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Abstract

In this paperwe presentChineseword

segmentationalgorithmsbasedon the so-

calledLMR tagging. Our LMR taggers
areimplementedwith the Maximum En-

tropy Markov Model and we then use
Transformation-Basedl earningto com-

bine the resultsof the two LMR taggers
that scantheinputin oppositedirections.
Our systemachieves F-scoresof 95.9%

and91.6% ontheAcademiaSinicacorpus
andtheHongKongCity Universitycorpus
respectiely.

1 Segmentation as Tagging

Unlike English text in which sentencesare se-
guence®f wordsdelimitedby white spacesin Chi-

nesetext, sentencesre representeds strings of

Chinesecharacter®r hanzi without similar natural
delimiters.Thereforethefirst stepin a Chinesdan-
guageprocessingdaskis to identify the sequencef

wordsin a sentenceandmark boundariesn appro-
priateplaces.This may soundsimpleenoughbut in

reality identifying wordsin Chineses a non-triial

problemthat hasdravn a large body of researchn

the Chineselanguageprocessingcommunity (Fan
andTsai,1988;Ganetal., 1996;Sproatetal., 1996;
Wu, 2003;Xue, 2003).

Thekey to accurateautomatiovord identification
in Chinesdiesin the successfutesolutionof ambi-
guitiesandapropermwayto handleout-of-vocalulary
words. The ambiguitiesin Chineseword segmenta-
tionis dueto thefactthata hanz canoccurin differ-
entword-internalpositions(Xue, 2003). Giventhe
propercontet, generallyprovided by the sentence
in whichit occursthepositionof ahanzi canbede-
termined.In this paper we modelthe Chinesewvord
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sgmentationasa hanzi taggingproblemandusea
machine-learninglgorithmto determinethe appro-
priatepositionfor ahanz. Therearesereralreasons
why we may expectthis approachto work. First,
Chinesewordsgenerallyhave fewer thanfour char
acters.As aresult,the numberof positionsis small.
Secondalthougheachhanz canin principle occur
in all possiblepositions,not all hanzi behae this
way. A substantiahumberof hanz aredistributed
in a constrainednanner For example, 1, the plu-
ral marker, almostalways occursin the word-final
position.Finally, althoughChinesenvordscannotbe
exhaustvely listed andnew wordsareboundto oc-
cur in naturally occurringtext, the sameis not true
for hanzi. The numberof hanz staysfairly constant
andwe do not generallyexpectto seenew hanz.

We representhe positionsof a hanzi with four
differenttags (Table 1): LM for a hanz that oc-
curs on the left peripheryof a word, followed by
otherhanzi, MM for a hanz thatoccursin the mid-
dle of a word, MR for a hanz that occurson the
right peripheryof word, precededby other hanz,
andLR for hanz thatis a word by itself. We call
this LMR tagging. With this approachword sey-
mentationis a processvhereeachhanz is assigned
an LMR tag and sequencesf hanz arethencon-
vertedinto sequencesf words basedon the LMR
tags. The useof four tagsis linguistically intuitive
in thatLM tagsmorphemeshatareprefixesor stems
in theabsencef prefixes,MR tagsmorphemeshat
aresuflixesor stemsn the absencef sufixes,MM
tagsstemswith affixesandLR tagsstemswithout
affixes. Representinghe distributions of hanzi with
LMR tagsalsomalesit easyto usemachinelearn-
ing algorithmswhich hasbeensuccessfullyapplied
to othertaggingproblemssuchasPOS-taggingnd
IOB taggingusedin text chunking.



RightBoundary(R) | Not Right Boundary(M)
Left Boundary(L) LR LM
Not Left Boundary(M) MR MM

Tablel: LMR Tagging

2 Tagging Algorithms

Our algorithmconsistsof two parts. We first imple-
menttwo Maximum Entropy taggersoneof which
scangheinputfrom left to right andthe otherscans
the input from right to left. Thenwe implementa
TransformatiorBasedAlgorithm to combinethere-
sultsof thetwo taggers.

2.1 TheMaximum Entropy Tagger

The Maximum Entropy Markov Model (MEMM)
hasbeensuccessfullyusedin sometagging prob-
lems. MEMM modelsare capableof utilizing a
large set of featuresthat generatie modelscannot
use. On the otherhand, MEMM approachescan
theinputincrementallyasgeneratie modelsdo.

The Maximum Entropy Markov Model usedin
POS-taggings describedn detailin (Ratnaparkhi,
1996)andthe LMR taggerhereusesthe sameprob-
ability model. The probabilitymodelis definedover
H x T, whereH is the setof possiblecontets or
"histories” and T is the set of possibletags. The
models joint probability of a history h andatagt is
definedas

k Flhat)
pht) = mp ] of
j=1

(1)

wherer is anormalizationconstant{u, a1, ..., ax }
arethemodelparameterand{ f1, ..., f } areknown
as features,where f;(h,t) € {0,1}. Eachfea-
ture f; hasa correspondingparameteny;, that ef-
fectively senes as a "weight” of this feature. In
thetraining processgiven a sequenc®f characters
{c1,", cn} andtheir LMR tags{ti, ..., t,, } astrain-
ing data,the purposds to determinehe parameters
{p, a1, ..., } that maximizethe likelihood of the
training datausingp:

The succesof the modelin taggingdependdo
a large extent on the selectionof suitablefeatures.
Given (h,t), afeaturemustencodenformationthat
helpsto predictt. The featureswe usedin our ex-
perimentsareinstantiationsof the featuretemplates
in (1). Featuregemplategb) to (e) representharac-
ter featureswhile (f) representsag features.In the
following list, C_s...C3 arecharacterand7_s...T5
areLMR tags.

(1) Featurgemplates

(a) Defaultfeature

(b) The currentcharacteXCy)

(c) Theprevious (next) two characters
(C_2,C_1,C1,Cy)

(d) The previous (next) characteandthe current
characte(C,l Co, C()Cl),
theprevioustwo character¢C_»C_,), and
thenext two charactergC; C5)

(e) The previousandthe next characteC_;C4)

(f) Thetagof thepreviouscharacte(T_,), and
thetagof the charactetwo beforethe current
characte(T_5)

2.2 Transformation-Based Learning

One potential problemwith the MEMM is that it
canonly scanthe input in one direction, from left
to right or from right to left. It is notedin (Lafferty
etal., 2001)that non-generatie finite-statemodels,
MEMM modelsincluded,sharea weaknessvhich
they call the LabelBiasProblem(LBP): atransition
leaving a given statecompeteonly againstall other
transitionsan themodel. They proposedConditional
RandomFields (CRFs)asa solutionto addresghis
problem.

A partial solutionto the LBP is to computethe
probability of transitionsin both directions. This
way we canusetwo MEMM taggerspneof which
scangheinputfrom left to right andthe otherscans
the input from right to left. This stratgyy hasbeen
successfullyusedin (ShenandJoshi,2003). In that
paper pairwisevoting (vanHalterenetal., 1998)has



beenusedo combinetheresultsof two supertaggers
thatscantheinputin the oppositedirections.

The pairwisevoting is not suitablein this appli-
cation becausenve must make surethat the LMR
tagsassignedo consecutie wordsare compatible.
For example,anLM tagcannotimmediatelyfollow
an MM. Pairwise voting doesnot useary conte-
tual information, so it cannotpreventincompatible
tagsfrom occurring. Therefore,in our experiments
describedhere, we use the Transformation-Based
Learning(Brill, 1995)to combinethe resultsof two
MEMM taggers.Thefeaturesetusedin the TBL al-
gorithmis similar to thoseusedin the NP Chunking
taskin (NgaiandFlorian,2001).

3 Experiments

We conductedclosed track experimentson three
data sources: the AcademiaSinica (AS) corpus,
the Beijing University (PKU) corpusandthe Hong
Kong City University (CityU) corpus.We first split
thetraining datafrom eachof the threesourcesnto
two portions. 9/10 of the official training datais
usedto traintheMEMM taggersandtheother1/10

is held out asthe developmenttestdata(the devel -
opment set). The development set is usedto esti-
matethe optimalnumberof iterationsn the MEMM

training. Figure (1), (2) and(3) shav the curvesof
F-scoreson the devel opment set with respecto the
numberof iterationsin MEMM training.
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Figure 1: Learning curves on the development
datasetof the AcademiaSinica corpus. X-axis
standdor the numberof iterationin training. Y-axis

standdor the F'-score.

Experiments shov that the MEMM models
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Figure 2: Learning curves on the development
datasebf theHK City Univ. corpus.
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Figure 3: Learning curves on the development
datasebf the Beijing Univ. corpus.

achieve the bestresultsafter500and400rounds(it-
erations)of training on the AS dataand the PKU
datarespectiely. However, theresultsonthe CityU
datais notvery clear FromRound100through200,
the F-scoreon the devel opment set almoststaysun-
changed. We think this is becausdhe CityU data
is from threedifferent sourceswhich differ in the
optimal numberof iterations. We decidedto train
the MEMM taggersfor 160 iterationsthe HK City
University data.

We implementedwo MEMM taggerspnescans
the input from left to right and one from right to
left. We thenusedthesetwo MEMM taggergo tag
boththetrainingandthe developmentdata. We use
the LMR taggingoutputto train a Transformation-
Basedlearney using fast TBL (Ngai and Florian,
2001). The middle in Table 2 shavs the F-score



onthedevelopment set achieved by the MEMM tag-
ger that scansthe input from left to right and the
last columnis the resultsafter the Transformation-
BasedLearneris applied. Theresultsshav thatus-
ing Transformation-Baselgarningonly give riseto
slightimprovements.It seemghatthe bidirectional
approachdoesnot help muchfor the LMR tagging.
Thereforewe only submittedthe resultsof our left-
to-right MEMM taggerretrainedontheentiretrain-
ing sets,asour official results.

F-score| MEMM | MEMM+TBL
AS 0.9595 0.9603
HK 0.9143 N/A
PK 0.9391 0.9398

Table2: F-scoreon developmentdata

The resultson the official testdatais similar to
what we have got on our development set, except
thatthe F-scoreon the Beijing Univ. corpusis over
2% lower in absoluteaccurag than what we ex-
pected. The reasonis that in the training data of
Beijing University corpus,all the numbersare en-
codedin GBK, while in thetestdatamary numbers
are encodedin ASCII, which are unknavn to our
tagger With this problemfixed, the resultsof the
official testdataare compatiblewith the resultson
our development set. However, we have withdravn
our sggmentationresultson the Beijing University
corpus.

corpus| R P F Roov | Riv
AS | 0.961| 0.958| 0.959| 0.729 | 0.966
HK | 0.917| 0.915| 0.916| 0.670 | 0.936

Table3: Official Bakeoff Outcome

4 Conclusions and Future Work

Our closedtrack experimentson the first Sighan
Bakeoff data showv that the LMR algorithm pro-
ducespromisingresults. Our systemranksthe sec-
ondwhentestedon the AcademiaSinicacorpusand
third on the Hong Kong City University corpus.In
thefuture,wewill try toincorporatealargeword|list
into our taggerto testits performancen opentrack
experiments Its high accurag on Rpoy makesit a

goodcandidateasa generalpurposesegmenter
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