥
automatic� tagging

�
with¦ human

¡
supervision.These

�
corpora¥ may� be

�
used¤ for

§
lin-
¨

guistic© research,to
�

b
�
uild¤ better

�
taggers,
�

or� as� statisticale� vidence¢ for many  other�
language-processi
¨

ngª related� goals.©
1
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PoStagging
�

hasbeen
�

largely© studiedand� many  systemsde
¬

v¢ eloped.� Thereare�
somestatisticalimplementations


suchas� those

�
presented£ in


[1, 2,

®
3, 4]
¯

and� some
knowledge-based¦ taggers

�
(finite-state,rule-based,memorybased)

�
[5, 6

°
, 7
±
].
²

There
are� also� somesystemsthat

�
combine¥ dif

¬
ferentimplementationswith¦ a� v¢ oting� pro-£

cedure.¥
This w¦ ork� presents£ a� thorough

�
study aiming� to

�
establish� which¦ is the

�
most

appropiate� w¦ ay� to
�

train
�

a� HMM
³

PoS
´

tagger
�

when¦ dealing
¬

with¦ languages
¨

with¦ a�
limited amount� of� training

�
corpora.¥ To� do

¬
so, we¦ compare¥ dif

¬
ferent smoothing

techniques
�

and� dif
¬

ferent
§

order� HMMs.
³

Experimentsare� performed£ to
�

determine
¬

the
�

performance£ of� the
�

best
�

configu-¥
ration� when¦ the

�
tagger
�

is


trained
�

with¦ a� lar
¨

ge© English
µ

corpus¥ (1 million� w¦ ords� from
§

WSJ),
¶

and� comparing¥ the
�

results� with¦ those
�

for
§

a� training
�

corpus¥ ten
�

times
�

smaller.
Then,the

�
e� xperimentsfor the

�
small train

�
corpus¥ are� repeatedin another� language

(Spanish),v¢ alidating� the
�

conclusions.¥ The
�

tested
�

HMM
³

configurations¥ v¢ ary� on� the
�

order� of� the
�

model(3 and� 4 order� HMMs are� tested)
�

and� in the
�

smoothingtechnique
�

(Lidstone’s la
¨

w¦ vs.· Linear
¸

Interpolation)
¹

used¤ to
�

estimate� model� parameters.£
Section2 presents£ the

�
theoretical
�

basis
�

of� a� HMM and� the
�

dif
¬

ferentsmoothing
techniques
�

used¤ in


this
�

w¦ ork.� Section3 shows¦ the
�

realized� e� xperimentsº and� the
�

obtained� results.Section4 statessomeconclusions¥ and� furtherw¦ ork.�
2 Hidden Mark o� v» Models

W
¶

e� will¦ be
�

using¤ HiddenMarko� v¢ ModelsPart-of-Speech� taggers
�

of� order� three
�

and�
four
§

. Depending
�

on� the
�

order� of� the
�

model,� the
�

statesrepresent� pairs£ or� triples
�

of�
tags,
�

and� ob� viously¢ , the
�

numberª of� parameters£ to
�

estimate� v¢ aries� lar
¨

gely© . The
�

pa-£
rametersof� suchmodelsare� initial stateprobabilities,£ statetransition

�
probabilities£

and� emission� probabilities.£ That
�

is:

¼ ½ ¾ ¿ À Á Â ¾ Ã ½ Ä

is the
�

probability£ that
�

a� sequencestartsat� stateÅ Æ ,
Ç È É Ê Ë Ì Í Î Ï Ð Ê Ñ É Ò Í Î Ê Ñ È Ó

is


the
�

transition
�

probability£ from
§

the
�

stateÔ to
�

the
�

stateÕ (i.e. trigram
�

probability£Ö × Ø Ù Ú Ø Û Ø Ü Ý
in a� 3Þ ß order� model,or� 4-gramprobability£ à á â ã ä â å â æ â ç è in a� four-gram

HMM), and� é ê ë ì í î ï ë ð ñ ò ó ê í
is


the
�

emission� probability£ of� the
�

symbol ô õ from
§

stateö ÷ .
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In the
�

PoStask
�

model, the
�

emitted� symbolsare� the
�

observ� ed� w¦ ords� and� the
�

observ� ed� sequenceis


a� complete¥ sentence.Gi
ù

v¢ en� a� sentence,we¦ w¦ ant� to
�

choose¥
the
�

mostlikely� sequenceof� states(i.e. PoStags)
�

that
�

generated© it. Thisis computed¥
using¤ the

�
V
ú

iterbi algorithm� [8].
²

2.1
û

P
ü

arameter Estimation
ý

The
�

simplestw¦ ay� to
�

estimate� the
�

HMM
³

parameters£ is


Maximum
�

Lik
¸

elihood� Esti-
µ

mation(MLE), which¦ consists¥ in computing¥ the
�

relativ¢ e� frequency  of� each� obser� -
v¢ ation:� þ

ÿ � � � � � � � � � 	 
 � � ��
�  � � � � � � � � � � � � � � � � � �

� � � �  ! " #
For� the

�
case¥ of� the

�
HMM we¦ hav¢ e� to

�
compute¥ this

�
probability£ estimation� for

each� initial


state,transition
�

or� emission� in


the
�

training
�

data:
¬

$ % & ' ( ) * + , - % , + & . / /
0 1 2 3 4 5 6 7 3 4 7 3 0 7 6 8

9 : ; < 0 1 2 3 4 5 6 : = 6 ; 8
> ? @ A B C D E F

G E C H F I > ? @ A B C D E J K L F
M N O P Q R S T U

Actually
V

, computing¥ W X Y Z [ in


this
�

w¦ ay� is


quite\ dif
¬

ficult
]

because
�

the
�

numberª
of� occurrences� of� a� single w¦ ord� will¦ be

�
too
�

small to
�

pro£ vide¢ enough� statistical
e� vidence,¢ soBayes

^
rule� is


used¤ to

�
compute¥ _ ` a b c as:�

d e f g h i j f k l m n e h i j f n e m k l h j f k l h
o p q r s

where:¦ t u v w x y z { | } ~ u v w x
� � � � � � � � � � � �

� � � � � � � � � � � � � � �
� � � � � � � � � � � �

Since � � � � � � � � w¦ ould� also� requirelots of� data
¬

to
�

be
�

properly£ estimated,� we¦
approximate� it


as�   ¡ ¢ £ ¤ ¥ ¦ , where¦ § is


the
�

last
¨

tag
�

in


the
� ¨

-gramcorresponding¥ to
�

the
�

state.Similarly, © ª « ¬  is


approximated� as� ® ¯ ° ± .
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2.2 Smoothing

MLE is usually¤ a� bad
�

estimator� for NLP
�

purposes,£ sincedata
¬

tends
�

to
�

be
�

sparse1.
This
�

leads
¨

to
�

zero³ probabilities£ being
�

assigned� to
�

unseen¤ e� v¢ ents,� causing¥ troubles
�

when¦ multiplying probabilities.£
T
�

o� solve� this
�

sparsenessproblem£ it


is


necessaryª to
�

look
¨

for
§

estimators� that
�

assign� a� part£ of� the
�

probability£ massto
�

the
�

unseen¤ e� v¢ ents.� To� do
¬

so,there
�

are� many 
dif
¬

ferentsmoothingtechniques,
�

all� of� them
�

consisting¥ of� decreasing
¬

the
�

probability£
assigned� to

�
the
�

seene� v¢ ents� and� distrib
¬

uting¤ the
�

remaining� mass� among� the
�

unseen¤
e� v¢ ents.� In

¹
this
�

w¦ ork� tw
�

o� smoothingmethods� are� compared:¥ Lidstone’
¸

s la
¨

w¦ and�
Linear
¸

Interpolation.
¹

2.2.1 Laplaceand´ Lidstone’sµ Law

The
�

oldest� smoothingtechnique
�

is


Laplace’
¸

s la
¨

w¦ [9],
²

that
�

consists¥ in


adding� one� to
�

all� the
�

observ� ations.� That
�

means� that
�

all� the
�

unseen¤ e� v¢ ents� will¦ ha
¡

v¢ e� their
�

proba-£
bility
�

computed¥ as� if the
�

y  hadappeared� once� in the
�

training
�

data.
¬

Sinceone� obser� -
v¢ ation� for

§
each� e� v¢ ent� (seenor� unseen)¤ is


added,� the

�
numberª of� dif

¬
ferent
§

possible£
observ� ations� ( ¶ )

·
hasto

�
be
�

added� to
�

the
�

numberof� realobserv� ations� ( ¸ ),
·

in order�
to
�

maintain� the
�

probability£ normalised.ª
¹ º » ¼ ½ ¾ ¿ À Á Â Ã Ä ¼ ½ Å Æ ¾

Ç È É
Howe¦ v¢ er� , if the

�
spaceis large© and� v¢ ery� sparse–andthus

�
the
�

numberof� possible£
e� v¢ ents� ( Ê )

·
may� be

�
similar to

�
(or e� v¢ en� lar

¨
ger© than)

�
the
�

numberª of� observ� ed� e� v¢ ents–�
Laplace’s law¦ gi© v¢ es� them

�
too
�

muchprobability£ mass.
A

V
possible£ alternati� v¢ e� is


Lidstone’
¸

s la
¨

w¦ (see[10]
²

for
§

a� detailed
¬

e� xplanationº on�
these
�

and� other� smoothingtechniques)
�

which¦ generalises© Laplace’s and� allo� ws¦ to
�

add� an� arbitrary� v¢ alue� to
�

unseen¤ e� v¢ ents.� So,for
§

a� relati� v¢ ely� lar
¨

ge© numberª of� unseen¤
e� v¢ ents,� we¦ can¥ choose¥ to

�
add� v¢ alues� lo

¨
wer¦ than

�
1. F

Ë
or� a� relati� v¢ ely� smallnumberª of�

unseen¤ e� v¢ ents,� we¦ maychoose¥ 1, or� e� v¢ en� larger© v¢ alues,� if we¦ hav¢ e� a� large© number
of� observ� ations� ( Ì ).

·
Í Î Ï Ð Ñ Ò Ó Ô Õ Ö × Ø Ð Ñ Ò Ù Ú

Û Ü Ý Þ Þ ß à
To� use¤ Laplace’sor� Lidstone’s laws¦ in a� HMM-basedtagger

�
we¦ hav¢ e� to

�
smooth

all� probabilities£ inv¢ olv� ed� in the
�

model:

á â ã ä å æ ç è é ê â é è ã ë ì ì í î ï
ð ñ ò ó ô õ ö ÷ ó ô ÷ ó ð ÷ ö ø ù ú û ü ý þ ÿ

1Following� Zipf ’s� law: a� word’� s� frequency� is inv� ersely� proportional� to
�

its rankorder
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 � �  � � � � � � � � � � � � � � �
� � � � � �  ! " # $ % & ' ( )

* �  ! " + � � � � � �  ! " # ( ,
- . / 0 1 2 3 . 4 5 6 7 8 9 : ; < = >

? 2 3 @ 7 A - . / 0 1 2 3 @ 7 8 = B
C D E F G H I D J K L M N O P Q P

where¦ R S T U is


the
�

numberª of� possible£ tags
�

and� V W is


the
�

numberª of� w¦ ords� in


the
�

v¢ ocab� ulary¤ (obviously¢ , we¦ can¥ only� approximate� this
�

quantity).\
Sincethere

�
are� dif

¬
ferent
§

counts¥ in


v¢ olv� ed� in


each� probability£ , we¦ ha
¡

v¢ e� to
�

con-¥
siderdif

¬
ferent X v¢ alues� for each� formula. In the

�
case¥ of� Laplace’s law¦ , all� Y are�

setto
�

1, b
�
ut¤ when¦ using¤ Lidstone’

¸
s, we¦ w¦ ant� to

�
determine
¬

which¦ is


the
�

best
�

setof�Z
, and� ho

¡
w¦ the
�

y  v¢ ary� depending
¬

on� the
�

train
�

setsize. This
�

is


further
§

discussed
¬

in


section3.1.

2.2.2 Linear Interpolation[

A
V

more� sophisticatedsmoothingtechnique
�

consists¥ of� linearly
¨

combine¥ the
�

esti-�
mationsfor dif

¬
ferentorder� \ -grams:

] ^ _ ` a b c a d a e f g h d ] ` a b f i h e ] ` a b c a e f i h b ] ` a b c a d a e f
] ^ _ ` a j c a d a e a b f g h d ] ` a j f i h e ] ` a j c a b f i h b ] ` a j c a e a b f i h j ] ` a j c a d a e a b f

where¦ k l m l n o to
�

normaliseª the
�

probability£ . Although
V

the
�

v¢ alues� for
§ p q

can¥
be
�

determined
¬

in many  dif
¬

ferentw¦ ays,� in this
�

w¦ ork� the
�

y  are� estimated� by
�

deleted
¬

interpolation


as� described
¬

in


[4].
²

This
�

technique
�

assumes� that
�

the
� r s

v¢ alues� don’
¬

t
�

depend
¬

on� the
�

particular£ t -gramand� computes¥ the
�

weights¦ depending
¬

on� the
�

counts¥
for each� u -graminv¢ olv� ed� in the

�
interpolation.

3
v

Experiments
w

andx Results
y

The
�

main� purpose£ of� this
�

w¦ ork� is


to
�

studythe
�

beha
�

viour¢ of� dif
¬

ferent
§

configurations¥
for a� HMM-basedPoStagger

�
, in order� to

�
determine
¬

the
�

best
�

choice¥ to
�

de
¬

v¢ elop�
taggers
�

for languageswith¦ scarceannotated� corpora¥ a� v¢ ailable.�
First,

Ë
we¦ will¦ e� xploreº dif

¬
ferent
§

configurations¥ when¦ a� lar
¨

ge© amount� of� training
�

corpus¥ is a� v¢ ailable.� Thee� xperimentswill¦ be
�

performed£ on� English,using¤ 1.1mil-
lion
¨

w¦ ords� from
§

the
�

W
¶

all� StreetJournal
z

corpus.¥ Then,
�

the
�

sameconfigurations¥ will¦
be
�

e� xploredwhen¦ the
�

training
�

setis reducedto
�

100,000w¦ ords.�
Later
¸

, the
�

beha
�

viour¢ on� the
�

reduced� train
�

setwill¦ be
�

v¢ alidated� on� a� manually�
de
¬

v¢ eloped� 100,000w¦ ord� corpus¥ for Spanish[11].
²
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The tested
�

configurations¥ v¢ ary� on� the
�

order� of� the
�

used¤ HMM (trigram or� 4-
gram),© and� on� the

�
smoothingtechnique

�
applied� (Lidstone’s la

¨
w¦ or� Linear

¸
Interpo-
¹

lation).
All the

�
e� xperimentsare� done

¬
using¤ ten

�
fold cross-v¥ alidation.� In each� fold, 90%

|
of� the
�

corpus¥ is used¤ to
�

train
�

the
�

tagger
�

and� the
�

restto
�

test
�

it.
In the
�

following¦ sections,we¦ present£ the
�

beha
�

viour¢ of� the
�

dif
¬

ferentHMM con-¥
figurations

]
for
§

English,
µ

both
�

with¦ a� lar
¨

ge© and� a� smallcorpus.¥ After
V

, we¦ repeat� the
�

tests
�

using¤ a� smallcorpus¥ for Spanish.

3.1
}

A
~

pplying� Lidstone’
�

s Law
�

As
V

it


has
¡

been
�

e� xplainedº in


section2.2.1,
®

when¦ Lidstone’
¸

s la
¨

w¦ is


used¤ in


a� HMM
³

tagger
�

, there
�

are� four
§ �

v¢ alues� to
�

consider¥ . Changing
�

these
�

v¢ alues� significantly
af� fectsthe

�
precision£ of� the

�
system.

Thus,
�

before
�

comparing¥ this
�

smoothingtechnique
�

with¦ another� , we¦ ha
¡

v¢ e� to
�

selectthe
�

setof� � that
�

yields  the
�

best
�

tagger
�

performance.£ After performing£ some
e� xperiments,º we¦ observ� ed� that

� � �
is


the
�

only� parameter£ that
�

significantlyaf� fects
§

the
�

beha
�

viour¢ of� the
�

system.Modifying the
�

other� three
�

v¢ alues� didn’
¬

t
�

change¥ the
�

systemprecision£ in


a� significantw¦ ay� . So � � , � � , and� � � were¦ setto
�

somev¢ alues�
determined
¬

as� follows:¦
– � � is the

�
assigned� count¥ for unobserv¤ ed� initial states. Sinceinitial states

depend
¬

only� on� the
�

tag
�

of� the
�

first w¦ ord� in the
�

sentence,and� the
�

tag
�

set
we¦ are� using¤ is


quite\ reduced� (about40

¯
tags),
�

we¦ may� consider¥ that
�

in


a�
1,000,000w¦ ord� corpus,¥ at� least

¨
one� sentencewill¦ startwith¦ each� tag.

�
So,

we¦ will¦ count¥ one� occurrence� for unseen¤ e� v¢ ents� (i.e. we¦ are� using¤ � � � � ,
Laplace’
¸

s la
¨

w¦ , for
§

this
�

case).¥ When
¶

the
�

corpus¥ is


ten
�

times
�

smaller, we¦ will¦
use¤ a� proportional£ rateof� occurrence� ( � � � � � � ).

·
– � � is


the
�

count¥ assigned� to
�

the
�

unseen¤ states.Sincewe¦ approximate� � � � � �
by
� �   ¡ ¢

(seesection2.1),
®

the
�

possible£ e� v¢ ents� are� the
�

numberª of� tags
�

in


the
�

tag
�

set,and� we¦ can¥ reason� as� abo� v¢ e,� assuming� at� least
¨

one� occurrence� of�
each� tag

�
in a� 1,000,000w¦ ord� corpus¥ (again,Laplace’s law¦ , £ ¤ ¥ ¦ ),

·
and� a�

proportional£ v¢ alue� for the
�

smallcorpus¥ ( § ¨ © ª « ¬ )
·

–  ® is


the
�

count¥ assigned� to
�

the
�

unseen¤ w¦ ords.� Ob
¯

viously¢ , enforcing� that
�

each�
possible£ w¦ ord� will¦ appear� at� leastonce� w¦ ould� tak

�
e� too
�

many  probability£ mass
out� of� seene� v¢ ents� (Englishv¢ ocab� ulary¤ is


about� 100,000forms,

§
which¦ w¦ ould�

represent10%of� a� 1 million w¦ ord� corpus),¥ sowe¦ adopt� a� moreconserv¥ ati� v¢ e�
v¢ alue:� ° ± ² ³ ´ µ for

§
the
�

lar
¨

ge© corpus,¥ and� the
�

proportional£ v¢ alue� ¶ · ¸ ¹ º ¹ »
for the

�
smallone.�
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After settingthese
�

three
� ½

v¢ alues,� we¦ hav¢ e� to
�

selectthe
�

best
�

v¢ alue� for ¾ ¿ .
W
¶

e� will¦ repeatedly� use¤ hill-climbing
¡

with¦ dif
¬

ferent
§

startingv¢ alues� and� steplengths
¨

( À Á ),
·

and� choose¥ the
�

v¢ alue� that
�

produces£ better
�

results.
In table
�

1 the
�

resultsof� this
�

hill-climbing algorithm� using¤ the
�

whole¦ English
corpus¥ (1 million of� w¦ ords)� are� presented.£ Table� 2 show¦ the

�
sameresultsfor the

�
100.000w¦ ords� Englishcorpus.¥

TrigramHMM 4-gramHMM
Initial
¹ Â Ã

Initial
¹

Final
Ë

Initial
¹

Final
Ë

Ä Å
precision£ precision£ Æ Ç precision£ precision£ È É

0.05
Ê

0.01
Ê

96.98
|

97.00
|

0.22
Ê

96.72
|

96.88
|

0.28
Ê

0.05
Ê

0.005
Ê

96.98
|

96.99
|

0.085
Ê

96.72
|

96.81
|

0.125
Ê

0.5
Ê

0.1
Ê

97.008
|

97.009
|

0.6
Ê

96.91
|

96.93
|

1.0
0.5

Ê
0.05

Ê
97.008

|
97.009

|
0.4

Ê
96.91

|
96.93

|
0.95

Ê
1.0 0.5

Ê
97.00

|
97.01

Ë
0.5

Ê
96.93

|
96.94

Ë
1.5

1.0 0.1
Ê

97.00
|

97.01
Ë

0.6
Ê

96.93
|

96.93
|

1.0

Table� 1: Precisionobtained� with¦ the
�

hill-climbing algorithm� on� the
�

complete¥ En-
glish© corpus¥

T
�

rigram� HMM
³

4-gram
¯

HMM
³

Initial Ì Í Initial Final Initial FinalÎ Ï
precision£ precision£ Ð Ñ precision£ precision£ Ò Ó

0.05
Ê

0.01
Ê

96.56
|

96.63
|

0.09
Ê

95.79
|

96.30
|

0.33
Ê

0.05
Ê

0.005
Ê

96.56
|

96.63
|

0.1
Ê

95.79
|

96.20
|

0.2
Ê

0.5
Ê

0.1
Ê

96.69
|

96.69
|

0.5
Ê

96.36
|

96.43
|

0.8
Ê

0.5
Ê

0.05
Ê

96.69
|

96.69
|

0.5
Ê

96.36
|

96.43
|

0.75
Ê

1.0 0.5
Ê

96.70
|

96.70
|

1.0 96.44
|

96.51
Ë

3.5
1.0 0.1

Ê
96.70

|
96.71

Ë
0.9

Ê
96.44

|
96.46

|
1.2

Table� 2: Precisionobtained� with¦ the
�

hill-climbing algorithm� on� the
�

reducedEnglish
corpus¥

As it w¦ as� e� xpected,when¦ using¤ a� small corpus¥ the
�

precision£ falls,� specially
when¦ a� 4-gramHMM is used,¤ sincethe

�
e� vidence¢ to

�
estimate� the

�
modelis insuffi-

cient.¥ This
�

point£ is


discussed
¬

in


section3.3.
Theseresultsshow¦ that

�
the
�

v¢ alue� selectedfor Ô Õ is an� importantfactor� when¦
using¤ this

�
smoothingtechnique.

�
As

V
can¥ be

�
seenin


table
�

2,
®

the
�

precision£ of� the
�

tagger
�

v¢ aries� up¤ 0.7%
Ê

depending
¬

on� the
�

v¢ alue� used¤ for Ö × .
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Ø

After performing£ the
�

hill climbing¥ search,we¦ choose¥ the
� Ù Ú

that
�

gi© v¢ es� better
�

results� in


each� case,¥ as� the
�

optimal� parameter£ to
�

use¤ with¦ this
�

smoothingtechnique.
�

So, for the
�

whole¦ corpus¥ using¤ a� Trigram HMM, Û Ü is setto
�

0.6
Ê

and� the
�

tagger
�

yields  a� precision£ of� 97.01%,
|

while¦ if we¦ use¤ a� 4-gramHMM, Ý Þ ß à á â leads
to
�

a� precision£ of� 96.94%.
|

When
¶

the
�

e� xperimentsare� performed£ o� v¢ er� the
�

reduced
corpus,¥ the

�
best
�

resultsare� obtained� with¦ ã ä å æ ç è for a� trigram
�

HMM (96.71%)
and� with¦ é ê ë ì í î for

§
a� 4-gram
¯

model� (96.51%).

3.2
}

Applying� Linear Interpolation�

The performance£ of� the
�

taggers
�

when¦ using¤ Linear Interpolationto
�

smooththe
�

probability£ estimations� has
¡

been
�

also� tested.
�

In
¹

this
�

case,¥ the
�

coef¥ ficients
] ï ð

are�
found
§

via¢ the
�

deleted
¬

interpolation


algorithm� (seesection2.2.2).
®

When
¶

using¤ LinearInterpolation,the
�

precision£ obtained� by
�

the
�

systemwith¦ the
�

whole¦ corpus¥ is


97.00%
|

with¦ a� trigram
�

HMM,
³

and� 97.02%
|

with¦ a� 4-gram
¯

HMM.
³

For� the
�

reducedcorpus¥ the
�

precision£ falls� slightly and� we¦ obtain� 96.84%
|

for the
�

trigram
�

model� and� 96.71%
|

for
§

the
�

4-gram
¯

HMM.
³

The resultsobtained� using¤ Linear Interpolationand� a� trigram
�

model should
reproduce� those

�
reported� by

�
[4], where¦ the

�
maximum� precision£ reached� by

�
the
�

systemon� WSJ
¶

is 96.7%.
|

In our� case¥ we¦ obtain� a� higherprecision£ because
�

we¦
are� assuming� the

�
nonexistenceof� unkno¤ wn¦ w¦ ords� (i.e. the

�
dictionary
¬

contains¥ all�
possible£ tags

�
for
§

all� w¦ ords� appearing� in


the
�

test
�

set.Ob
ñ

viously¢ , w¦ ord-tag� frequenc
§

y 
informationfrom the

�
test
�

corpus¥ is notused¤ when¦ computing¥ ò ó ô õ ö ÷ ø ù ).·

3.3
}

Best
ú

Configuration f
û
or English

ý
Best

^
results� obtained� for

§
each� HMM

³
tagger
�

configuration¥ are� summarizedin


ta-
�

ble
�

3. Resultsare� gi© v¢ en� both
�

for the
�

large© and� smallcorpus.¥
1,1 Mwor

ü
d

ý
English

þ
corpusÿ

Lidstone’s law¦ LinearInterpolation
trigram
�

97.01%
|

97.00%
|

4-gram 96.94%
|

97.02%
Ë

100 Kwor
�

d
�

English
�

corpus�
Lidstone’s law¦ LinearInterpolation

trigram
�

96.71%
|

96.84%
Ë

4-gram 95.51%
|

96.71%
|

T
�

able� 3: Obtained
ñ

results� for
§

all� HMM
³

PoS
´

tagger
�

configurations¥ using¤ lar
¨

ge© and�
smallsectionsof� WSJ

¶
corpus¥
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�

Comparing
�

the
�

resultsfor the
�

tw
�

o� smoothingmethodsused¤ with¦ dif
¬

ferentorder�
models,� we¦ can¥ dra

¬
w¦ the
�

follo
§

wing¦ conclusions:¥
– In general,© LinearInterpolationproduces£ taggers

�
with¦ higherprecision£ than

�
using¤ Lidstone’

¸
s la
¨

w¦ .

– For� the
�

case¥ of� the
�

large© corpus,¥ the
�

resultsare� not significantlydif
¬

ferent
for an� y  combination¥ of� � -gramorder� and� smoothingtechnique.

�
While
¶

for
the
�

reduced� corpus¥ it


is


clearly¥ better
�

to
�

use¤ a� trigram
�

model� than
�

a� 4-gram
¯

HMM, and� LinearInterpolationyields  slightly better
�

results.

– Using
�

Linear
¸

Interpolation
¹

has
¡

the
�

benefit
�

that
�

the
�

in


v¢ olv� ed� coef¥ ficients
]

are�
computed¥ using¤ the

�
training
�

data
¬

via¢ deleted
¬

interpolation,while¦ for Lid-
stone’s la

¨
w¦ the
�

precision£ is


v¢ ery� dependent
¬

on� the
� � �

v¢ alue,� which¦ has
¡

to
�

be
�

costly¥ optimised� (e.g.via¢ hill-climbing).

3.4
}

Behaviour in Spanish

The
�

samee� xperimentsº performed£ for
§

the
�

English
µ

corpus¥ were¦ performed£ with¦ a�
Spanishcorpus¥ (theCLiC-T

�
ALP Corpus

� 2)
·

which¦ hasabout� 100,000w¦ ords.� This
corpus¥ is manuallyv¢ alidated� so,although� it is small, it is moreaccurately� tagged

�
than
�

WSJ.
¶

In this
�

case¥ the
�

tagger
�

relieson� FreeLingmorphologicalanalyser� [12]
²

instead
of� using¤ a� dictionary

¬
b
�
uilt¤ from

§
the
�

corpus.¥ Ne
�

v¢ ertheless,� the
�

situationis


compa-¥
rableto

�
the
�

Englishe� xperimentsabo� v¢ e:� Sincethe
�

corpus¥ and� the
�

morphological
analyser� ha

¡
v¢ e� been

�
hand-de
¡

v¢ eloped� and� cross-check¥ ed,� the
�

y  are� mutually� consis-¥
tent,
�

and� sowe¦ don’
¬

t
�

ha
¡

v¢ e� to
�

care¥ about� unkno¤ wn¦ w¦ ords� in


the
�

test
�

corpus.¥
3.4.1
	

A



pplying[ Lidstone’
�

sµ Law
�

In
¹

the
�

samew¦ ay� than
�

for
§

the
�

English
µ

corpus,¥ a� hill-climbing
¡

searchis


performed£ to
�

studythe
�

influenceof�  � v� alue� in the
�

precision� of� the
�

system.The � � , � � and� � �
v� alues� are� fix

]
ed� to
�

the
�

samev� alues� used� for
�

the
�

reduced� WSJ.
¶

Table� 4 shows� the
�

resultsof� these
�

e� xperiments.The best
� �  

for the
�

trigram
�

HMM
³

is
! " # $ % & '

, yielding( a� precision� of� 96.85%.
|

The
)

best
�

v� alue� for
�

a� 4-gram
¯

modelis * + , - . / , which� produces� a� precision� of� 96.22%
|

2
0
moreinformationin http://www.lsi.upc.es/˜nlp/
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T
1

rigram2 HMM
³

4-gram
¯

HMM
³

Initial
3 4 5

Initial
3

Final
Ë

Initial
3

Final
Ë

6 7
precision8 precision8 9 : precision8 precision8 ; <

0.05
Ê

0.01
Ê

96.54
|

96.68
|

0.18
Ê

95.49
|

96.00
|

0.35
Ê

0.05
Ê

0.005
Ê

96.54
|

96.58
|

0.065
Ê

95.49
|

95.82
|

0.15
Ê

0.5
Ê

0.1
Ê

96.79
|

96.80
|

0.5
Ê

96.06
|

96.16
|

1.6
0.5

Ê
0.05

Ê
96.79

|
96.81

|
0.55

Ê
96.06

|
96.14

|
1.05

1.0 0.5
Ê

96.80
|

96.85
Ë

1.5 96.14
|

96.22
Ë

2.5
®

1.0 0.1
Ê

96.80
|

96.84
|

1.1 96.14
|

96.16
|

1.6

Table= 4: Precisionobtained� with> the
?

hill-climbing algorithm= on� the
?

Spanishcorpus@

3.4.2
	

A



pplying[ Linear
�

Inter
A

polation[

Thecoef@ ficientsfor LinearInterpolationare= computed@ for Spanishin the
?

samew> ay=
than
?

for
�

English
µ

(section3.2). The
1

precision8 of� the
?

obtained� taggers
?

is
B

96.90%
|

for
�

the
?

trigram
?

HMM and= 96.73%
|

for the
?

4-grammodel.

3.4.3
	

Best
C

Configuration f
D
orE Spanish
F

Resultsfor Spanishare= –asit may be
G

e� xpected–similar to
?

those
?

obtained� with>
the
?

reducedEnglishcorpus.@ Again, w> orking� with> a= trigram
?

HMM giH vI es� higher
precision8 than

?
w> orking� with> a= 4-gram

¯
one,� for

�
both
G

smoothingtechniques,
?

and=
using� LinearInterpolationgiH vI es� a= slightly better

G
resultsthan

?
using� Lidstone’s law> .

T
1

able= 5
J

summarizesthe
?

obtained� results2 for
�

both
G

smoothingmethods.K

100 Kword
�

Spanish
L

corpus�
Lidstone’
M

s la
N

w> Linear
M

Interpolation
3

trigram
?

96.85%
|

96.90%
Ë

4-gram 96.22%
|

96.73%
|

Table= 5:
J

Obtained
ñ

resultsfor all= HMM PoStagger
?

configurations@ using� Spanish
100Kwords� corpus@

Ne
O

vI ertheless,� someimportantremarkscan@ be
G

e� xtractedfrom these
?

results:

– Competiti
�

vI e� HMM taggers
?

may be
G

b
G
uild� using� relativI ely� small train

?
sets,

which> is
B

interesting
B

for
�

languages
N

lacking
N

lar
N

geH resources.2

– The
1

best
G

results2 are= obtained� using� trigram
?

modelsK and= Linear
M

Interpolation
3

smoothing.
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– Lidstone’s law> maybe
G

used� as= an= alternati= vI e� smoothingtechnique,
?

b
G
ut� if P Q

is
B

notR tuned,
?

results2 are= lik
N

ely� to
?

be
G

significantlylo
N

wer> .

4 Conclusionsandx Further W
S

orkT

W
¶

e� ha
U

vI e� studiedho
U

w> competiti@ vI e� HMM-based
³

PoS
V

taggers
?

can@ be
G

de
W

vI eloped� using�
relativI ely� smalltraining

?
corpus.@

Results
X

point8 out� that
?

accurate= taggers
?

can@ be
G

b
G
uild� pro8 videdI the

?
appropriate=

smoothingtechniques
?

are= used.� Betweenboth
G

techniques
?

studiedhere,in generalH
the
?

one� that
?

giH vI es� a= higher
U

precision8 is
B

Linear
M

Interpolation
3

b
G
ut� Lidstone’
M

s la
N

w> can@
reach,2 in

B
manK yY cases,@ similar precision8 rates2 if

B
a= searchis

B
performed8 through

?
the
?

parameter8 spaceto
?

find the
?

mostappropriate= Z [ .
The
1

modelK proposed8 in
B

[4]
²

(trigramtagger
?

, Linear
M

Interpolation
3

smoothing)is
B

not only� the
?

moresuitablefor big
G

training
?

corpus@ b
G
ut� also= it giH vI es� the

?
best
G

results
for
�

limited
N

amounts= of� training
?

data.
W

Theuse� of� four-grammodelsmayresultin a= slight increasein precision8 when>
using� lar

N
geH corpus.@ Ne

O
vI ertheless,� the

?
gainH is

B
probably8 notR w> orth� the

?
increase
B

in
B

comple@ xity and= sizeof� the
?

model.
Furtherw> ork� to

?
be
G

performed8 includesdealing
W

with> unkno� wn> w> ords,� and= study
their
?

influence
B

on� the
?

taggers
?

de
W

vI eloped� on� small corpus.@ Also,
V

we> plan8 to
?

port8
the
?

samee� xperimentsto
?

other� languages(namely, Catalan)
�

to
?

furthervI alidate= the
?

conclusions@ of� this
?

paper8 .
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adr= ó,� L.,
M

P
V

adr= ó,� M.:
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