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Abstract

Thearticlepresentsa methodof constructingandapplyinga cascadeconsistingof a left-
andaright-sequentialfinite-statetransducer,

���
and

���
, for part-of-speechdisambiguation.

In theprocessof POStagging,every word is first assigneda uniqueambiguityclassthat
representsthe setof alternative tagsthat this word canoccurwith. The sequenceof the
ambiguity classesof all words of one sentenceis then mappedby

���
to a sequenceof

reducedambiguityclasseswheresomeof thelesslikely tagsareremoved. Thatsequence
is finally mappedby

� �
to asequenceof singletags.Comparedto aHiddenMarkov model

tagger, this transducercascadehastheadvantageof significantlyhigherprocessingspeed,
but at thecostof slightly loweraccuracy. ApplicationssuchasInformationRetrieval, where
thespeedcanbemoreimportantthanaccuracy, couldbenefitfrom thisapproach.

1 Intr oduction

We presenta methodof constructingandapplyinga cascadeconsistingof a left-
anda right-sequentialfinite-statetransducer(FST), ��� and �
	 , for part-of-speech
(POS)disambiguation.

In theprocessof POStagging,wefirst assigneverywordof asentenceaunique
ambiguityclass�
� thatcanbelookedupin a lexiconencodedby asequentialFST.
Every ��� is denotedby a singlesymbol,e.g. “[ADJ NOUN]”, althoughit represents
a setof alternative tagsthata givenword canoccurwith. Thesequenceof the �
�
of all wordsof onesentenceis theinput to ourFSTcascade(Fig. 1). It is mapped
by ��� , from left to right, to a sequenceof reducedambiguityclasses� � . Every� � is denotedby a singlesymbol,althoughit representsa setof alternative tags.
Intuitively, ��� eliminatesthelesslikely tagsfrom � � , thuscreating� � . Finally, ��	
mapsthe sequenceof � � , from right to left, to anoutputsequenceof singlePOS
tags� � . Intuitively, �
	 selectsthemostlikely � � from every � � (Fig. 1).

Comparedto a HiddenMarkov model(HMM) (Rabiner1990),this FSTcas-
cadehasthe advantageof significantlyhigherprocessingspeed,but at the cost
of slightly lower accuracy. ApplicationssuchasInformationRetrieval, wherethe
speedcanbemoreimportantthanaccuracy, couldbenefitfrom this approach.

Althoughourapproachis relatedto theconceptof bimachines(Scḧutzenberger
1961)andfactorization(ElgotandMezei1965),weproceeddifferentlyin thatwe
build two sequentialFSTsdirectlyandnotby factorization.

This article is structuredas follows. Section2 describeshow the ambiguity
classesandreducedambiguityclassesaredefinedbasedonalexiconandatraining
corpus. Then, Section3 explains how the probabilitiesof theseclassesin the
context of otherclassesarecalculated.Theconstructionof � � and � 	 is shown in
Section4. It makesuseof the previously definedclassesandtheir probabilities.



2 Andŕe Kempe

... [DET RELPRO] [ADJ NOUN] [ADJ NOUN VERB] [VERB] ...�
mappingleft to right ������������������������� � �

... [DET RELPRO] [ADJ] [ADJ NOUN] [VERB] ...� � ������������������������� mappingright to left
�

... DET ADJ NOUN VERB ...

Figure1: Part of an input, an intermediate,and an outputsequencein the FST cascade
(example)

Section5 describesthe applicationof the FSTsto an input text, andSection6
finally comparestheFSTsto anHMM tagger, basedonexperimentaldata.

2 Definition of Classes

Insteadof dealingwith lexical probabilitiesof individual words(Church1988),
many POStaggersgroupwordsinto ambiguityclassesanddealwith lexical proba-
bilities of theseclasses(Cutting,Kupiec,PedersenandSibun1992,Kupiec1992).
Every word belongsto one ambiguity classthat is describedby the set of all
POStags that the word can occur with. For example, the classdescribedby�
NOUN,VERB � includesall wordsthatcouldbeanalyzedeitherasnounor verb

dependingon thecontext. Wefollow this approach.
Someapproachesmakea morefine-grainedword classification(Daelemans,

Zavrel, Berck and Gillis 1996, Tzoukermannand Radev 1996). Words that
occurwith thesamealternative tags,e.g.,NOUN andVERB, canherebeassigned
different ambiguity classesdependingon whetherthey occur more frequently
with oneor with theothertag. Althoughthis hasprovento increasetheaccuracy
of HMM-basedPOSdisambiguation,it did not significantlyimprove ourmethod.
After someinvestigationsin this direction, we decidedto follow the simpler
classificationabove.

Beforewecanbuild theFSTcascade,wehaveto defineambiguityclasses,that
will constitutethe input alphabetof ��� , andreducedambiguityclasses, thatwill
form theintermediatealphabetof thecascade,i.e., theoutputof ��� andthe input
of ��	 .

Ambiguity classes� � aredefinedfrom thetrainingcorpusandlexicon,andare



Part-of-Speech Taggingwith TwoSequentialTransducers 3

eachdescribedby apairconsistingof ataglist �� �!� �#" andaprobabilityvector $% �&� �!" :

�� �!� �&"('*) � � �,+!� � 	-+/.0.0.0+!� �21 3�4 $% �&� �!"5' 67778 % �9� � �,: � �#"% �9� � 	�: � �#"
...% �9� �21 3 : � �2"

;�<<<= (1)

For example:�� �&� � "5'*)#>�?A@ +CBADFE�B
+HG�I�J�K 4 $% �!� � "5' 68ML .ON�PL .OQ LL .0R�R
;= (2)

whichmeansthatthewordsthatbelongto �-� aretaggedasADJ in 29%, asNOUN
in 60%, andasVERB in 11% of all casesin thetrainingcorpus.

When all ��� are defined,a class-basedlexicon, that mapsevery word to a
single class symbol, is constructedfrom the original tag-basedlexicon, that
mapsevery word to a setof alternative tag symbols. In the class-basedlexicon,
theabove � � (Eq.2) couldberepresented,e.g.,by thesymbol“[ADJ NOUN VERB]”.

We describea reducedambiguityclasses� � alsoby a pair consistingof a tag
list �� �&� �#" andaprobabilityvector $% �!� �!" . Intuitively,an � � canbeseenasa � � where
someof the lesslikely tagshave beenremoved. Sinceat this point we cannot
decidewhich tagsarelesslikely, all possiblesubclassesof all � � areconsidered.
To generatea completesetof � � , all � � aresplit into all possiblesubclassesS �OT
thatareassigneda tag list �� �&SU�OT " containinga subsetof the tagsof �� �&�
� " , andan
(un-normalized)probabilityvector $% �&SU�OT " containingonly therelevantelementsof$% �!�
� " . For example,theabove � � (Eq.2) is split into sevensubclassesS � T :

�� �!S � 1 V "W' )2>�?A@ +!BADFE�B�+XG�I�J�K 4 $% �&S � 1 V "Y' 68ZL .ON�PL .OQ LL .0R�R
;=

�� �!S,� 1 � "W' ) B[DFE�B�+XG�I�J�K 4 $% �&SF� 1 � "\' ] L .OQ LL .0R�R_^ (3)�� �!S � 1 	 "W' )#>�?A@ +XG�I�J�K 4 $% �&S � 1 	 "`' ] L .ON�PL .0R�R ^a �b�,.
Different �
� canproducea S �OT with the sametag list �� �&SU�OT " but with different

probabilityvectors $% �!S �OT " ; e.g., the classeswith the tag lists )2>�?[@ +!BADFE�B�+XG�I�J�K 4 ,) BADFE�B�+XG�I�J�K 4 , and )2>�?A@ + >�? G�+CBAD,E�B
+HG�I�J�K 4 can all producea subclasswith the
tag list ) BADFE�B
+HG�I�J�K 4 . To reducethe total numberof subclasses,all SU�OT with the
sametaglist �� �&SU� T " areclustered,basedon thecentroid method(Romesburg 1989,
p. 136),usingthevectorcosineasthesimilarity measurebetweenclusters(Salton
andMcGill 1983,p. 201).Eachfinal clusterconstitutesareducedambiguityclass



4 Andŕe Kempe� c . If weobtain,e.g.,three�Uc with thesametaglist �� �&�Uc "�'d) BADFE�B�+XG�I�J�K 4 but with
different(re-normalized)probabilityvectors:$% �&�F� "5' ] L .Oe�PL .0R�Rf^ $% �&�-	 "(' ] L .Og�hL . i�jd^ $% �&�Uk "5' ] L . L PL .OP�Rl^ (4)

we representthemin anFSTby threedifferentsymbols,e.g.,“[NOUN VERB] R 1”,
“[NOUN VERB] R 2”, and“[NOUN VERB] R 3”.

3 Contextual Probabilities� � will mapa sequenceof �
� , from left to right, to a sequenceof � � . Therefore,
theconstructionof � � requiresestimatingthemostlikely � � in thecontext of both
thecurrent��� andtheprevious �U�2m � (wrt. thecurrentposition n in a sequence).To
determinethis � � , a probability o�prq/�9� �OTr" is estimatedfor every POStag � �OT in � � .
In theinitial position, o�pFq �9� �OTr" dependson theprecedingsentenceboundarys �#m �
andthecurrent� � whichareassumedto bemutuallyindependent:o p q �t�H�OT "u' % �t�H�OT�: sv�2m � �
� "' % �t�H�OTwsv�2m � �
� "% �!sv�#m � �
� "' % �&sv�2m � �
�b: �H�OT "yx % �9�H� T "% �&sv�2m � �
� "z % �&sv�2m � : �H� T "(x % �&����: �H�OT "(x % �9�H�OT "% �&sv�2m � "(x % �&�
� "

' {r|9}5~�� q�� ~ �H�{,| � ~ �
� x {,|0�
~ � ~ �H�{,| � ~ �H� x % �9�H� T "% �!s �#m � "5x % �!� �#"' % �9� � T s �2m � "(x % �9� � T � �!"% �t� �OT,"5x % �!s �#m � "(x % �&� �2"' % �t� �OT : s �2m � "(x % �t� �OT : � �!"% �t� �OT," (5)

The latter % �t� �OT : � �&" can be extracted from the probability vector $% �&� �&" , and% �9� � T : s �2m � " and% �9� � T," canbeestimatedfrom thetrainingcorpus.
In anotherthantheinitial position,o p q �9� �OT�" dependsonthepreceding� �2m � and

thecurrent� � whichareassumedto bemutuallyindependent:o p q �9� � T,"5' % �9� �OT : � �2m �5� �&" z % �9� � T : � �#m � "(x % �t� �OT : � �&"% �t� �OT," (6)
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Thelatter % �9� � T : � �2m � " is estimatedby:% �9�H�OT�: �U�2m � "�' �,� % �t�H�OT�: �H�#m � 1 � "(x % �t�H�2m � 1 � : �U�2m � " (7)���0�X� �H�OT����� �&�
� "�� �H�#m � 1 � ���� �&�U�2m � "
where% �t� �OT : � �2m � 1 � " canbeestimatedfrom thetrainingcorpus,and % �t� �2m � 1 � : � �2m � "
canbeextractedfrom theprobabilityvector $% �&� �2m � " of thepreceding� �2m � .

To evaluate all tags of the current � � , a list �� �&� �!" containing pairs) � �OT +5o�p q �t� �OT�"�4 of all tags� �OT of � � with their probabilitieso p q �t� �OT�" (Eq.s5, 6), is
created:

�� �!�
� "\'
�������� ) �H�21 � +5o�p q �9�H�#1 � "�4) �H�21 	 +5o�p q �9�H�#1 	 "�4

...) � �#1 T +5o prq �9� �#1 T�"�4

...

�
������� (8)

Every tag �H�OT in �� is comparedto themostlikely tag �H�#1 � in �� . If theratioof their
probabilitiesis below a threshold� , �H�OT is removedfrom �� :o p q �t� �OT,"o pFq �t�H�21 � "u� � (9)

Removing lesslikely tagsleadsto a reducedlist ���� �!�
� " that is thensplit into a
reducedtaglist �� � �!�
� " anda reducedprobabilityvector $% � �&�
� " thatjointly describe
a reducedambiguityclass� c . Fromamongall predefined�U� (cf. e.g. Eq.4), we
selecttheonethathasthe sametag list �� �&� �&" asthe “ideal” reducedclass � c and
themostsimilarprobabilityvector $% �&� �#" accordingto thecosinemeasure.This � �
is consideredto bethemostlikely amongall predefined� � in thecontext of both
thecurrent� � andtheprevious � �2m � .�
	 will mapasequenceof � � , from right to left, to asequenceof tags� � . There-
fore, the constructionof � 	 requiresestimatingthe most likely �H� in the context
of both the current � � and the following �H�t� � . To determinethis �H� , a probabil-
ity o�p-�-�9�H�OT " is estimatedfor every tag �H�OT of thecurrent � � . In thefinal position,o�p �F�t�H�OT " dependsonthecurrent � � andonthefollowingsentenceboundarysv�t� � :o�pU�F�t�H�OT "5' % �t�H�OTA: � �
sv�t� � " z % �9� � T : s �t� � "5x % �9� � T : � �#"% �t�H�OT " (10)

In anotherthanthefinal position, o p �-�t� �OT�" dependson thecurrent � � andthe fol-
lowing tag � �t� � :o p �-�9� �OT�"(' % �t� �OT : � � � �t� � " z % �9�H� T�: �H�t� � "(x % �9�H� T�: �U� "% �t�H�OT " (11)
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Thelatter % �9� � T�" , % �t� �OT : � ��� � " , and % �9� � T : s �t� � " areestimatedfrom thetrainingcor-
pus,and% �9� �OT : � �#" is extractedfrom theprobabilityvector $% �!� �!" .

The � � with thehighestprobability o�p � �9� �&" is themostlikely tagin thecontext
of boththecurrent� � andthefollowing � �t� � (Eq.s10,11).

4 Construction of the FSTs

Theconstructionof ��� is precededby definingall � � and � � , andestimatingtheir
contextual probabilities.In this process,all wordsin the trainingcorpus,thatare
initially annotatedwith POStags,arein additionannotatedwith ambiguityclasses�
� .

In � � , onestateis createdfor every �U� (outputsymbol),andis labeledwith this� � (Fig. 2a). An initial state,not correspondingto any �U� , is createdin addition.
Fromevery state,oneoutgoingarc is createdfor every �
� (input symbol),andis
labeledwith this � � . The destinationof every arc is the stateof the most likely� � in thecontext of both thecurrent � � (arc label)andthepreceding� �2m � (source
statelabel)which is estimatedasdescribedabove. All arclabelsarethenchanged
from simplesymbols � � to symbolpairs � � : � � (mapping � � to � � ) thatconsistof
theoriginal arc labelandthedestinationstatelabel. All statelabelsareremoved
(Fig. 2b). Those� � thatareunlikely in any context disappearfrom ��� becausethe
correspondingstateshave no incommingarcs. ��� acceptsany sequenceof � � and
mapsit, from left to right, to the sequenceof the mostlikely � � in the given left
context.

(a)
r

#i-1

i-1 ri

ci

(b)

ci ri:

Figure2: Two stagesin theconstructionof
���

Theconstructionof �
	 is precededby annotatingthetrainingcorpusin addition
with reducedambiguityclasses� � , by meansof ��� . Theprobabilityvectors $% �&� �!"
of all � � arethenre-estimated.Thecontextual probabilitiesof tags,areestimated
only at this point (Eq.s10,11).

In �
	 , onestateis createdfor every � � (outputsymbol),andis labeledwith this� � (Fig. 3a).An initial stateis added.Fromevery state,oneoutgoingarcis created
for every �U� (inputsymbol)thatoccursin theoutputlanguageof � � , andis labeled
with this � � . The destinationof every arc is thestateof the mostlikely �H� in the
context of boththecurrent�U� (arclabel)andthefollowing �H�t� � (sourcestatelabel)
which is estimatedasdescribedabove. Note,this is thefollowing tag,ratherthan
thepreceding,because� 	 will beappliedfrom right to left. All arclabelsarethen
changedinto symbolpairs �U� : �H� andall statelabelsareremoved(Fig. 3b),aswas
donein ��� . ��	 acceptsany sequenceof � � , generatedby ��� , andmapsit, from
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right to left, to thesequenceof themostlikely � � in thegivenright context.

t

#i+1

i+1t i

ri

(a)

ri t i:

(b)

Figure3: Two stagesin theconstructionof
� �

Both � � and � 	 aresequential.They canbe minimizedwith standardalgo-
rithms. Once � � and � 	 arebuilt, the probabilitiesof all �H� , �U� , and ��� areof no
furtheruse.Probabilitiesdo not explicitly occurin theFSTs,andarenot directly
usedat run time. They are,however, “reflected”by thestructureof theFSTs.

5 Application of the FSTs

Our FST taggerusesthe above described��� and ��	 , a class-basedlexicon, and
possiblya guesserto predictthe ambiguityclassesof unknown words(possibly
basedon their suffixes). The lexicon andguesserarealsosequentialFSTs,and
mapany word that they acceptto a singlesymbol � � representingan ambiguity
class(Fig. 1). If a word cannotbe found in the lexicon, it is analyzedby the
guesser. If this doesnot provide ananalysiseither, theword is assigneda special�
� for unknownwordsthatis estimatedfrom themmostfrequenttagsof all words
thatoccuronly oncein thetrainingcorpus.

The sequenceof the �
� of all wordsof onesentenceis the input to our FST
cascade(Fig. 1). It is mappedby ��� , from left to right, to a sequenceof reduced
ambiguityclasses� � . Intuitively, ��� eliminatesthe lesslikely tagsfrom � � , thus
creating � � . Finally, �
	 mapsthe sequenceof � � , from right to left, to an output
sequenceof singlePOStags� � . Intuitively, �
	 selectsthemostlikely � � fromevery� � .

6 Results

We comparedour FSTtaggeron English,German,andSpanishwith a commer-
cially available(foreign) HMM tagger(Table1). The comparisonwasmadeon
thesamenon-overlappingtrainingandtestcorporafor bothtaggers(Table3). The
FST taggerwas on average10 times as fast but slightly lessaccuratethan the
HMM tagger(45600words/secand96.97%versus4 360words/secand97.43%).
In someapplicationssuchas InformationRetrieval a significantspeedincrease
couldbeworth thesmalllossin accuracy.
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English German Spanish Average
Speed(words/sec) � �,� � 	 47600 42200 46900 45600

HMM 4 110 3 620 5 360 4 360
Accuracy (%) � �,� � 	 96.54 96.79 97.05 96.97

HMM 96.80 97.55 97.95 97.43

Computer:SUNWorkstation,Ultra2,with 1 CPU

Table1: Processingspeedandaccuracy of theFSTandtheHMM taggers

English German Spanish Average
# States 615 496 353 488
# Arcs 209000 197000 96000 167000
# Tags 76 67 56 66
# Ambiguity classes 349 448 265 354
# Reducedambiguityclasses 724 732 465 640

Table2: Sizesof theFSTcascadesandtheiralphabets

English German Spanish Average
Trainingcorpussize (words) 20000 91000 16000 42000
Testcorpussize (words) 20000 40000 15000 25000

Table3: Sizesof thetrainingandtestcorpora
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