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Abstract

The article presentsa methodof constructingandapplyinga cascadeonsistingof a left-
andaright-sequentialinite-statetransducerl; and7>, for part-of-speecklisambiguation.
In the procesof POStagging,every word is first assigneda uniqgueambiguity classthat
representshe setof alternatve tagsthat this word canoccurwith. The sequencef the
ambiguity classesof all words of one sentencds then mappedby 7 to a sequenceof
reducedambiguityclassesvheresomeof thelesslikely tagsareremoved. Thatsequence
is finally mappedoy 7> to asequencef singletags.Comparedo a HiddenMarkov model
tagger this transducerascadéasthe advantageof significantlyhigherprocessingpeed,
but atthecostof slightly loweraccurag. ApplicationssuchasinformationRetrieval, where
the speedtanbe moreimportantthanaccurag, couldbenefitfrom this approach.

1 Intr oduction

We presenta methodof constructingandapplyinga cascadeonsistingof a left-
andaright-sequentiafinite-statetransduce(FST), 77 and 75, for part-of-speech
(POS)disambiguation.

In theproces®f POStagging wefirst assigreveryword of asentencaunique
ambiguityclassc; thatcanbelookedupin alexiconencodedy asequentiaFST
Every ¢; is denotedoy asinglesymbol,e.g.“[ ADJ NOUN| ”, althoughit represents
a setof alternatve tagsthata givenword canoccurwith. The sequencef thec;
of all wordsof onesentencés theinputto our FST cascad€Fig. 1). It is mapped
by 71, from left to right, to a sequenc®f reducedambiguity classes:;. Every
r; is denotedby a single symbol, althoughit represents setof alternatve tags.
Intuitively, 77 eliminatesthe lesslikely tagsfrom ¢;, thuscreatingr;. Finally, 75
mapsthe sequenc®f r;, from right to left, to an outputsequencef singlePOS
tagst;. Intuitively, 7, selectshemostlikely ¢; from every r; (Fig. 1).

Comparedo a HiddenMarkov model(HMM) (Rabiner1990),this FST cas-
cadehasthe adwantageof significantly higher processingspeed but at the cost
of slightly lower accurag. ApplicationssuchasInformationRetrieval, wherethe
speecdcanbe moreimportantthanaccuray, couldbenefitfrom this approach.

Althoughourapproachs relatedio theconcepbf bimachinegSchitzenbeger
1961)andfactorization(ElgotandMezei1965),we proceedlifferentlyin thatwe
build two sequentiaFSTsdirectly andnot by factorization.

This article is structuredasfollows. Section2 describeshow the ambiguity
classesandreducecambiguityclassesredefinedbasednalexiconandatraining
corpus. Then, Section3 explains how the probabilitiesof theseclassesn the
contet of otherclassesrecalculated The constructiorof 77 and7z is shovnin
Sectiond. It makesuseof the previously definedclassesandtheir probabilities.
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[ DET RELPRO] [ADJ NOUN] [ADJ NOUN VERB] [ VERB]

U —— mappinglefttoright — U
[ DET RELPRO| [ ADJ] [ADJ NOUN] [ VERB]

U +—————— mappingright to left ——— U
DET ADJ NOUN VERB

Figure 1: Part of aninput, an intermediate and an outputsequenceén the FST cascade
(example)

Section5 describeghe applicationof the FSTsto an input text, and Section6
finally compareshe FSTsto anHMM taggerbasedn experimentadata.

2 Definition of Classes

Insteadof dealingwith lexical probabilitiesof individual words (Church1988),
mary POStaggergroupwordsinto ambiguityclassesanddealwith lexical proba-
bilities of theseclassegCutting, Kupiec,PederseandSibun 1992 ,Kupiec1992).
Every word belongsto one ambiguity classthat is describedby the set of all
POS tags that the word can occur with. For example, the classdescribedby
{NQUN, VERB} includesall wordsthat could be analyzeceitherasnounor verb
dependingnthecontet. Wefollow this approach.

Someapproachesnakea morefine-grainedword classification(Daelemans,
Zavrel, Berck and Gillis 1996, Tzoukermannand Rade 1996). Words that
occurwith the samealternatve tags,e.g.,NOUN andVERB, canherebe assigned
different ambiguity classesdependingon whetherthey occur more frequently
with oneor with the othertag. Althoughthis hasprovento increaseghe accurag
of HMM-basedPOSdisambiguationit did not significantlyimprove our method.
After someinvestigationsin this direction, we decidedto follow the simpler
classificatiorabove.

Beforewe canbuild theFST cascadewe have to defineambiguityclassesthat
will constitutethe input alphabebf 77, andreducedambiguityclassesthat will
form theintermediatealphabebf the cascadei.e., the outputof 7} andtheinput
of Ts.

Ambiguity classes; aredefinedfrom thetrainingcorpusandlexicon, andare
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eachdescribedy a pair consistingof ataglist (¢;) andaprobabilityvectorg(c; ) :

p(tir]es)
{(CZ) = (ti1, tia, ..., ti ) plei) = p(ti?ki) )
p(ti,.nlci)
For example:
R 0.29
#(c1) = (ADJ, NOUN, VERB) pler) = | 0.60 )
0.11

whichmeanghatthewordsthatbelongto ¢; aretaggedasADJ in 29 %, asNOUN
in 60 %, andasVERB in 11 % of all casesn thetrainingcorpus.

Whenall ¢; are defined,a class-basedexicon, that mapsevery word to a
single class symbol, is constructedfrom the original tag-basedexicon, that
mapsevery word to a setof alternatve tag symbols. In the class-basetkxicon,
theabove ¢; (Eq.2) couldberepresenteds.g.,by thesymbol“[ ADJ NOUN VERB] "

We describea reducedambiguityclasses; alsoby a pair consistingof a tag
list#(r;) anda probabilityvectorp(r;) . Intuitively, anr; canbeseemasac; where
someof the lesslikely tagshave beenremoved. Sinceat this point we cannot
decidewhich tagsarelesslikely, all possiblesubclassesf all ¢; are considered.
To generatea completesetof r;, all ¢; aresplit into all possiblesubclasses;;
thatare assigneda tag list #(s;;) containinga subsetf the tagsof i(c;), andan
(un-normalizedprobabilityvectorp(s;;) containingonly therelevantelement®f
ple;) . For example theabore ¢, (EQ.2) is splitinto sevensubclasses; ; :

[ 0.29
t(s10) = (ADJ,NOUN, VERB) p(s10) = | 0.60
0.11

[ 0.60 ]

t(s11) = (NOUN, VERB) Asin) = | o'y

3)

} [0.29
(ADJ, VERB) Ps12) = _0,11]

o~
—~
n
I
o
)
[l

Differente; canproducea s;; with the sametag list #(s;;) but with different
probability vectorsp(s;;) ; e.g.,the classeswith the tag lists (ADJ, NOUN, VERB),
(NOUN, VERB), and (ADJ, ADV, NOUN, VERB) can all producea subclasswith the
taglist (NOUN, VERB) . To reducethe total numberof subclassesll s;; with the
sameaglist ¢(s;;) areclusteredpasecn the centioid methodRomesirg 1989,
p. 136),usingthevectorcosineasthe similarity measurdetweerclustergSalton
andMcGill 1983,p. 201). Eachfinal clusterconstitutesareducedambiguityclass
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ry. If weobtain,e.g. threer, with thesametaglist #(r, ) = (NOUN, VERB) but with
different(re-normalizedprobabilityvectors:
,, 0.89
pr) = [ 0.1 ]

we representhemin anFST by threedifferentsymbols,e.g.,“[ NOUN VERB] R.1",
“[[NOUN VERB] -R2", and“[ NOUN VERB] R3".

a= (8] ww=[28] @

3 Contextual Probabilities

Ty will mapa sequenc®f ¢;, from left to right, to a sequencef r;. Therefore,
the constructiorof 77 requiresestimatingthe mostlikely r; in the contet of both
thecurrente; andthepreviousr;_; (wrt. the currentposition: in asequence)To

determinethis r;, a probability P, (¢;;) is estimatedor every POStagt;; in ¢; .

In theinitial position, Py, (¢;;) depend®n the precedingsentencéoundary#;_1

andthecurrente; which areassumedo be mutuallyindependent:

Pr (ti;) = p(til#i-1 i)

p(ti; #i-1 ¢i)
p(F#iz1 ¢)

p(#i-1 ciltiy) - p(ti;)
p(#i-1 ci)

p(#i—1lti;) - pleiltiy) - p(ti;)
p(#i-1) - p(ci)
p(il(;:j)tij) ) p;c(ltztjg) p(ti;)

p(#i-1) - plei)

p(tij #i-1) - p(tij ci)
p(tij) - p(#i-1) - p(ci)

o p(tiglEica) - p(tigle) 5)
ptij)
The latter p(t;;|c;) can be extracted from the probability vector p{c;), and
p(tij|#i-1) andp(t;;) canbeestimatedrom thetrainingcorpus.
In anothetthantheinitial position, Pr, (¢;;) depend®nthepreceding-;_, and
thecurrente; which areassumedo bemutuallyindependent:

X

p(tijlri—1) - p(tijlei)
p(tij)

Pr, (tij) = p(tijlri—1 i) & (6)
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Thelatterp(t;;|r;—1) is estimatedy:
p(tijlrici) = Ep(tij|ti—1,k) -p(tiz k|rict) (7)
k
with  #;; € t(ci); ticig € 1(ric1)

wherep(t;;]t;—1 1) canbeestimatedrom thetrainingcorpus,andp(t;_1 x|ri—1)
canbeextractedfrom the probabilityvectorp(r;_1) of thepreceding:;_+.

To evaluate all tags of the current ¢;, a list P(c;) containing pairs
(tij, Pr,(t;;)) of all tagst;; of ¢; with their probabilitiesPr, (¢;;) (Eq.s5, 6), is

created:
(tin, Pr,(ti1))
(tio, Pr(ti2))
Ple) = L ®
(tij, Pr,(tij))

Everytagt;; in P is comparedo themostlikely tagt; ,, in P. If theratio of their
probabilitiesis below athresholdr , ¢;; is remozed from P :

Pr, (tij)
Prttim) ©
Remawing lesslikely tagsleadsto a reducedist P, (¢;) thatis thensplit into a
reducedaglist ,.(c;) andareducedprobabilityvectorp; (¢;) thatjointly describe
areducedambiguityclassr, . Fromamongall predefinedr; (cf. e.g. Eq.4), we
selectthe onethathasthe sametaglist #(r;) asthe “ideal” reducedclassr, and
themostsimilar probability vectorp(r;) accordingto thecosinemeasureThis r;
is consideredo bethe mostlikely amongall predefined-; in the context of both
thecurrente; andthepreviousr;_;.

T, will mapasequencef r;, fromrightto left, to asequencef tagst;. There-
fore, the constructionof 75 requiresestimatingthe mostlikely ¢; in the context
of both the currentr; andthe following ¢;,,1. To determinethis ¢;, a probabil-
ity Pr,(t;;) is estimatedor every tagt;; of thecurrentr; . In thefinal position,
Pr,(t;;) depend®nthecurrentr; andonthefollowing sentencéoundary#; 41 :

p(tijl#iv1) - p(tij|ri) (10)
plti)

In anotherthanthefinal position, Pr, (t;;) dependon the currentr; andthe fol-

lowingtagt; 1 :

Pr,(tij) = p(tij|ri #ip1) &

p(tijltivr) - p(tizlr:) (12)

Pr,(tij) = p(tijlri tiyr) ~
T( J) ( J ) p(t”)
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Thelatterp(t;;), p(ti;|ti+1), andp(t;;|#:+1) areestimatedrom thetraining cor-
pus,andp(t;;|r;) is extractedfrom the probability vectorp(r; ) .

Thet; with thehighestprobability Py, (¢;) is themostlikely tagin thecontext
of boththecurrentr; andthefollowing#;, (Eq.s10,11).

4 Construction of the FSTs

The constructiorof 7} is precededy definingall ¢; andr;, andestimatingtheir
contectual probabilities.In this processall wordsin thetraining corpus,thatare
initially annotatedvith POStags,arein additionannotatedvith ambiguityclasses
Ci.

In 77, onestateis createdor every r; (outputsymbol),andis labeledwith this
r; (Fig. 2a). An initial state,not correspondingdo ary r;, is createdn addition.
Fromevery state,oneoutgoingarcis createdfor every ¢; (input symbol),andis
labeledwith this ¢;. The destinationof every arcis the stateof the mostlikely
r; in the context of boththe currente; (arclabel)andthe preceding;_; (source
statelabel)whichis estimatedasdescribedabove. All arclabelsarethenchanged
from simplesymbolse; to symbolpairse;: »; (mappinge; to r;) that consistof
the original arc labelandthe destinationstatelabel. All statelabelsareremored
(Fig. 2b). Thoser; thatareunlikely in ary context disappeafrom 77 becauséhe
correspondingtateshave noincommingarcs.T; acceptsary sequencef ¢; and
mapsit, from left to right, to the sequenc®f the mostlikely »; in the givenleft
contet.

) C C:r
NOEEN O w0 U

Figure2: Two stagesn theconstructiorof 73

Theconstructiorof 75 is precededby annotatinghetrainingcorpusin addition
with reducedambiguityclasses:;, by meansof 7. The probability vectorsp(r; )
of all r; arethenre-estimatedThe contectual probabilitiesof tags,are estimated
only atthis point(Eq.s10,11).

In T3, onestateis createdor everyt; (outputsymbol),andis labeledwith this
t; (Fig. 3a). Aninitial stateis added.Fromevery state oneoutgoingarcis created
for every r; (inputsymbol)thatoccursin the outputlanguagef 73, andis labeled
with this ;. The destinationof every arcis the stateof the mostlikely ¢; in the
contet of boththecurrentr; (arclabel)andthefollowingt;,1 (sourcestatelabel)
whichis estimatedhsdescribechbore. Note, thisis thefollowing tag, ratherthan
theprecedingbecausd; will beappliedfrom rightto left. All arclabelsarethen
changednto symbolpairsr;: ¢; andall statelabelsareremoved (Fig. 3b),aswas
donein 77. T, acceptsary sequencef r;, generatedy 77, and mapsit, from
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rightto left, to thesequencef themostlikely ¢; in the givenright context.

(a) @ (b)

Figure3: Two stagesn theconstructiorof 7>

Both 77 and 7, aresequential. They canbe minimizedwith standardalgo-
rithms. Once7; and7; arebuilt, the probabilitiesof all ¢;, r;, and¢; areof no
furtheruse. Probabilitiesdo not explicitly occurin the FSTs,andarenotdirectly
usedatruntime. They are,however, “reflected”by the structureof the FSTs.

5 Application of the FSTs

Our FST taggerusesthe above describedl; andTs, a class-basetexicon, and
possiblya guesseto predictthe ambiguity classesof unknovn words (possibly
basedon their suffixes). Thelexicon and guesseire alsosequentiaFSTs,and
map ary word that they acceptto a single symbolc¢; representingan ambiguity
class(Fig. 1). If a word cannotbe found in the lexicon, it is analyzedby the
guesserlf this doesnot provide ananalysiseither the word is assigneda special
¢; for unknovn wordsthatis estimatedrom the m mostfrequenttagsof all words
thatoccuronly oncein thetrainingcorpus.

The sequencef the ¢; of all wordsof one sentencés the input to our FST
cascad€Fig. 1). It is mappedoy T3, from left to right, to a sequencef reduced
ambiguityclasses:;. Intuitively, 77 eliminatesthe lesslikely tagsfrom ¢;, thus
creatingr;. Finally, 7> mapsthe sequencef r;, from right to left, to an output
sequencef singlePOStagst;. Intuitively, 7 selectshemostlikely ¢; from every
;.

6 Results

We comparedur FST taggeron English, German,and Spanishwith a commer
cially available (foreign) HMM tagger(Table1). The comparisorwasmadeon
thesamenon-overlappingrainingandtestcorporafor bothtaggergTable3). The
FST taggerwas on averagel0 times as fast but slightly lessaccuratethanthe
HMM taggen(45600words/se@nd96.97%versus4 360words/se@nd97.43%).
In someapplicationssuchas Information Retrieval a significantspeedincrease
couldbeworththesmalllossin accurag.
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L]
English German Spanish| Average
Speed(words/sec) | T1+15 47600 42200 46900 45600
HMM 4110 3620 5360 4360
Accuragy (%) TV +T5 96.54 96.79  97.05 96.97
HMM 96.80 97.55 97.95 97.43

Computer:SUNWorkstation,Ultra2, with 1 CPU
Tablel: Processingpeedandaccuray 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
# Reducechmbiguityclasses 724 732 465 640

Table2: Sizesof the FST cascadeandtheiralphabets

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

Table3: Sizesof thetrainingandtestcorpora
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