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0 Overview

Thesenoteswere developedfor a coursethat was presentedat the 2001 Summerinstitute of the
Linguistic Societyof America,in the Subinstituteon ChineseCorpusLinguisticsatthe University
of California, SantaBarbaraJuly 15— August3, 2001.

Thefirst sectionis anintroductionto Chinesemorphologywith a particularfocusontheques-
tion of whatis aword. The secondsectionintroduceshreetopics: propertiesof word frequeny
distributions,measuresf productvity, andmeasuresf associationThethird sectionwilldiscuss
someapplicationsto linguistic and computationalinguistic problems. Finally, the last section
dealswith corpus-basethethodsn Mandarinphonology

We would lik e to thank Martin Janschdor usefulfeedbackon a portion of thesenotes,and
HaraldBaayenfor providing uswith a prepublicatiorcopy of his book. We alsothankAcademia
Sinicafor generouslyallowing us to usetheir text corporafor the purposesof this courseand
Chu-RenHuangfor hisrole in negotiatingthis use.



1 Morphology

1.1 What isaword in Chinese?

Before one canembarkupona discussiornof morphologyfor any languageijt is usuallya good
ideato have someideaof whatthe scopeof the topic is. Basically whatis a word andhow do
you know whenyou've gotone?In Chinesethis questionis a particularlydifficult onedueto the
well-known factthat Chineseorthographysystematicallyfails to representvord boundaries.

As we shall see the definitionof word in Chinesds by no meansclear: lateron (Sectionl.3)
we will discussthreeproposedstandardgor segmentingChinesetext into words, andit will be
seenthatthesestandardsliffer in how they classifyunits aseithersingleor multiple words. The-
oreticallinguistic definitions,suchasthe one proposedoy Packard(2000), which we’ll discuss
momentarilytendto bemoreprincipledat anabstractevel, but harderto pin down whenit comes
to specifics.

Onething that mostpeoplewould certainlyagreeon is that Chinesewords (aswordsin arny
languagepreconstructeaut of oneor moremorphemesSoagoodstartingpointfor adiscussion
of Chinesanorphologyis adefinitionof themorphemeAt afirst glance onemightbetemptedo
think thatthis, at least,hasa simpleanswer:a morphemean Chinesds somethinghatis written
with a singlecharacterandpronouncedsa singlesyllable. By andlarge, this actuallyseemgo
be true, but therearestill a lot of problemsaroundthe edges. The major problemis that there
seemto be a lot of disyllabic morphemesijf one extendsthe discussionto foreign namesthat
have beenborrovedinto ChinesesuchasE##i#H bajisitan ‘Pakistan’,thenmorphemesanbe
evenlongerthandisyllabic. For native formsit is often not so easyto saywhetherthey areone
morphemeor two. A familiar caseis &/ dongx (eastwest) ‘things’, which presumablydoes
notliterally derive from acompoundmeaningeastandwest’. Still the semantiaelationbetween
‘eastandwest’ (asin ‘(all things)betweeneastandwest’) and‘things’ is aboutas closeasthe
semantiaelationbetweerisuddenly’and‘on ahorse’. Yet .t mashang(horseon) ‘suddenly’is
commonlyassumedo derive from its literal source.

One clear setof disyllabic morphemesare caseswhereboth charactersare written with the
samesemantiaadical. Someexamplesof thesearegivenin Table 1, takenfrom (Sproat,2000).
Thesedataalsoillustratethe (simple)first applicationdiscussedn this courseof a corpus-based
methodin morphology:the examplescited wereall collectedfrom a 20 million charactercorpus,
and consistof pairsof characterghat cooccuronly with eachother wherethe pair itself occurs
morethantwice.

Having a slightly clearerideaof whata morphemdn Chineses, we still needto understand
whatawordis. Themostcompleterecentdiscussiorof thistopicis thatof Packard(2000),where
he discusseshefollowing notionsof word:

e Orthographic word: Wordsasdefinedby delimitersin written text. This appeargo have
no relevancein Chinesesincethereareno suchwritten delimiters(apartfrom punctuation
marks,which markendsof phrasesnotwords).

2



Orthography Analysis Pronunciation Gloss

BERE <foot+cuotuo > cuotuo ‘procrastinate’
PREE <foot+liangang > langgang ‘hobble’

B <foot+roéulin > roulin ‘trample’

g <foot+shouzhu > choud ‘hesitate’

B <foot+zhengshi > zhzhi ‘hesitate’

BiEl <surround+lingwa > lingyu ‘imprisoned’
<surround+wuln > halin ‘swallow whole’
2L <cart+liaogg > jiugé ‘entwined’

RERE <demon+wangliang> wangliang ‘roamingghost’
L <female+youli > zhoull ‘sisterin laws’
et <food+kuntin > hantin ‘wonton’

3 <grass+oqgi > biqi ‘waterchestnut’
HE <grass+gu@ju > woju ‘lettuce’

s <grass+tanxian > handan ‘lotus’

E <grasstjianjia > jlanjia ‘type of reed’
BiE <grass+misu > musl ‘clover’

Bk <cave+youtiao > yaotiao ‘graceful’

biig <going+yili > yill ‘trailing’

i 4] <hand+yeyu > yéyu ‘tease’

TR <head+manhan> manhan ‘muddleheaded’
r’E <heart+congyong > sbngydong ‘eggon’

tittie <heart+niuni > niuni ‘coy’

52 4 <heart+yingin > yingin ‘attentively’
bR <insect+b@anfu > bianfu ‘bat’

L <insect+fuyou > faydu ‘mayfly’

L 4| <insect+qguyin > giuyin ‘earthworm’
(=¥ <gas+ynyun > yinyun ‘misty atmosphere]
HRE <going+xiehou > xiehou ‘encounter’
PR <jade+cuican > cuican ‘brilliant’

He¥E <jade+daimao > daimao ‘tortoiseshell’
HEg <leather+qiugian > giugian ‘swing’

E % <old+maozh > maodie ‘old people’
KshE <overhanging+yini >  yini ‘fluttering’

=14 <person+kongzng>  kdngdng ‘busy’

Ve <sickness+ged > geca ‘cyst, boil’

BHEG <teeth+juwid > juyu ‘bickering’

e <tree+piba > pipa ‘loquat’

#i <tree+ringméeng > ningnéng ‘lemon’

Tablel: Pairsof charactershatonly cooccurwith eachother andoccurat leastthreetimesin a 20 million
charactecorpus.Notethatin eachcaseboth charactersharethe samesemantiaadical. See for instance,
the exampleswith thefoot radical,underlinedin thetableabore. The seconccolumngivesthe component
analysisfollowing thescheman (Sproat,2000).
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Sociologicalword: Following Chao(1968,pp. 136—138)theseare‘that type of unit, inter-
mediatein sizebetweera phonemenda sentencewhich thegeneralnon-linguisticpublic
is consciousof, talks about,hasan everydayterm for, andis practicallyconcernedvith in
variousways. In Englishthis is the lay notion of ‘word’, whereasn Chinesethis is the
characte(= z).

Lexical word: This correspondgo Di Sciullo and Williams’ (Di Sciullo and Williams,
1987)listeme

Semanticword: Roughlyspeakingthis correspondso a ‘unitary concept’.

Phonologicalword: A word-sizedentity thatis definedusingphonologicalcriteria. (Yes,
that’s circular) Packardgoeson to notethat Chaoconsidergprosodicissuessuchaswhen
onecanpausdn asentenceto provide usefultestsfor phonologicalwordhood.In mary lan-
guagesphonologicawordsarethedomainof particularphonologicaprocessesn Finnish,
for example vowel harmoly is restrictedo phonologicalvords. In dialectsof Mandarinthat
have (stressyeduction,suchphenomenare generallyrestrictedto words, asis consonant
lenition (seethe sectionon Phonology).

Mor phological word: following Di Sciullo andWilliams’ notion,a morphologicaword is
arything thatis the outputof a word-formationrule.

Syntacticword: Theseareall andonly thoseconstructionghatcanoccupy X° slotsin the
syntax. (The syntacticword is the definition of word that Packardusesasthe basisfor the
bulk of hisdiscussion.)

Psycholinguisticword: Thisis the*“w ord’ level of linguistic analysighatis . .. salientand
highly relevantto the operationof the languagegrocessor{Packard,2000,p. 13).

To thesedefinitionscould be addedthe extrinsically definednotionsof word thathave formed
the basisof the varioussegmentatiorstandard$or Chinesethathave beenproposedandthatwe
shalldiscussn Sectionl.3. It is likely thatnoneof thesenotionsof word will completelyline up
with ary otherdefinition. As apracticalmatterthis probablydoesnt matter After all, thedefinition
of word thatis mostusefulwill dependto a large degreeuponwhat one wantsto useit for. In
Chinesdanguagdaechnologya phonologicaWwordis likely to be of interestif oneis interestedn
anapplicationsuchastext-to-speectsynthesisif oneis interestedn machingranslationthenit is
likely thatonewould belooking moreat semantiovords;andif oneis constructingexicons,then
somenotionof lexical word will berelevant. It really doesnt matterthatthesearedifferent. Note
thatproposaldor segmentatiorstandardssuchasthosedescribedn Sectionl.3largely glossover
theseconsiderationandassumehatthereis a single“correct” sgmentation.



1.2 SomeChineseMor phological Phenomena

In this sectionwe give an overview of variouskinds of morphologicalphenomenan Chinese.
Many of theexamplesareculledfrom Li andThompson(1981)andPackard(2000).

In additionto reduplication,affixation and compounding— the typesof categyoriesthat one
would normally expectto seediscussedn a treatmentof morphology— we alsodiscussnames,
andthekind of Chineseabbre&iationsknown asi& suoxié or ‘shrunkenwriting’. Thereasorfor
includingtheseis thatin ary practicalapplicationinvolving wordsin realtext, onewill seeplenty
of examplesof thesecateyories,sotheir formal propertiesareworth considering Notethatamong
theoreticatreatment®f Chinesanorphology atleastPackarddiscussesuoxieat somelength.

1.2.1 Verbal reduplication

Verbalreduplicationis fairly productive in Mandarin,andis typically usedto corvey the meaning
‘X alittle’, where'X’ is themeaningof theverh Theform of thereduplicationis eithera simple
copy of theverb, or elseif theverbis monosyllabic,— yi ‘one’ maybe usedbetweerthe copies.
Someexamplesof eachof theseformsaregivenin (1) and(2):

Q) #H==m shw-shwo (speakspeak) ‘speakallittle’
EE kan-kan (look look) ‘have alittle look’
FEE zOu-20u (walk walk) ‘have alittle walk’
FERE mo-mo (rubrub) ‘rub alittle’
HEmsfzm  taolun-taolun (discusdiscuss)  ‘discussalittle’
EHEEH  gingjiao-gngjiao (askask) ‘ask alittle’
WEH%E  yanjiu-yanjiu (researchresearch) ‘researchinto’

(2) #H—#: shw-yi-shwo (sayonesay) ‘go aheadandsayit’
£—% kan-yi-kan  (lookonelook) ‘havealook’
F—3%& zOu-yi-zOu (walk onewalk) ‘havealittle walk’
E—BE mO-yi-mo (rubonerub) ‘rub alittle’

Reduplicationcanalsocooccurwith & kan ‘see’ with the roughmeaning'do X andseehow it
goes’.

(3) #Hm#E shw-shw-kan (speakspealook) ‘talk aboutit andsee’
FEE zO0u-Du-kan  (walkwalklook)  ‘walk andsee’
1.2.2 Adjectival Reduplication

Like verbs,adjectvescanreduplicatein Mandarin. Thesereduplicatedormstypically have the
meaninga bit X’



(4) s41 hong-tbng (redred)  ‘red’
2 man-man  (slow slow) ‘slow’

Disyllabic adjectvesreduplicaten the patternAABB:

(5) &R shufu FHIRR  shushu-fufa ‘comfortable’
7% ganjing  EE%EE  gangan-jingjing ‘clean’
g hith sy hOhO-tUth ‘muddle-headed’
tez  kuaile thipgege  kuaikuai-lele ‘happy’

=5 piaoliang ZEEses piaopiao-liangliang ‘pretty’
Onealsofindsthe patternABB:

(6) =& liangjng =&& liang-ingjing ‘bright’
|it  balhua  @igit  bai-huahua  ‘white’

Therearevarioussemanticandstylistic restrictionson adjectval reduplication. Thusthe fol-
lowing areall unacceptable:

(7) «EEZEE  zhongzlong-yaoyao ‘important’

xRk weiwei-dada ‘majestic’
KsLsL fenfen-honghong ‘pink’
xTEEEE  meimei-lil ‘beautiful’
KEEBIEY  toutdou-ningming ‘transparent’

In somecaseghereseemdo beasemanticlash.Thisis clearin thecaseof &x weida ‘majestic’,
whereevenin Englishthe phrase?a bit majesticseemsodd. In the caseof &#i ‘sagacious’the
adjectve is apparentlytoo classicako admitof reduplication.In othercasegherestrictionis less
clear

1.2.3 Measure word reduplication

Measurewordscanalsoreduplicatan Mandarin,typically with the meaningof ‘every X': thusg
bang‘pound’ yields#fz bangkang‘every pound’. Someexamplesfollow:

(8)  mms bangkang ‘every pound’
el tiaotiaoyd ‘everyfish’
EEmYE taotioxizhuang ‘everysuit’
R jianjianyif ‘every pieceof clothing’

Not all measureavordsseento allow this reduplication.Thus:



(9) x=m=x zhzhishbu ‘everyhand’
«fiE cécshu ‘every book’
«THE dadadan ‘every dozeneggs'’
ezl zwzw shan  ‘every mountain’
g zhzhijr ‘every chicken’

Notehoweverin contrasto thefinal examplein (9), wheretheduplicatedneasuravordis adjacent
to thenoun;the constructions fine if the duplicatedform is separatedrom thenoun,asin (10):

(10) #®FIRIZE EEWFET
women-dg1, zhizh doubingle
(our-DE chickenCL-CL all sick ASP)
‘Everyoneof our chickensis sick!

In somecasessimilar examplesappearto behae differently. Thus?m g riri ‘every day’ is less
acceptabléghanxx tiantian‘everyday’.

(A1) 288 riri ‘everyday’ (okayin poeticlanguage)
x* tiantian ‘everyday’
A niannian  ‘everyyear’

Finally, measurevord reduplicationappeardo belimited to monosyllabicneasuravords:

(12) =*4\EsvE  gongligongli  ‘everykilometer’

1.2.4 Prefixation

Mandarinhasa few productve or semi-productre prefixes. Theseinclude: # |ao- usedwith
propernamesyh xiao-‘little’, alsousedwith namestheordinalprefix# di; the calendricaprefix
# chu; andthe verbalprefixes# hao- ‘good’ and# nan- ‘bad’. Theseareexemplifiedin (13):

(13) = lao- =T laowang ‘old Wang’
N xiao- N xiao zhang ‘little Zhang’
% di- B diyr first’
)| chu- m= chu san ‘the third (day of the month)’

/g hao/nan- iz /#rz; haodi/nand ‘tasty/bad-tasting’
Anotherprefixis @] ké-meaning-able’. Thus:

(14) = ké- mE keai ‘lovable,cute’
A% ké-kao ‘reliable’

Thisis claimed— e.g.by Li andThompson1981)— notto bevery productve.
Finally, aclearlynon-productie prefixis & da- ‘big’, whichis usedin afew nounssuchasx
% daxiang‘elephant’.



1.2.5 Suffixation

Productve sufixesare moreplentiful in Mandarinthan productve prefixes. Following, mostre-
cently, Packard(2000),we can classify suffixesinto two cateyories,namelyderivationalandin-
flectional. Examplesof derivationalsuffixesare:

(15) “Diminutive” suffixes:
B -er BERE niao-er ‘bird’
F -zi  ®F hou-zi  ‘monkey’
8 -tou g8 man-tou ‘steamedoread’

(16) Otherderiationalsuffixes:

2 -Xue DI xinli-xué ‘psychology’

x Hia pmEsx wulixué-jia ‘physicist’

1t -hua 4t mei-hua ‘Americanization’
® -1 HEER sheng-chn-I'tl  ‘egg productionrate’

¥£ -zhiyi Bm#irs®  makes-zhlyi  ‘Marxism’

Commoninflectional sufiixesinclude aspectuamarkerslike 7 -le andi& -guo, andthe human
nounplural f -men

@an 71 -le w7 chi-le ‘have eaten’
@ -gudo Iz@7T chi-guo-le ‘haveeaten’
1 -men #FHM bhaizi-men ‘children’

Mandarinalsohasa wide rangeof resultatve markerswhich might be considerecitherinstances
of suffixation or instance®f compoundingThesearediscussedbelow.

Inflectional suffixes are one categgory wherethe differentsggmentationschemesliscussedn
Section1.3 differ: thusthe Mainland schemeand (presumably)the ROCLING schemewould
sgmentiixf péngyumerifriends’ astwo words(thoughggfiwomén ‘we’ would betwo words),
whereaghe Universityof PennsylaniaChineseTreebankschemevould segmentit asoneword.

1.2.6 Compounding

Compoundingompriseshelargestcategory of morphologicablerivationsin Mandarin.Thecases
wewill consideherearenominalcompoundingandverbalcompoundingThereis alsoa cateory
of adjectval (or, if you prefer statve verbal),suchas#4 fénrong (powderred) ‘pink’ or 5
Xuehai ‘snow white’.

Among nominal compoundne candistinguishfull-w ord compoundingwherethe compo-
nentsareeachfull words,andwhatelsavhere(SproatandShih,1996)we have termedroot com-
poundswhereatleastoneof the elementss nota free-standingvord; seealso(Packard,2000).

Verbal compoundingincludesresultatves, “parallel” (V-V) compounds,subject-erb com-
poundsand verb-objectcompounds. In principle, as Packardshows, eachof thesecan either
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involve full wordsor roots,thoughwe’ll mostly concentraténereon the casesnvolving full word-
S.
Eachof thesecompoundypesareexemplifiedin thefollowing sections.

1.2.6.1 Full-Word Nominal Compounding. Nouncompoundsn Mandarindisplaythe same
rangeof meaningsasequialentconstructionsn English. For example,acompoundXY canhave
a locational reading(‘a Y thatis locatedin X’), a usereading(‘a Y thatis usedfor X’) or a
material reading(‘a Y thatis madeout of X’), amongothers.Someexamplesof severalkindsare
illustratedbelow:

(18) location
=B Wi ketingshafa ‘living roomsofa’
w5 héma ‘hippopotamugriver horse)’
i) haigou ‘seal(seadog)’

(19) usedfor
e H zhjiayou ‘nail polish’
LR pingpangqil ‘pingpongball’
AR talyangyanjing ‘sunglasses’
G fanwan ‘rice bowl’

(20) material
KA #iR dalilshHdiban ‘marble (Dali rock) floor’
HER zhilaohi ‘papertiger’

(21) poweredby
T diandeng ‘electriclight’
@ # fengche ‘windmill (wind cart)’

(22) organization
X8 KE daxuexiaoziang ‘universitypresident’
bz K2 béijing daxue ‘Beijing University’

(drz=x2 might alsobe consideredo be aninstanceof location). The only relatively productive
type of compoundsn Mandarinthat have no productve counterpartn Englishare coordinate
(oftenalsocalleddvandva compoundsTheseareillustratedbelow:

(23) coordinate
B 155 baba mama ‘fatherandmother’

Ak fengshu ‘fengshui(wind water)’
HE zh br ‘paperandpen’
B nitl yang ‘li vestock(cattlesheep)’



1.2.6.2 Root Nominal Compounding. Chinesehasa large numberof whatwe will termroot
compoundindollowing earlierwork (Sproatand Shih, 1996); Packard(2000) calls thesebound
rootwords An exampleis thewordfor ‘termite’ gig baiyi, literally ‘white ant’, wherewe under
line the portion meaning'ant’. The normalMandarinword for ‘ant’ is ¥ mayi, andin normal
Mandarindiscourseig yi cannotbe usedasa separatevord. Onedoesfind exampledike, where
thefirstigg yi andig fengin eachclauseareapparentlhyfunctioningasfreewords:

(24) A EE BHEE
yl you yiguo, fengydu fenggud
(anthave antcountry beehave beecountry)
‘Ants have Antland,beeshave Beeland’

But thisis clearly a caseof intentionalclassicalstyle: asPackardnotes,apparentaseof fluidity
in whatcountsasaword in Chinesenearlyalwaysaredueto influencesof registerandstyle.

Someexamplesof root compoundingollow. In thefirst columnof eachof the examplesthe
normalMandarinwordis givenwith therootunderlined.In thesecondandthird columnsexamples
aregivenwith theroot in questionin the heador non-headpositionof the compound. The fact
thattheserootscanoccurin bothheadandnon-headgositionsuggestshatthe processn question
hasmorein commonwith compoundinghanit doeswith affixation, sinceaffixestypically select
to attachon onesideor the otherof their stemsput not both.

(25) & mayl ‘ant’ BT T

yiwang‘queenant’ gongy ‘worker ant’

¥ naozi ‘brain’ A Kk & i
naoshuzhong‘hydrocephaly’ houréo ‘*hindbrain’

#iE cangying fly’ i 52 Hir i b
yingshi “fly corpse’ dizhonghaiying ‘Mediterranearfly’

iEEE mOgu ‘mushroom’ 54 &

o gusan ‘pileus’ jingu ‘goldenmushroom’

Sproatand Shih (1996)amuethatroot compoundings productive; we’ll examinethoseargu-
mentslateron. For now notethatthatconclusionaguesagainstDai (1992),who claimsthatonly
morphologyinvolving full wordsis productve.

1.2.6.3 Resultative Compounds. Themostproductie classof verbalcompoundsn Mandarin
aretheresultatve compounds.Theseareformedby the suffixation of a resultatve marker to the
stem.Somecommonresultatve markersare:

(26) E shang‘up’
T xia ‘down’

1SeePackard(2000)for anextensie discussiorof headednesis Mandarin.
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it jin ‘enter’

4 chu ‘(go) out’

% qilai inchoatve

m hul ‘return’

#@ guo ‘pass,acrosspeyond’
B kai ‘open’

52 wan ‘finish’

Z| dao ‘reach’

# hao ‘good, complete’
3 oI ‘die’

K jian‘see,perceve’

I po ‘break’

&% qingdu ‘clearly’

Theexactmeaningof mary of theseaffixesdependsipontheverbit combinesvith. Themeanings
includeresult, achievement dir ection, amongothers:

(27) result 158 dapo ‘breakby hitting’
mE  lakai ‘open’
achievement =g xiegngdl ‘write clearly’
B3l maidao ‘succeedn buying’
direction PEZ%  tiaogwgu  ‘jump across’
E#EE  zoujinlai - ‘comewalkingin’

Resultatvescan usually be ‘augmented'with the so-called‘infix es’ 1§ dé ‘able’ and+® bu ‘not
able’. Theseaddthe senseof ‘(not) ableto achiere X' to theresultatve. Sofrom k@ = tiaoguoqu
‘jump across’onecanform:

(28) mg@* tidodguoqu ‘abletojumpacross’
P+ i@% tiaobiguoqu ‘not ableto jumpacross’

1.2.6.4 Parallel Compounds. Parallelcompoundonsistof verbsformedfrom a pair of other
verbs,with acoordinatanterpretatiorof the pair. Someexamples:

(29) mE gou-mai (buy-buy) ‘buy’
%  jian-zhu  (build-build) ‘build’
##E jian-dha (examine-éamine) ‘examine’
8% zh-lido (treat-treat) ‘treat (a sickness)’
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1.2.6.5 Subject-Predicate Compounds. Subject-predicateompoundsonsistof a nounfol-
lowedby averbfor whichthe nounactsasa subject.For example:

(30) w®mEE tou-ttng (headhurt)  ‘(havea)headache’
B zu-ying  (mouthhard) ‘stubborn’
R4L yan-hong (eyered) ‘covet’
O xin-sian  (heartsour)  ‘feel sad’
@ ming-ki  (life bitter) ‘tough straits’

While the noun appeardo be assigneda thematicrole by the verb, the whole verb itself still
assignsanexternalthematicrole: oftenthethematicrole assignedy the subject-predicateerbis
notionallythe “possessordf theincorporatechoun:

(31) #mEE.
wo tou téng
(I headnhurt)
‘I have aheadaché. (= ‘My headhurts))

(32) tREmsnE!
ni zhenzu-ying
(youreally mouthhard)
‘You arereally stubborn!’ (=~ ‘Y our mouthis really hard!")

1.2.6.6 Verb-Object Compounds. A muchlarger cateyory of verb-agumentcompoundsare
verb-objectVO) compoundsSomeexamplesaregivenin (33):

(33) iRk chu-ban (emitedition) ‘publish’
e shu-jiao (sleepsleep) ‘sleep’
L3 bi-ye (finish courseof study) ‘graduate’
FJJ kai-dao (operateknife) ‘operate’
Bt kai-wanxiao (operatgoke) ‘make fun of’
ir2ficd zhao-xiang  (shineimage) ‘take a photo’

The situationwith VO's is more complex thanthat of subject-predicateompounds First of all,
while someVO compoundsllow objects(34), othersdo not (35):

(34) kAR TARAE
tamenchuban-le neibenshu
(they publish-PERRhat-CLbook)
‘They publishedthatbook

12



(35) *ft4MBATI.Oo

Second— andthisis whathasmadethe structureof VO compoundgontroversial— the O portion
of VO’sis generallyseparabléo somedegreefrom theV. This separatiorcaninvolve markingthe
V with anaspectuamarker (36), markingthe N with a numeral-classifiecombination(37) and
possiblyan adjectve (38), marking a “possessor’of the object(39), or even preposing(40) or

tamenkaidao xinzang
(they operatenheart)
‘They areoperatingonthe heart’

guestioninghe object(41):

(36)

(37)

(38)

(39)

(40)

(41)

R 78

wo shu-le jiao

(I sleep-PERFEleep)
‘| fell asleep’

F— L%

kai yige wanxiao
(operateone-CLjoke)
‘make fun of’

He Aot 15
zhaoliangzlangxiang
(shinetwo-CL photo)
‘take two photos’

REE T —H/INE

wo shu-le yige xiaojiao

(1 sleep-PERPNe-CLlIittle sleep)
‘| tookalittle nap:

Ff B BL K

kai tadewanxiao
(operatehisjoke)
‘make fun of him’

—EERBRAEL

yige bian wo dou méiydu da
(one-CLcorvenience all NEG have big)

‘I haven't defecatedhtall’

(cf. %f# dabian (big corvenience)defecate’)

YREAEET] ?
ni kai shenmodao
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(you operatewhatknife)
‘What kind of operationareyou having?’

Variousauthors,including Chao(1968),J. Huang(1984),and mostrecentlyPackard(2000)
have presentednalyse®f VO compoundsfocussingon the questionof whethertheseshouldbe
consideredexical or phrasalconstructions.Packardamgues,someavhatalongthe lines of Huang,
that VO compoundsmay be eitherwords or phrasedependinguponthe constructiononefinds
themin, but thatoncea VO constructiorbecomes word via lexicalization,it is basicallyaword,
andadmitsof only limited phrasakeanalysis.

Onthe etymologicalside,notethata numberof VO compoundsverenot etymologicallyVO,
but have only beenreinterpretedas suchover time, theseinclude 3ti& Xi-zao ‘bathe’ and x{#
da-bian ‘defecate’.

1.2.7 Other Kinds of Word Formation.

Sofarwe have beendiscussingvord formationtypesthatwould normally be thoughtof asmor
phological.But in any Chineseext corpusonewill find mary instance®f wordsthatareformed
in waysthatonewould not normallythink of asmorphologyperse,but which nonethelesexhibit
certainregularities. Amongtheseare personahamesforeign wordsandnamesn transliteration
andabbreviations. Abbreviations,or & suoxié (shrunlenwriting) arethetopicof Sectionl.2.7.1.
We briefly discusgChinesepersonahamesandforeignwordsin transliteratiorhere.

Full Chinesepersonalnamesare in one respectsimple: they are always of the form fam-
ily+given. The family namesetis restricted: thereare a few hundredsingle-charactefamily
names,and aboutten double-characteones. Given namesare mostcommonlytwo characters
long, occasionallyone charactetong: therearethusfour possiblenametypes,which canbe de-
scribedby a simplesetof context-freerewrite rulessuchasthefollowing:

(42) 1 word = nhame

2 name = 1-charfamily 2-chargiven
3 name = 1-charfamily 1-chargiven
4 name = 2-charfamily 2-chargiven
5 name = 2-charfamily 1-chargiven
6 1-charfamily = chag

7 2-charfamily = chay chay

8 1-chargiven = chas

9 2-chargiven = chas char

Thedifficulty is thatgivennamescanconsist,in principle,of any characteor pair of charactersso
thepossibleggivennamesrelimited only by thetotalnumberof charactershoughsomecharacters
arecertainlyfar morelik ely thanothers.
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(Theaborve treatmentlsofails to cover “double-barreled’family nameswhich arestill com-
monly usedto refer to marriedwomen: thussg £ 48 zhangwang jinlan ‘Mrs. Jinlan (Wang)
Zhang’,thoughthe descriptioncould be straightforwardly enoughextendedo coverthese.)

Foreignnamesareusuallytransliteratedisingcharactersvhosesequentiapronunciatiormim-
ics the sourcelanguagepronunciatiorof the name.Sinceforeignnamescanbe of ary length,and
sincetheiroriginal pronunciationis effectively unlimited, theidentificationof suchnamess tricky.
Fortunately thereareonly a few hundredcharacterghat are particularly commonin translitera-
tions; indeed,the commonesbnes,suchasE ba, # ér, andfg a areoften clearindicatorsthat
a sequencef charactergontainingthemis foreign: evenanamelike Bk xia-mi-ér ‘Shamir’,
which is a legal Chinesepersonahame,retainsa foreign flavor becausef # ér. Someendings
arealsogoodindicatorsof foreignwords. Thusfor instancethe commonEnglishplacenamesuf-
fixes’,-nia (e.g. Virginia) and-sia (e.g. Malaysig have standardransliterations@sfgzs ni-ya and
FEEE XI-ya, respectrely, andwordsendingin thesesequenceareinvariablytransliteratedoreign
placenamesAlso, typographicatonventions,suchasthe useof the centerdot - * areoftenused
to separatéhe component®f foreignnamesandthesearethereforeoftencuesto aforeignname:
EETER - mEs falanxsike keiméng‘FrancescdClemente’.

1.2.7.1 Suoxie. Suoxiearea commonway of producingshortenedorms of (especially)long
namesn Chinese.lt is very typical of namesof official organizationsput thereare quite a few
otherusestoo. While suoxieare oftenalsocalled“abbreviations”, they areactuallymostclosely
relatedto acroryms,suchasNATO or UNICEF, in languagesuchasEnglish. Trueabbreiations,
suchaskg. in English,areexpandednto full wordswhenread: onesayskilogramratherthanK
G, whenreadingkg.. In contrast,acrorymsandsuoxiearereadaswords,andnot expandednto
their original forms?

Theformationof suoxieis complex, andwe will returnmorefully to theissuein alatersection.
For now notethatsuoxiearetypically formedby takingthefirst characteof eachcomponentf a
word; someof theseexamplesarefrom (Wang,1996):

(43) EEYHIE ECEREE 2 R ST B
yazhou pingpangqid lianméng yapinglian
AsianPing-PongAssociation

(44) Ix#7Ak THIER
gongye yanjiu yuan gongyanyuan
IndustrialResearciCenter

(45)  Lie3IE $hil 18 0 5k LA fngk
yistlie balesdan hétan yi ba hetan

Israel-Ralestiniandiscussions

2In fact, Chineseseemso lack true abbraviations: evenborroved abbreviationssuchaskg. arereadassequences
of letters(K G) ratherthanexpandednto the correspondingvord. See(Sproat,2000)for discussion.
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As thelastexampleshaws, the suoxieis not limited to picking morphologicallysensiblepiecesof
words: Ll %1 yiselie ‘Israel’ and=gh#iid balesdan‘Palestine’aresoundtransliterationsandthe
first syllablesusedin thesuoxieexamplein (45)— L\ yi and® barespectiely — aremeaningless
component®f thesetransliterations.

Though most suoxieinvolve the first characterof constructionsthereare caseswherethe
seconccharactemustbe used,asin the standardabbreviation of #i& xianggang‘Hong Kong'’ as
i gang
(46) wH#EEHE ik

tdiwanxianggang  tai gang
Taiwan-HongKong

A Fri
zhongguo shiyou zhongybu
ChinaOil

Therearealsocasesvherethe suoxieform is suppletve: thisis truefor abbreviationsof mary
ChineseProvinces for example.An instanceof thisis theform g hufor Eig shanghai ‘Shanghai’.

(47) _LisviMEg E i
shanghai hangzhoutiélu hu hangtiélu
Shanghai-HangzhdRailway

1.3 Segmentationstandards

Decidingwhatis awordin Chineséds notpurelyatheoreticabr academiexercise:it haspractical
consequencedsr awide variety of applicationsoth “sociological” andtechnological.

The sociologicalapplicationsaroseearly in the twentieth centuryin the contect of various
attemptsto romanizeChineseorthography:the two competingproposalsor romanizationwere
theE:Z & 5+E% gudyl lubmaz yundong ‘Mandarin RomanizatiorMovement’(of which Y. R.
Chaowasamajorproponentandthes; T {tE® ladinghua yunddng‘Latinization Movement'.In
theseandotherromanizatiorschemestheissuearoseof decidinghow to putgrouptheromanized
spelling of morphemesnto word-sizedchunks,somethingthat was of coursenot facedin the
traditionalorthographySee(Pan,Yip, andHan,1993,chapterb).

The technologicalinclude information retrieval (Wu and Tseng,1993; Palmer and Burger,
1997), text-to-speeclsynthesiqSproatet al., 1996; Shih and Sproat,1996a)and speeclrecog-
nition. In text-to-speechsynthesigTTS), for example,correctplacemenif word boundariess
importantfor assigningappropriateprosody Suchapplicationsrequirethe ability to automati-
cally predictword boundariesrom an unsgmentedstreamof charactersaswe shallseein later
sectionsthisis notatrivial task.

If oneis developingalgorithmsfor Chinesevord segmentationit is desirableo have astandard
againstwhich to compareone’s progress:in the absenceof an orthographicradition of writing
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word boundariesandin the absencef clearintuitionsin mary casesof native readershow do
| know thatl’'m segmentinga text “correctly”? To addresghis problem,therehave beenseveral
recentlyproposedstandard$or how to determinevhatawordis in Chinese.

The standardsnclude:

e MainlandStandardGB/T 13715-921993).
e ROCLING StandardHuangetal., 1997).

e Universityof Pennsylania/ChinesdreebankXia, 1999).

1.3.1 Mainland Standard.

The Mainland standardis characterizedy lots of specificrules, not all of them explainedor
justified. For instancepneruleis:

Nounsderivedin 5 jia, ¥ shou, # xing, & yuan, ¥ zi, it hua, £ zhang, & tou,
# zhearesggmentedasoneword: #2235 kexwgjia ‘scientist’

This seemseasonablenoughput for somereasonfi menis segmentedseparatelyexceptin A4
rénmeripeople’, andwordswith erhua L] germen‘brothers’. Personahamesarealsosplit:
£ iZ¥ ‘Mao Zedong'.

AABB reduplicantareoneword: E& E# gaogaoxngxng ‘happy’. OntheotherhandABAB
reduplicantsaretwo words: £8 T F xuebaixuebai ‘snow white’.

1.3.2 ROCLING Standard.

TheROCLING standardgeeksastandardhatis “linguistically felicitous,computationallffeasible,
andmustensuredatauniformity.” As such,generafjuidelinesaresetoutfrom which morespecific
rulesof sggmentatiorcanbe derived. Thetwo mainguidelinesareasfollows:

1. A stringwhosemeaningcannotbe derived by the sumof its componentshouldbe treated
asasegmentatiorunit.

2. A stringwhosestructuralcompositionis notdeterminedy thegrammaticatequirementsf
its components,oa stringwhich hasa grammaticatateyory otherthanthe onepredictedoy
its structuralcompositionshouldbe treatedasa segmentatiorunit.

More specificguidelinesinclude:

1. Bound morphemesshouldbe attachedto neighboringwords to form a segmentationunit
whenpossible.
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2. A stringof characterghat hasa high frequeng in the languageor high cooccurrencdre-
guengy amongthe componentshouldbetreatedasasegmentatiorunit whenpossible.

3. Stringsseparatedby overt segmentatiormarkersshouldbe segmented.
4. Stringswith complex internalstructureshouldbe segmentedvhenpossible.

Finally, areferencdexicon, basedn areferencecorpusis assumed.

1.3.3 University of Pennsyhania Standard.

The University of Pennsylaniastandards moreakin in spirit to the Mainlandstandardn thatit
haslessphilosophythanthe ROCLING standardandmoredetailedrules.

One propertythatis relevantto applicationssuchas TTS is sensitvity to phonologicalcon-
siderations. Thus, while Z&pg shinei ‘in the room’ is consideredo be a singleword, f14 Ll#%
zhongwi yThou ‘after noon’ is consideredo be two words, which accordswith the sensehatpy
néi‘in’ functionsasanaffix whereagi# yihouis phonologicallyaseparatevord.

Anotherpropertythatsetsthe UPennstandardapartfrom the othersis thatinternalstructureis
marked. So#Ti8% da-dé-pd ‘able to break’is taggedas[#7/V &/DER #:/V]/V, or in otherwords,
asa complex word with internalstructure.

1.3.4 Comparison betweenthe systems

A detailedcomparisorbetweerthethreestandardss beyondthe scopeof this discussionput it is
usefulto considerafew differenceswhichwe lay outin Table2, adaptedrom (Xia, 1999):

Form UPenn Mainland | ROCLING | Example
ABAB ABAB AB-AB ABAB HAMZR

‘research(abit)’
AA-F [AA/V kan/V]/V | AA kan | AA kan HRE

‘talk aboutit andsee’
Pers.Names| OneSqy Two Says | OneSqgy SBALEE

ShiLixuan
Noun+ {1 OneSg Two Segs | Two Segs | &M

‘friends’
Ordinals OneSqgy Two Segs | Two Sgys | £—

first’

Table2: Somedifferencedetweerthe sggmentatiorstandardsfrom (Xia, 1999).

18



To date,only relatively small standarccorporahave beensegmentedaccordingto the criteria
proposedby thesestandards.For instance at the time of writing, the UPennstandarchasbeen
appliedto only 100K words; the ROCLING standarchasbeenappliedto somavhat more— 5
million words.

1.4 Preview: What Corpus-BasedVethods Can Do For Us

Sofarwe have only talked descriptvely aboutmorphologicalprocesseandtheir productvity. In
theremainingsectionson morphologywe will considemwhatcorporaof texts cantell usaboutthe
morphologyof Chinese.

Onething suchcorporacangive usa clueto is how stronglya sequencef charactergoheres
asaunit, or in otherwordshow stronglya sequencef characterareassociateavith oneanother
While suchinformationdoesnot automaticallytell usthatthe sequencés aword, it atleastgives
usa cluethat perhapghe sequencén questionis alexical item. We will startin the next section
with adiscussiorof measuresf association.

We canalsoexaminethe productvity of morphologicabrocessedn variousplacesn thisfirst
sectionwe have mentionedhatsuchandsuchaprocesss productve. We will show thatintuitions
aboutproductvity oftenhave a statisticalinterpretatiorthatcanbederivedfrom thedistribution of
wordsof a particularmorphologicaklassin corpora.

While it doesnot relateto morphologyperse,it will alsobeworthwhiletakinga brief look at
word frequeng distributions.

Corpus-basedhethodshave alsobeenarguedto give us a handleon someotherwisehardto
pin down processesuchassuoxie

Finally, statisticalcorpus-basedpproachesave a practicalapplicationto various natural-
languageprocessingasks. In the caseof Chinese,one importantsuchapplicationis to word
segymentation.
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2 Statistical Measures

In this sectionwe cover threeapplicationsof statisticalmethods.Thefirst is the distributions of
word frequenciesthe secondmorphologicalproductvity, andthe third measure®f association
betweernerms.

The discussionin this sectionpresumesomeknowledge of elementarystatistics. A good
introductionto the statisticsrelevantfor the statisticalanalysisof languagecan be found in the
introductorychaptersof (ManningandSchitze,1999).

2.1 Propertiesof Word FrequencyDistrib utions

As is well-known, a histogramof the wordsin ary reasonable-sizecbrpusfor any languagewill

reveal a distribution thatis often describedas Zipfian, namedafter Geoge Kingsley Zipf, oneof
the earlieststudentf word frequeng distributions(e.g. (Zipf, 1949)). Zipf’s Law stateghatthe
frequeny of aword f(w) is proportionalto theinverseof its rank}, wheretherankis simply the
positionin which theword occursin aninversefrequeng orderedist:

(48) f(w) o< 4

Figurel shavs atypical word frequeng distribution, plottedon alog-log scale for the 37 million
wordsof the 1995AssociatedPressnewvswire. Note thatthelog-log plot in Figurel is almost—
but not completely— straight. At the top of the plot, the distribution startsoff almostflat; this
partof the distribution is accountedor by justthefirst ten or so highestfrequeng words. At the
bottom,we seequantizatiorat the lowestfrequencieghighlightedby thefactthatthisis alog-log
plot). Thelower portionof thecurve alsoshavsaslightbulge. Still, thiscurwveis relatively flat, and
to seethis compard~igurel with Figure2, which plotsthedistribution for Chinesecharacters for
the 10 Million charactelROCLING corpus.In this casethe curve is markedly bulged,indicating
thatmostcharacter®ccuralot (100or moretimes),andonly a smallnumberoccurinfrequently:
this is characteristiof a situationwherethe numberof basicelementss fixed, and mostof the
elementsare“saturated”.

The Zipfian characteof typical word distributionsleadsto a situationwhereone haslots of
wordsthatoccurjustafew times,or in otherwordswherethereis a Large Numberof Rare Events
For the 1995AssociatedPresscorpus,for instance fully 40% of the word typesoccurjust once,
a fairly typical proportion. (In contrastamongthe 10 Million charactelROCLING corpus,only
11% of the characters occuronce.) For a smallercorpus,suchasthe Brown corpus(1 Million
words), the amountwill be closerto 50%3 The fact that samplesof languagecontaina large
numberof rareeventshasimportantimplicationsfor the statisticaltreatmenof text. For example,

3Note thatthis mayin partbe dueto the designof the Brown corpus,which consistecf a large numberof small
selectionsfrom a variety of genres:one may thereforebe seeingthe effects of an oversamplingof wordsthat are
relatively genre-specificandthusoccurin onesample put nowhereelsein thecorpus.
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Figurel: Rank(x) plottedagainsfrequeng (y) onalog-log scalefor the 1995AssociatedPress.

Dunning(1993)arguesthatmary measuresf associationhathave beenproposedsuchasmutual
information(seeSection2.3.2)areinappropriatesincethey assume normaldistribution of words,
whichis notthecase.

Anotherimportantpropertyof word frequeng distributionsis thatthe parametershangewith
the corpussize. Clearly for increasingcorpussize N (i.e., the numberof word tokensin one's
sample)thesizeof thevocalulary (thenumberof word typeg V' (XV) increasesThis accordswith
intuition: themoretext onelooksat,the morewordsoneexpectsto see;seeFigure3, PanelA. But
asBaayen(2001)notes otherparameteralsoincreaseNith increasingsamplesize. Thusonecan
measurghe meanfrequeng of wordsas>. This, too, increasesvith samplesize;seeFigure3,
PanelB. This alsomalesmtwtlvesenseas]b continuedo increaseyou will continueto seenew
words,butthelarger N gets thefewernew wordsoneexpectsto seein thenext unseersample.So

V() grows, but notasquickly asN. Thus 5 increasesvith increasingV. Much of Baayens
discussions devotedto whathetermsthe* questfor characteristiconstants”thatis measurable
propertiesof corporathatareinvariantwith corpussize. As he discussesherehave beenvarious
proposalsf varying degreesof mathematicakophisticationput on the whole the questhasnot
beensuccessfulThe moralof this storyis thatany parametershatonecollectsfrom a corpusare
likely to be affectedby the samplesize.
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Figure 2. Rank(x) plotted againstfrequeny (y) on a log-log scaleover characters for the 10 Million
characteROCLING corpus.

2.2 Measuresof Mor phological Productivity and a CaseStudy

Oneof the mostinterestingresultsof work on corpus-basedtudiesof morphologyover the past
decadeor so hasbeenthe developmentof robust measure®f morphologicalproductvity; much
of thiswork hasbeendoneby Baayenandhis colleagues.

Various measure®f morphologicalproductvity have beenproposedin the literature. One
measuredueto Aronoff (1976),anddiscussedn (Baayen, 1989)is definedas:

49) I=1Y

whereV is the numberof distinctinstancesf a morphologicalcategory — e.g.,all wordsin an
Englishdictionary endingin the sufiix -ness— and S is the numberof potentialtypesof that
catgory. Theidea,clearly is thatif an affix, say is productve, onewill find thata lot of the
formationsthatthe affix might potentiallyform will in factbefound.

The problemof courseis to measuréd” andS. V cannotbe measuregimply by countingthe
wordsof a givenmorphologicalcatgyory foundin a dictionary: asBaayenobsenres,dictionaries
aretypically unreliableindicatorsof what wordstherearein the language particularlywhenit
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Figure 3: Vocahilary size V(N) (PanelA) and meanword frequeng % (PanelB) asa function of
samplesize N in Alice in Wonderland measuredat 20 equally spacedntenals. From (Baayen,2001),
figureandcaptionkindly provided by HaraldBaayen.

comedo productive formations:it is notworth thespaceor time to developlong lists of entriesfor
wordswherethe formationis predictableandthereforepresumablyknown to the (native) reader
anyway. Onemight of coursemeasurd/ by countingthe typesof a given category foundin a
corpus,but still oneis likely to missvalid instanceghat simply fail to occurin the corpus. |t is
evenmoreunclearhow to estimateS: the Englishsuffix -ness would seemto be ableto attach
to ary adjectve, soonemightreasonablyalculateS by first computingthe numberof adjectves
(ignoring for the sale of agumentthe fact thatthis itself is hardto estimate).But what abouta
(seeminglylessproductve) deadjectral-nounforming affix -ity. Is S to be computedunderthe
assumptiorthat -ity attachego ary adjectve? Perhapave shouldtake into accountthe factthat
-ity seemgo attachalmostexclusively to latinateadjectvesandlower our estimateof S. But then
whatabout-th, asin width, or breadtl? Thisis evidently avery unproductve affix in English,but
onwhatbasisdo we draw thatconclusion:perhapsth is legitimatelyrestrictedo the setof native
monosyllabicadjectvesthatdenotephysicalpropertiesa very smallset. In thatcasethe measure
% mightactuallybe somevhatlarge.

A measurehatturnsoutto bereasonable thatit hasawell-definedmethodof computingand
accordswith intuition aswell asmorerigorouspsychologicameasuresf productvity is thatgiven
in (50) (Baayen,1989;BaayenandLieber, 1991). Here N is the numberof tokensof a particular
constructiorfoundin aparticularcorpus:for example thenumberof tokensof all nounsendingin
-ation. Thetermn,; representshe numberof hapaxlegomenathe typesof thatconstructiornthat

23



arerepresenteth the corpusby a singletoken.

ny
(50) P = N
This measuras the sameaswhat Churchand Gale (1991) call the ‘Good-Turing’ Measureand
originatesin work of Good(1953)on populationbiology. P is actuallyan estimateof the prob-
ability thatthe next tokenthatwe seeof a particularconstructionwill be onethatwe have never
seerbefore.

Onecangetanintuitive feel for why this ratio givesa goodapproximationof this probability
by consideringthe standardorobability-textbook metaphorof an urn full of balls. Considerthe
bucketin Figure4 containinga large numberof balls,andsupposeve have sampledheseballsas
shown sothatin our samplewe have 9 greenballs, 8 red balls, 6 orangeballsandfour blue balls.
If our samplecouldbe arguedto belarge enough,jt would be reasonabléor usto supposehatif
we werethento continuedrawing balls we would find thattherewere only four colors,andthat
they would continueto befoundin theratio 9(green):8(red): 6(orange)4(blue).

Figure4: A collectionof ballswhereall ball typeshave beenseen.

Now supposethat we have a different bucket, as shavn in Figure 5, and we do the same
experiment,but this time we find thatin additionto a numbereachof green,red,orangeandblue
balls,therearecolorswhich areonly representetly two ballsin thesample andevenmorecolors
thatare only representedby oneball in the sample. In this case,againassumingour sampleis
sufficiently large, we would be muchlessconfidentthat we had seenall the colorsthat we are
goingto see. Indeed,the moresingletoncolorswe find, the morelikely we would be to assume
thatif we continueto draw balls, we will continueto find new colors. Now obviously we would
wantto scaleour estimateof theprobabilityof finding new colorsby thesizeof thesamplewe have
chosenif wefind 20 singletonsout of a sampleof 100balls,we would expecta higherprobability
of seeingnew colorsthanif we sav 20 singletonsout of a sampleof 1000balls. But this scaled
estimateclearlyinvolvestheration; /N.
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Figure5: A collectionof ballswheremary ball typeshave notbeenseen.

To completethe storywe needto make the connectiorbetweerthe probability estimaten, /N,
andthenotionof productvity of a particularmorphologicalkateyory. But thisis elementarysince
themoreproductive a catagyory is, the higherour expectatiorthatthe next instanceof thatcategory
we seewill be novel. ThusP, asdefinedabore seemso be a reasonablyintuitive measureof
morphologicaproductvity. See(Baayen,1989;Baayen,1993)for moreextensie justificationof
n1/N asonemeasuref productvity, andfor somecomparisorwith otherconcevablemeasures.

To give asensef thekindsof valuesof P thatareassociatedavith productve morphemeswe
list in (51) someexamplesof productve Dutchmorphologicaprocessefrom (Baayen,1989):

(51) Morpheme Gloss P
-ing ‘-ion, -ing’ 0.038
-heid -ity’ 0.114
nouncompounds — 0.225

Comparablevaluesfrom (Baayenand Lieber, 1991)for someEnglish morphologicalprocesses
are given belov. Simplex nounsare includedsinceit is usefulto comparethe productvity of
morphologicalprocesseasestimatedy P, with the estimatedoroductvity of whatis putatvely
aclosedclass:

(52) Morpheme P

-ness 0.0044
-ish 0.0034
-ation 0.0006
-ity 0.0007

simplex nouns 0.0001

Returningto Mandarin notethat? for thesomeavhatproductve (thoughrestrictednounplural
affix 1 -menis about0.04; for the corpusover which this valuewascomputed,N = 5948 and
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ny = 247. Similarly, P for thevery productve experientialverbalaffix & -guo is 0.20,basedna
samplewhere N = 1666 andn; = 330. (Thereadeliis invited to compareheseP valueswith the
‘P valuesfor the moreproductive nominalrootsgivenbelow in Table4.) Onecancomparethese
P valueswith that of single-charactenouns— anobviously closedandnon-productre class—
whichis effectively 0.

Lab Exercisel for this sectiondealswith measuringthe productvity of various Mandarin
affixesonthe PennChineselreebankcorpus.

2.2.1 Mandarin Root Compounds: A CaseStudy in Mor phological Productivity

(Thefollowing discussioris asummaryof the salientpointsof (SproatandShih,1996).)

Following Andersons (1992)analysisof compoundsn English,Dai (1992)arguesthatcom-
poundingin Mandarinalwaysconsistof thecompositiorof freewords,neverboundforms? Thus
while theexamplein (53) is acompoundthe examplein (54)is not:

(53) ma® ) hamigua (Hamimelon)‘cantaloupe’
(54) & xiangdang(fragrantintestine)'sausage’

This is becausen 3% i hamigua, ‘cantaloupe’,bothiz® ham ‘Hami’ and/i gua ‘melon’ are
words. But in &g xiangdang‘sausage’'s xiang ‘fragrant’ is aword, but i chang‘intestine’ is
notaword, but rathera boundroot: the normalMandarinword for ‘intestine’ is B+ changzi

The problemis thatsuchboundrootsseemto play anactive role in the morphologyof Man-
darin,occurringin alargenumberof formations.A few moreexampledollow, wherein eachcase
thefull form of theword is givenfirst with the nominalroot underlined,andthena derivedword
is illustrated:

(55) 58 mayi ‘ant’
T# gongy ‘workerant’

(56) B+ naozi‘brain’
s /kfE naoshuzhong(brainwaterswelling) ‘hydrocephaly’

(57) =& cangying ‘fly’
#iigilE dizhonghaiying ‘Mediterranearfly’

(58) g mogu ‘mushroom’
%4 gusan (mushroonmumbrella)pileus’

“NotethatDai’s notion of compoundaccordswvith what (Packard,2000)calls compoundthoughPackard follow-
ing (SproatandShih,1996),doesacknavledgetheexistenceof productive non-word-basednorphologicaformations.
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Not only do the formationsseemproductve, but they arenot constrainedo one positionor an-
other belyingary notionthatthesemight be someform of affix, sinceaffixestypically attachin a
predeterminegbosition. See(59), repeatedrom (25):

(59) myi % T T
yiwang‘queenant’ gongy ‘workerant’
f§ nao  F§kiE 3]
nacshuzhdng‘hydrocephaly’ houréo ‘hindbrain’
g Ving #E5E Hirb i iE
yingshi “fly corpse’ dizhonghaiying ‘Mediterranearfly’
B ou Hae EhE
gusan ‘pileus’ jingu ‘goldenmushroom’

This appeargo suggesthatsuchconstructionsnustbe compoundstheoreticalprejudicesaside,
whatelsecouldthey be?However, if it turnedoutthatthey werenotproductive,onemightperhaps
discountthem.Soarethey productive?

Table 3 shaws all examplesof derived compoundsnvolving the root# gu ‘mushroom’col-
lectedfrom a 40 million charactecorpus? While someforms,suchas#s xianggu ‘mushroom’
andis mogu ‘mushroom’occurvery frequently 19 (38%) of thetypesoccurjustonce.

Resultsare presentedn Table4. For eachroot we presenthe canonicalwhole word derived
from thatroot, alongwith the valuesfor:

® 7
o NV

e V: thenumberof typesin oursamplecorrespondingo Baayens (1989)notionof pragmatic
usefulness

e P,... thetokencountfor the mostfrequenttype,and
o P

The datarepresentll (relevant) examplesfound in the databasevith the exceptionof the noun
roots/ shH ‘rock’, andig nao ‘brain’, which exhibit too mary dervativesin the databasdor
hand-checkindo be practical:for theserootswe took randomsubsamplesAs the datain Table4
shaw, rootsrangingfrom 7 sH ‘rock’ to it du ‘belly’ form root compoundsvith somedegreeof
productvity.

It is worth notingthatin somecaseghevaluefor P wassignificantlydiminishedby the pres-
enceof asingletypewith extremelyhigh tokenfrequeng. Themostdramaticcases with theroot
% nao ‘brain’, wherethe P, valueof 791is associateavith theword &g diannao ‘computer’.

SProvided by United Informatics,Inc.
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224 FHit 104 st 102 #aE
23 16 e 9 EEiE
9 EHiE 8 HE 8 Xt
8 gt 7 &#tEs 6 W
5 8 4 4 G
4 effagh 4 RE 3 B
3 #Ei 3 % 3 R=iE
2 W& 2 &K 2 mEE
2 5k 2 it 2 EE
2 &HE 2 &R 2 E=iE
2 Wt 2 Z=ZRERE 1 ke
1 gLEe 1 %M 1 i
1 #i5 1 #8 1 gk
1 & 1 & 1 =3
1 &E# 1 ERE 1 @4
1 &3 1 =&t 1 43
1 w&iE 1 #i# 1 g

Table3: Distribution for the Mandarinnominalroot gu ‘mushroom’collectedfrom a 40 million character
corpus.

In otherwords, 73% of the tokensderivedfrom f§ nao ‘brain’ canbe attributedto this onetype.
Oneis almostjustified in removing &R diannao ‘computer’ from our data,both becauset is a
statisticaloutlier, andbecausét clearly doesnot belongto the ‘brain’ classon semantiogrounds.
Werewe to dothis, theP valuefor f§ nao ‘brain’ wouldincreasedramaticallyto 0.12.In general,
for thoserootswhereP,,,, represents large percentagef NV, the productvity is almostcertainly
beingunderestimatetly the P valueswe have presented.

So at leastsomeroots seemto be fairly productve, somavherebetweenthe productvity of
a very productie inflectional affix suchasthe experientialaffix 3@ -gud andthe lessproductve
nominal plural affix #§ -men This suggestghat root compoundingis in principle productve,
contraryto Dai’s (1992)claim.

The only caveatin comparingthe numbersn thesedatawith productvity measuresor other
datais thatit is difficult to make comparison®etweerdatasetsf differentsizes(Baayen2001).

2.3 Measuresof Association

An importantareaof researchn statisticalnaturallanguageprocessingover the pastdecadehas
beenmeasuresf associatiorbetweenwordsandotherlinguistic units. And animportantappli-
cationof suchmeasurefhiasbeencomputationalexicography andin particularthe questionof
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Root WholeWord | Meaning n | N V | Phas | P

A shi A EE shitou ‘rock’ 75 | 583 | 147 | 57 0.129
& he &F hézi ‘box’ 82 | 1205| 167 | 257 | 0.068
% yi 15 4% mayl ‘ant’ 21 | 322 |35 | 173 | 0.065
. wa i qingwa | ‘frog’ 22 | 407 |49 | 199 | 0.054
& gu £ wugu ‘turtle’ 21 | 414 |46 | 137 | 0.051
g jiao | &F jiaozi ‘dumpling’ | 8 167 |19 | 66 0.048
i ying | & cangying | ‘fly’ 14 | 325 |35 | 142 | 0.043
# mian | #ft mianhua | ‘cotton’ 52 | 1283| 138| 147 | 0.041
% gu s mogu ‘mushroom’| 19 | 598 |49 | 224 | 0.032
& mi | A% mitou | ‘wood’ 265| 8904 | 617 | 701 | 0.030
fi§ nao | f§¥ naozi ‘brain’ 34 | 107775 | 791 | 0.032
B¢ tud ExEE lUOtud ‘camel’ 6 210 |16 | 104 | 0.029
f5 chang | BB ¥ changzi | ‘intestine’ 62 | 2268|148 | 373 | 0.027
4 feng | &g mifeng | ‘bee’ 23 | 858 | 63 | 104 | 0.027
it du it duzi ‘belly’ 36 | 1434|183 | 734 | 0.025

Table4: Productvity measure®f someMandarinnominalroots, measuredver a 40 million character
corpus.

what“collocations”aresufficiently interestingo merit possibleinclusionin alexicon,whetherfor
humanconsumptioror for otherNLP applications.Early work suchas(ChurchandGale,1991)
wasadwertisedasbeing,in effect, alexicographers helper asemiautomatitechniqueor deciding
which collocationsof Englishwordsmight be of interestto alexicographer

In the Chinesecontext, measuresf associationareusefulnotonly for discoveringphrasakol-
locations,but alsofor helpingto decideon whatgroupsof charactersnight be consideredvords.
Indeed,oneof theearliestapplicationsof suchcollocationalmethodgo Chinese(SproatandShi-
h, 1990), was a direct applicationof Churchand Gale's work to the problemof automatically
detectingtwo-charactewords.

In this sectionwe discussvariousmeasure®f associationgonsideringhe meritsandlimita-
tions of each. Most of theseassociatiormeasuresre designedor determiningthe association
betweertwo terms.However, atthe endof this sectionwe will discusssomemethodshatenable
oneto detectmulti-termcollocations.

In the ensuingdiscussionye will restrictoursehesto examplesfrom English: computingthe
variousmeasuresf associatiorfor Chinesewill be partof thelaboratoryexercisefor this section.

The presentatiomf associatioomeasurepresentedhereis basedn the presentationn (Man-
ning and Schitze, 1999); usefuldiscussiorof relevantissuescanalsobe foundin (Weebey Vos,
andBaayen2000).
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AP92 AP93 AP94
/ p / p / p
the 1,659,949  0.039| 1,451,984  0.039] 1,311,237  0.039
United 30,883 0.00072 28,336 0.00076 25,456 0.00075
country 21,225 0.00050 18,304 0.00050 15,919 0.00047
night 12,422 0.00029 10,328 0.00028 10,566 0.00031
dog 1,048 2.44e-05 1,045 2.80e-05 992 2.91e-05

Table5: Maximum likelihoodestimategor five commonwordsfrom threeyearsof the AssociatedPress
(1992-1994) N is 43,012,59637,386,960and34,041,151respectiely, for thesethreeyears.

2.3.1 Probability Estimates

Measure®f associatiorbetweertermsinvariably dependuponestimate®f the probability of the
individual terms,aswell asthe probability of thetermscooccuringin somecontext. Probabilities
areestimatedrom corpora,andthe simplestestimateof p(t), the probability of atermt is is the
maximumlikelihood estimatef (¢) /N, where f(¢) is the frequeng of ¢ in the corpus,and N is
the corpussize. This estimateis pretty goodfor frequentwords. For exampleif you look at the
probabilityestimategor a setof frequentwordsin threeconsecutie yearsof the AssociatedPress
newswire,we find thatthe probability estimatesrepretty similar. SeeTable5.

(Clearly in suchestimatesone wishesto avoid names,and otherwordsthat arelikely to be
topicalto a particularcorpus. If onelooked at the AssociatePressnewvswire from 1989through
2001, onewould find that Bushwasvery frequentfrom 1989 until 1993, at which point Clinton
would becomevery frequent,until 2001,whenBushwould becomerequentagain.)

The problemwith the maximum/likelihood estimateis that it becomesvery bad for small
counts: the true probability of a word that occursoncein a corpusis almostcertainly not well
estimatedy 1/N. Evenworseareeventsthatnever occurin the corpus:the maximumlik elihood
estimatewould give the probability of theseeventsas0, whereaghe probabilityis likely notto be
0.

A hugeamountof researcthasgoneinto variouswaysof providing betterestimategor low
probability events,andthesetypically involve variouswaysof smoothinghe probability distribu-
tioninitially estimatedy themaximumlik elihoodestimate ManningandSchitze(1999)describe
a numberof thesein Chapter6 of their book. One of the bestthey describeis the Good-Turing
estimatoywhichwe have alreadyseenn theguiseof ameasuref productvity. For anobsenation
(i.e., eitheratokenor anngram)with frequeng r, we provide areestimate-* definedasfollows:

E(nr—f—l)
E(n,)

whereFE(n,), is theexpectechumberof tokenswith frequeng r. Theexpectedprobabilitymassof
theunseentems(itemswherer = 0) is givenasE(n,)/N; thisis justthemeasuref productvity

60) ™ =(r+1)
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thatwe saw earlier

Thereareacoupleof waysof usingGood-Turing. Oneis to actuallyestimateF (n, ;) usinga
smoothingunction. Anotherandmoredirectway s to usetheactualobsenationsof n, for E(n,.).
For low-frequeng words,thisestimatewill bereasonablyccuratethenumberof wordsseensay
twice in ary corpuswill belargeson, will beareasonablestimateof the true expectationof n.,.
For low frequeng wordswe canthusre-estimateheir frequeng as:

61) r* = (r + 1)t
n?‘

For frequencie®therthanzerothis will resultin areestimatiordownwards.The probabilitieswill

thenbe reestimatedis%, with the probabilitymass?: reseredfor unseeritems.

For high frequeng items estimatingE (n,) asjust n, is typically bad, sincethe numberof
eventswith agivenfrequeng is small— often1 — for high frequeng events.However, for high
frequeny words the maximumlik elihood estimateis a reasonablestimateof their probability
anyway, so a reestimationis not really needed. (Note that one doesneedto make sure,under
ary reestimationthatthe resultingprobabilitiesall addup to 1: this cangenerallybe handledby
renormalizingdividing eachprobability by the sumof the unrenormalizegbrobabilities.)

2.3.2 (Specific)Mutual Information

MutualInformationwasoriginally proposeasaninformation-theoreticneasuref channetapac-
ity (Fano,1961). It wasintroducedinto computationalinguisticsby ChurchandGale(1991),as
amethodfor finding lexicographicallyinterestingcollocations andhassincebecomearguablythe
mostpopularmeasuref associationThe basicideabehindmutualinformationis thattwo events
thatarehighly associateghouldshov a probability of occurringtogetherthatis high relative to
the probability of themoccurringtogetherby chance.Giventwo eventsz andy with associated
probabilitiesp(z) andp(y), theexpectedprobability of thetwo eventscooccurrings, givenclassi-
cal probabilitytheory simply p(z)p(y). If theactualmeasuregbrobability, denotedy(z, y) is high
comparedo p(z)p(y), thenwe would saythat the eventsare more highly associatedvith each
otherthanwould be expectedby chance The mutualinformationof z andy — I(x; y) — defined
in (62),is justthebase? log of thisratio:

(62) I(z;y) =log, %

As anexampleof the kind of word associationslerived via mutualinformation,considerTa-
ble 6, which presents sampleof adjacentwordsthat have a relatively high mutualinformation,
derived from the 1995 AssociatedPress(37 million words). Here probability is computedusing
themaximumlik elihoodestimatejn this casewe restrictoursehesto wordsthatoccurmorethana
hundredimes,sothe maximumlik elihoodestimatas prettyreasonablelt will be seenthatmary
of thesepairs(thoughsurelynot all) arereasonableollocations eitherpropernamegor partsof
propernames)r elsephrase®nemight expectto find in a dictionary
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M.I. f(1,2) f(1) f(2) pair
18.3908 101 104 106 PicketFences
18.3280 101 101 114 Highly Effective
18.2061 119 121 122 KuKlux
18.1722 124 124 127 almamater
18.1574 115 124 119 SRACECENTER
18.1480 118 127 120 JUDGELANCE
18.1275 127 131 127 PhnomPenh
18.1266 124 126 129 VelikaKladusa
18.0901 95 103 124 Ginny Terzano
18.0627 134 136 135 NotoriousB.l.G
18.0580 116 119 134 SpiritualLaws
18.0486 123 134 127 DeepakChopra
18.0271 80 105 107 Myriam Sochacki
17.9417 147 149 147 TEL AVIV
17.8421 96 117 131 RebaMcEntire
17.7610 108 152 120 Dollar Spin
17.7551 117 124 160 SALT LAKE

Table6: Sampleof highly associate@djacentvord pairsfrom the 37 million wordsof the 1995Associated
Press. Shown are, from left to right: the mutualinformation (M.l.); the frequeny of the pair f(1,2); the

frequeny of thefirst word f(1) andthe frequeng of the secondword f(2). Notethatf(1) andf(2) areboth

greaterthan100for this sample.

In contrast,Table7 shovs someexamplesof poorly associateavords,alsofrom the 1995AP.
In thesecasesthetermsseemto have little particularlyto do with eachother andonewould not
expectto find the pairsin a dictionary

Aswewill seein alatersectionmutualinformationhasbeenproposedis,amongotherthings,
amethodfor automaticallysegmentingChineseext (SproatandShih,1990).

Nonethelessjespiteits popularity mutualinformationhasa coupleof problemsasManning
and ScHhitze (Manningand Schitze, 1999) note. First of all it is unreliablefor small counts: if
two termst,; andt, cooccurwith frequeng 2, andif their respectie frequenciesarealso2, their
mutualinformationwill bequitehigh (to beexact,it will belog,(/N) — 1, assuminghe maximum
likelihoodestimatefor probability). But really the evidencethat the termsis associateds weak:
this is not a problemwith mutual information per se, but ratherwith the maximumlik elihood
estimate sincefor small counts,ary measurdhatis basedon an estimateof probabilityis likely
to besuspect.

The second,and more seriousproblemis that mutual information dependsupon estimated
probability (or frequeng) in acounterintuitveway. Supposéhattwo wordsw, andw, occureach

32



M.I. (1,2) f(1) f(2) pair
-0.000104371 2 44293 1694 But32
-0.000104371 12 44293 10164 Butpublic
-0.000108717 1 5938 6318 bigreports
-0.000122066 7 540363 486 in heroin
-0.000122066 7 486 540363 determinationn
-0.000123791 1 20716 1811 saysHall
-0.000135193 2 567 132335 Building from
-0.000135827 1 6639 5651 watergiven
-0.000135827 1 5651 6639 givenwater

1
1
2
1
1

-0.000137212 8365 4485 programsenough
-0.000137212 2275 16491 village children
-0.000144883 5283 14203 studymost
-0.000151325 14452 2596 herincludes
-0.000163745 645 58167 Delavarethis

Table7: Sampleof poorly associateddjacentvord pairsfrom the 1995AssociatedPress.

100 times, andthat they alsocooccurl00 times: thatis, one word only occurswhenthe other
occurs,andthey arethus“perfectly” associatedlIf the corpussizeis 10 million words,thenthe

mutualinformationof thetwo wordsis givenby:
100
I(wi;w2) = logy( 10%)0’000’00?00 )
10,000,000 10,000,000
or: I(ws;we) = log,(100,000) = 16.6

Now let’s supposehatw; andws, eachoccurl1,000times,andagainonly with eachother If
this occursin the samesize corpus,we would surelythink thatw; andw, areevenmore highly
associatedhanif they hadonly occurredl00times. Unfortunately the mutualinformationin this
instancewould belower, not higher whichis, asManningand Schitzenote,exactly the opposite

of whatwe would expectfrom anassociatioomeasure:
1,000

I (w13 ws) = logy(— g0 5—) = log,(10,000) = 13.3

10,000,000 10,000,000

2.3.3 Frequency-Weighted Mutual Information

Onesolutionto thecounterintuitveaspectf mutualinformationmentionediboveis to usefrequency-
weightedmutualinformation definedasfollows:
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FW.M.I. f(1,2) f(1) f(2) pair

469631 174742 708948 1435262 ofthe

341288 129132 540363 1435262 inthe

184196 16797 16816 18733 AssociatedPress
182881 17287 24135 17564 United States
181021 66059 258389 1435262 tothe

144801 31575 447529 110206 tobe

140778 51336 200524 1435262 onthe

136748 12956 24177 13364 New York
135747 19968 112171 60003 havebeen
135610 12452 17858 13778 All Rights
134177 28748 144059 294607 hesaid
133324 11684 13778 11684 RightsResered
120476 17592 95448 60003 hasbeen
118810 50201 254405 1435262 forthe
114737 17820 69930 110206 will be
109856 15576 261695 16816 TheAssociated
107843 36922 127433 1435262 atthe

97455 9561 10928 28038 White House
96982 15799 76338 110206 wouldbe

Table 8: Sampleof highly associate@djacentword pairs from the 1995 AssociatedPress. Shavn are,
from left to right: the frequeng weightedmutualinformation(F.W.M.I.); the frequeng of the pair f(1,2);
thefrequeny of thefirst word f(1) andthefrequeng of thesecondvordf(2). Again, f(1) andf(2) areboth
greaterthan100for this sample.

N P(z,y)
Thus,we simply multiply the standardnutualinformationmeasuredy the frequeng of the pair.
In this way, ary lossof mutualinformationdueto anincreasen thefrequeng of boththepairand
theunigramsjs offsetby thefactorfor the pair.

Table 8 gives examplesof collocationsfound in the 1995 AssociatedPressusing frequeng
weightedmutualinformation.

The problemwith frequeng-weightedmutualinformation,aswill bereadilyobseredin Ta-
ble 8, is thatit tendsto overreward frequeng. While someohviously frequentcollocations—
AssociatedPress United States New York, White Houseclearly make senseasthingsto list in a
lexicon— mary of the collocationsfound by the methodaremerelycommonsyntacticcombina-
tions. No onewould presumablyconsiderof the, in the, to the, onthe, havebeenor hesaidto be
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w; = NEW wi # New

w; = companieg 8 4,667
(new companiey | (e.g.old companies
wy # companies 15,820 14,287,181

(new madineg | (e.g.old madineg

Table9: A 2 x 2 tableshaving thedistribution of bigramsin a corpus(from (ManningandSchitze,1999,
Table5.8, pagel69)). Therewere8 instancef new companies4,667instancef X companieswhere
X is differentfrom new, 15,820instancef new Y, whereY is differentfrom companiesand 14,287,181
instance®f XY, whereX andY aredifferent,respectrely, from new andcompanies

interestingunitsfrom alexicographicpoint of view.°

2.3.4 Pearson’s y-Square

Thechi-squardestis a statisticaltest,lik e thet-test,thatprovidesa confidencaneasurdor reject-
ing anassumptiorof independencbetweersomeevents.The advantageover thet-testis thatthe
chi-squardgestseemdo be morerobustthanthet-testfor distributionsthatviolate normality; see
(ManningandScHhitze,1999,pagel69).

The chi-squareestis appliedto tables;for examplethe simple2 x 2 tablein Table9, copied
from ManningandScHitzes discussior{pagel69),shaving thedistribution of bigramsnew com-
panies new Y, X companiesand X Y, whereX andY are different, respectrely, from new and
companies

Thegeneraformulafor chi-squaras givenby:

(03 — Ey)?

(64) x* =3 —%

2,7

whereO;; is theobseredvaluein tablecell :j, and E;; is the expectedvalue.

Theexpectedvalueof acell is computedundertheassumptiorf independenceasthe product
of themaiginal probabilitiesof therow andthe columncontainingthatcell. In thecaseof newv com-
panies wherethetotalnumberof bigramsis N = 8 + 4667 + 15820 + 14287181 = 14307668 we
canestimatethis by the probability of new (££2%2%) andthe probability of companieg 55250
timesthe numberof bigrams. The expressionfor a2 x 2 tableis (Manningand Schitze, 1999,
(5.7),pagel70):

N(011095 — 01504;)?
(O11 + O12)(0O11 + O91) (012 4 O92) (091 + Og)

8Still it hasto be notedthatin mary languagesuchconstructionglo indeedform singlewords. Sofor examplein
Irish in thewhich onewould expectto bei an (in the)is actuallyexpressedy a singlesuppletve form sa Thesame
is truein Germanconstructionsuchaszum‘to the’.

(65) x* =
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Someexamplesof associationeomputedoy chi squarefrom the 1995AssociatedPressaregive
in Table10.

Thereare variousproblemswith chi-squar€. Apart from assumption®f normality of the
distributions,which areviolatedwith smallcounts® thereis the problemis thatsincechi square
is a symmetricmeasurejt doesnot distinguishbetweeneventsthat are much morelikely than
chancefrom eventsthatare muchlesslikely thanchance.For example,if you look at the 1995
AssociatePressat the phrasetape-ecodedcorversations— a plausiblecollocation— you find
thattape-recodedoccurs100times,cornversations639times,andthe collocation7 times,with a
reasonabhhigh chi squarevalueof 28,752.8.Similarly for sickeningreminderthe breakdaevn is,
17 for sickening 307 for reminderand?2 for the pair, with achi squarevalueof 28,747.7 However
avery similar chi squarevalueis obtainedfor theof, wheretheoccursl,435,262imes,of 708,948
times,thepairexactly once(dueto atypoin thedata),yieldinga chi squarevalueof 28,744.5.This
is nota problemfor genuinelynon-occuringpigrams sinceonecansimply not countthese put for
bigramsthatoccurinfrequently chi squaredoesnotdistinguishbetweerthosethataremorelik ely
thanthey shouldbe from thosethatarelesslikely thanthey shouldbe. Mutual informationdoes
not have this problem.

2.3.5 Likelihoodratios

Likelihoodratios(Dunning,1993;ManningandScHhitze,1999)computetherelative lik elihoodof
two hypothesesoncerningwo eventse; andes,:

e Hypothesisl: p(es|e1) = p = p(ea|—er)

e Hypothesi: p(ez|e1) = p1 # p2 = p(ez|—eq)

Hypothesisl simply saysthatthe probabilityof e, occurringgivene; is indistinguishabldérom the
probability of e, occurringgivensomethingotherthanes: i.e., thee, is not particularlyexpected
(or unexpected)givene;. Hypothesis2 says,in contrastthatthereis a differencein expectation,
andthate, is dependenbne; .

We canestimatethe probabilitiesp, p; andp, by the maximumlik elihoodestimateasfollows,
wherecy, ¢, andcy, are,respectrely thefrequeng of e, of e,, andof e; ande, cooccurring;and
N isthesizeof thecorpus:

— C2 — C12
P=7NP1="7""
— C2—C12
b2 = N—c1

If we assume binomialdistribution

b(k;n,z) = ( Z ) 2 (1 — 2)nh)

"We thankMartin Janschéor usefuldiscussioron this point.
8Seehttp://citeseer.nj.nec.com/dunning93 accur ate.h tml .
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x? f(1,2) (1) f(2) pair
999319 600 6262 2156 attorneg general
996401 47 280 297 ConnieMack
993054 192 552 2522 20thcentury
991404 36 299 164 ORMUSIC
991243 306 818 4330 atomicbomb
990132 145 1709 466 loanguarantees
986765 18 113 109 Geographi&Explorer
985647 375 2599 2058 CatholicChurch
985038 67 1540 111 racialslur
984217 84 1379 195 highly publicized
983361 147 284 2902 pleadguilty
982709 23 159 127 JusticesAntonin
975478 289 7415 433 SenArlen
972147 22 116 161 CelticJourng
970830 322 2808 1426 illegalimmigrants
968693 126 2984 206 flight attendant
968378 261 1571 1679 pleadednnocent
968056 20 124 125 Joey Buttafuoco
967695 37 147 361 siliconeimplants
967506 145 217 3756 three-judgepanel
964801 36 228 221 SeniorCitizens
961235 60 439 320 Down syndrome
960219 22 163 116 GlobalCeltic
960197 60 117 1202 surface-to-aimissile
959493 690 2832 6565 stockmarket
958923 177 1326 924 Steve Forbes
957999 723 1484 13778 HumanRights
957512 42 255 271 Silver Spring
955996 42 635 109 Ninefinalists
955707 30 157 225 Windgusts
953203 29 197 168 seldomvotes
952778 289 2368 1388 Checherfighters

Table 10: Sampleof highly associateddjacentword pairs from the 1995 AssociatedPress,using chi-
square Showvn are,from left to right: thechi squarevalue;thefrequeny of the pairf(1,2); thefrequeng of
thefirst word f(1) andthefrequeng of the secondvord f(2). Again, f(1) andf(2) arebothgreaterthan100
for thissample.
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thenthelik elihoodsof thetwo hypothesesgiventhe obseredcountse;, e; ande;,, canbe com-
putedas:

L(Hl) = 5(012; Clvp)b(CQ —cig; N — Clap)
L(HQ) = 5(012; Clapl)b(c2 —cig; N — 01,102)
Thelog likelihoodratio thenreducesasfollows:
(Hy)
(H>
= log L(ci2,¢1,p) +logL(ca — c12, N — c1,p)
—log L(C12, Clapl) - IOgL(C2 —ci2, N — 01,p2)

h

logA = log

h

where:
L(k,n,z) = zF(1 — z)~*

Someexamplesof associationsomputedoy —2log) (which is asymptoticallyy? distributed,
(ManningandScHitze,1999,pagel74))from the 1995AssociatedPressaregivein Tablel1l.

Thelik elihoodratio seemgo provide goodevidencefor collocationalstatusbut it shareswith
chi squarethe problemthat, sinceit teststhe hypothesisof whethertwo eventsare distinct, in
principleit doesnotcarewhetheroneeventis muchmorelik ely thanthe other or muchlesslik ely.

Now Manningand Schitze note (footnote6, pagel72)thatthe casewherep;, is significantly
lessthanp, — i.e., wherethe probability of w, givenw; is muchlessthanthe probability of ws
underotherconditions— is rare. But notethatall thatis neededor this to occuris thatw; and
wy arevery frequentwhereasw;w, is very infrequent.In thatcasep(w,|w,) would below since
the probability of seeingw, afterw; would below, whereas(w,|—w;) would bevery high (since
p(ws) is by assumptiorhigh). Sothenp; = p(ws|w;) would be muchlessthanp(w,|—-w,), and
Hypothesis2 would be much more likely, resultingin a high likelihoodratio. To seesuchan
instance considerthe collocationsof powerfulin Table 12, andconsiderthe underlinedexample
powerfulthe To be fair, this is just one instanceout of a collection of otherwisereasonable
candidatesbut it doessuggesthatonestill needso be carefulin trustingthe resultsof eventhe
bestmeasuresf assocation.

2.3.6 Extracting Non-Binary Collocations

The associatiormethodsdiscussedbove aredesignedor computingassociationdetweenpairs
of terms. It is worth noting thatmethodshave beendevelopedfor finding interestingcollocations
involving morethantwo words.

Therehave beenextensionsof measuresuchasmutualinformationto morethantwo terms.
For example(ChangandSu, 1997)definemutualinformationfor threetermsas:
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—2logXA  f(1,2) f(1) f(2) pair
587215.02 174742 708948 1435262 ofthe
417624.29 129132 540363 1435262 inthe
403795.56 16797 16816 18733 AssociatedPress
387423.99 17287 24135 17564 United States
281913.17 12956 24177 13364 New York
279548.21 12452 17858 13778 All Rights
230483.10 19968 112171 60003 havebeen
223206.08 66059 258389 1435262 tothe
218798.60 31575 447529 110206 tobe
211761.70 15576 261695 16816 TheAssociated
203728.79 17592 95448 60003 hasbeen
200819.84 28748 144059 294607 hesaid
192063.84 9561 10928 28038 White House
190007.67 17820 69930 110206 will be
173072.45 51336 200524 1435262 onthe
161027.74 194 1435262 1435262 thethe
157326.20 15799 76338 110206 wouldbe
143998.60 9530 24496 40710 morethan
143592.45 10387 19586 89982 did not
142904.19 18933 1435262 24135 theUnited
137611.41 36922 127433 1435262 atthe
135602.11 8555 21820 32378 PresidentClinton
132831.84 50201 254405 1435262 forthe
129884.63 4728 5251 4822 LosAngeles
129815.08 11823 73696 60003 hadbeen
127432.36 8749 127433 11201 atleast
124717.59 8950 34048 38146 lastyear
123596.57 4561 5623 4579 NEW YORK
107720.03 8949 9606 447529 tryingto
104395.46 10304 15268 447529 goingto
103724.18 4902 24135 5034 UnitedNations
103113.05 7632 94075 14869 | think
101665.53 31919 132335 143522 fromthe
101363.56 6307 40505 12238 yearsago

Table 11: Sampleof highly associatedadjacentword pairs from the 1995 AssociatedPress,using log
likelihoodratios. Shown are,from left to right: the valueof —2log \; the frequeng of the pair f(1,2); the
frequeng of the first word f(1) andthe frequeng of the secondword f(2). Again, f(1) andf(2) areboth
greaterthan100for this sample.
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—2log X f(1,2) f(1) f(2) pair

4988.08 340 14203 2247 mostpowerful
1959.01 420 607952 2247 apowerful
1336.07 131 24496 2247 morepowerful
1093.76 89 7967 2247 mostpowerful
532.11 57 14183 2247 very powerful
527.49 36 2247 1410 powerful earthquak
438.62 285 1435262 2247 thepowerful
363.11 31 2247 3345 powerful lower
309.31 22 1053 2247 politically powerful
293.39 20 2247 776 powerful storms
249.88 30 10575 2247 sopowerful
237.09 1 2247 1435262 powerful the
225.00 31 15989 2247 aspowerful

Tablel2: Possiblecollocationsof powerful alongwith theirlog likelihoodratios,from the 1995Associated
Press.

P(z,y,2)

I(z,y,z) =log Pr(e.y 2

~—

where
Pr(z,y,z) = P(z)P(y)P(z) + P(2)P(y, 2) + P(z,y)P(z)

In otherwords,themutualinformationis given,asin thebinarycaseasthelog of theprobability of
the combinedevent(seeingall threeterms),divided by the probability onewould expectunderan
assumptiorof independencdn the caseof aternaryexpressionpnecouldfind thatexpressiorby
chancen threeways: all threetermscooccurringoy chancethefirst termcooccurringoy chance
with the bigramy z; andthe bigramzy occurringby chancewith z.

However despitethe possibility of suchextensionsptherapproachebave typically beentaken
to finding multiword collocations. We briefly discussone suchapproachhere, namelythat of
Smadja(1993).

Smadjas methodstartswith a concordancef all instancesof a given word w in a corpus.
For eachw; foundin the context of w, a profile is computedof how often eachw; occursin each
positionin a window rangingfrom five to the left to five to the right of w. A typical example
shaving theoccurrencesf forecastin awindow aroundweather takenfrom the 1995Associated
Presscorpusareshown in Figure6. Variousconditionsarethenappliedto remove uninteresting
words, basedon the propertiesof the profile. For example,it is requiredthatthe profile showv at
leastonepeak:generally aninterestingcollocateof two termswill shov somestrongpreferences
for the relative placementof two terms; a flat distribution suggestsa pair of wordsthatis only
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Figure6: Occurrencesf forecastin awindow aroundweather computecbnthethe 1995AssociatedPress
corpus.

semanticallyassociatedsuchasdoctor andnurse Oncethe interestingtwo-word collocatesare
found, further concordancesre computedfor eachpair of words found in the first phase,for

eachrelative position: for example concordancesvould be computedfor weatherand forecast
whereforecastis two wordsto theright of weather Onceagain,wordsthatoccurin awindow of

the two wordsarecollected,andthoseoccuringwith probability greaterthansomethresholdare
kept. Recurringsequencesf wordsare kept aspotentialcollocates.For example,a collocation
blue... stoksdiscoveredduringthefirst phasewvould bereplacedn thesecondohaseby bluechip

stoks sincechip would occurfrequentlyin this context.

FungandWu (1994)have appliedSmadjas Xtract systemto Chinese.

2.4 Appendix: An Very Brief Note on ChineseCoding Schemes

Apartfrom UNICODE, therearetwo codingschemes commonusefor Chinese Oneis GB (for
B gubbiao) usedin the Mainlandand Singaporeandthe otheris Big5 (k% # dawinmg) used
in TaiwanandHongKong. (Thereareactuallysomeslight differencesetweenraiwanandHong
KongBig5.) Wewill beusingtexts codedin boththeseschemes.
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The differencesbetweenthe schemesre at threelevels. First of all, Big5 is designedfor
traditional charactersvhereasGB is designedfor the Mainland “simplified” characters.While
it would be possibleto have, saya GB-codedsetof traditionalcharactergandindeedsuchsets
aresometimedound), mostGB-codedcharactersetshave simplified glyphs,andall Big5-coded
charactesetshave traditionalglyphs.

Secondlythe orderingof the glyphsis basedon differentprinciples. In Big5 the glyphsare
orderedby radicalsandstroke countmuchasin atraditional Chinesedictionary In GB they are
orderedby the alphabeticorder of their pinyin transliteration(as one often findsin dictionaries
publishedon the Mainland.)

Third Big5, atabout13,000charactersis almosttwice asbig a charactesetasGB, which has
6,700,thoughboth aretwo-byte codes. This is becausaBig5 usesmore of the real estateon the
codepage. SpecificallyBig5 is a two-byte codewherethe first byte always hasthe high bit set,
andthe secondbyte maybe setor not. In otherwords,a Big5 charactemustmatchthefollowing
bit pattern wherel meanghatthebit is setand? meanghatit maybe eithersetor unset:

[AT2[2 2 2 [2[ 2 2] 22 2 2] 2] 2] 7]

In contrastGB requiresthe high bit to be setin bothbytes:

(L[2][?]?[?][?]?[?]1][?][?[?[?[?]?]?]
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3 Applications

In this sectionwe cover someapplicationsof statisticalmethods,both “practical” applications
aswell asmore purely linguistic applications.We startwith a practicalapplication,namelythe
problemof word segmentatiorfrom Chinesédext. In Section3.2 we considera coupleof areasn
thedescriptve morphologyof Chinesewvherecorpus-basetechniquediave beenapplied.(Recall
thatwe alreadydiscusse@dnesuchcasen Section2.2.1.)

3.1 SegmentationMethods

Chineseword segmentatiorhasattracteda lot of attention.Indeed.,it is probablythe singlemost

widely addressegroblemin the literatureon Chinesenaturallanguageprocessing.For all that,

though,therearestill anumberof unsohedproblems.A coupleof decentthoughnow somevhat

datedliteraturereviews canbefoundin (Wang,Su,andMo, 1990;Wu andTseng,1993).
Approachego Chinesenvord segmentatiorfall into threecateyories:

e Non-stochastitexicon-basednethods.

e Purelystatisticalmethods.

e Methodsthatcombinestatisticalcorpus-basethethodswith informationdervedfrom lexi-
ca.

The secondcateyory, purely statisticalmethodshave beenfairly limited andarediscussedn
Section3.1.1.

Outsideof this introductionwe will have relatively little to sayaboutthe first cateyory, non-
stochastidexicon-basednethods althoughtherehave beena fairly large numberof these. Two
issueddistinguishthe variousproposals.Thefirst concernshow to dealwith ambiguitiesin sey-
mentation.The secondconcernghe methodsused(if arny) to extendthe lexicon beyondthe static
list of entriesprovidedby the machine-readabléictionaryuponwhichit is based.

Themostpopularapproacho dealingwith segmentatiorambiguitiess themaximunmmatding
method possiblyaugmentedvith furtherheuristics.Thismethodinvolvesstartingatthebeginning
(or end)of thesentencefinding thelongestword starting(ending)atthatpoint, andthenrepeating
theprocesstartingatthenext (previous)characteuntil theend(beginning)of thesentencePapers
thatusethis methodor minor variantsthereofinclude(Liang, 1986;Li etal., 1991;Gu andMao,
1994; Nie, Jin, and Hannan,1994). The simplestversionof the maximummatchingalgorithm
effectively dealswith ambiguity by ignoring it, sincethe methodis guaranteedo produceonly
onesgymentation.

Methodswhich allow multiple segmentationsnustprovide criteriafor choosingthe bestseg-
mentation.Someapproachedependediponsomeform of constrainsatisficatiorbasedn syntac-
tic or semantideatureqe.g.(YehandLee,1991),which useda unification-basedpproach)Gan
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(1995)usedhigherlevel semanti@andpragmatianformationto disambiguatsuchcasesassis +
#5717 (ma-lu-shang sheng-bng le ‘(He) got sick ontheroad’ or ma lu-skang sheng-bing le ‘The
horsegot sick on theroad’) Still, othersdependediponvariouslexical heuristics:for example
ChenandLiu (1992)attemptedo balancethe lengthof wordsin athree-word window, favoring
sgymentationavhich give approximatelyequallengthfor eachword. Methodsfor expandingthe
dictionaryinclude,of coursemorphologicatules,rulesfor sggmentingpersonahamesaswell as
numeralsequencegxpressiongor datesandsoforth (ChenandLiu, 1992;Wang,Li, andChang,
1992;ChangandChen,1993;Nie, Jin,andHannan,1994).

Lexical-knovledge-basedpproacheshat include statisticalinformation generally presume
that one startswith all possibleseggmentationsof a sentenceand picks the bestsegmentation
from the set of possiblesggmentationsusing a probabilisticor cost-basedcoringmechanism.
Approachediffer in the algorithmsusedfor scoringandselectingthe bestpath,aswell asin the
amountof contetual information usedin the scoringprocess. The simplestapproachinvolves
scoringthe variousanalysedy costsbasedon word frequeng, andpicking the lowestcostpath;
variantsof this approacthave beendescribedn (Chang,Chen,andChen,1991;ChangandChen,
1993).More complex approachesuchastherelaxationtechniquehave beenappliedto this prob-
lem (Fan and Tsai, 1988),and more recentlyadaptve languagemodelsof the type usedin text
compressiomave beenproposedTeaharetal.,2000).NotethatChang,ChenandChen(1991),in
additionto word-frequeng information,includea constraint-satisficatiomodel,so their method
is really a hybrid approach.Several papersreportthe useof part-of-speechinformationto rank
sgmentationgLin, Chiang,andSu, 1993;PengandChang,1993; ChangandChen,1993);typ-
ically, the probability of a segmentationis multiplied by the probability of the tagging(s)for that
segmentatiorto yield anestimateof thetotal probabilityfor the analysis.

Statisticaimethodsseenparticularlyapplicableo theproblemof unknovn wordidentification,
especiallyfor constructiondike nameswherethe linguistic constraintsare minimal, andwhere
onethereforewantsto know notonly thata particularsequencef charactersnightbeaname but
thatit is likely to be a namewith someprobability Several systemsproposestatisticalmethods
for handlingunknonvn words (Changet al., 1992; Lin, Chiang,and Su, 1993; Pengand Chang,
1993). Someof theseapproacheg¢e.g. (Lin, Chiang,andSu, 1993))attemptto identify unknavn
words,but do notactuallytagthewordsasbelongingto oneor anotherclassof expressionln other
words,onewouldidentify astringasa unit, but notidentify thekind of unitit is. Thisis notalways
enough.For exampleif oneidentifiesa hypotheticaunit B asaword,but failsto identify it as
a personahamethenoneis missingcritical informationthatwould help onepronouncehe final
characte# correctly: giventhatthisis aname,oneis muchmorelikely to pronouncehis asgian
‘universe’thanasgan ‘dry’, andthusguesghe pronunciationma kuigian. In contrastjf you find
the (presumablyhoncecompoundgp# you would probablywantto interpretit as‘horsemeat
jerky’ andpronouncet asmarou gan.

Following (Sproatand Shih,1990), performancdor Chinesesegmentationsystemss usually
reportedn termsof the dualmeasuresf precisionandrecall. (Precisionis the numberof correct
hits divided by the total numberof items selected. Recallis numberof correcthits divided by
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the numberof itemsthat shouldhavebeenselected.) It is fairly standardo reportprecisionand
recall scoresin the mid to high 90% range. Even with the developmentof varioussegmentation
standardsasdiscussedn Sectionl.3, mostwork reportsresultson non-standardorpora,though
oneis startingto seepapersthat reportresultson standardizeadorpora;e.g. (Hockenmaierand
Brew, 1998).

As we notedin (Sproatet al., 1996),the major problemfor all segmentatiorsystemsemains
the coverageafforded by the dictionary andthe methodsfor dealingwith unknovn words. The
dictionarysizesreportedin the literaturerangefrom 17,000to 125,000entries,andit seemgea-
sonableto assumehatthe coverageof the basedictionary constitutesa major factorin the per
formanceof the variousapproachespossiblymoreimportantthanthe particularsetof methods
usedin thesggmentation Furthermoreeventhesizeof thedictionaryperseis lessimportantthan
theappropriatenessf thelexiconto a particulartestcorpus:asFungandWu (1994)shaved,one
canobtainsubstantiallybettersegmentatiorby tailoring thelexiconto the corpusto be segmented.
More recently a very promisingiteratve methodfor building up a lexicon hasbeenproposedn
(ChangandSu, 1997); we will discusshis work in Section3.1.2.3,alongwith someotherwork
on unknovn words.

3.1.1 Purely Statistical Approaches

So far aswe know, the first purely statisticalapproachto segmentation— i.e., one that makes
useof absolutelyno dictionaryandthatbasessall of its segmentatiordecisionson corpus-dexed
statistics— is (SproatandShih,1990).

The algorithm in that paperwas basedon the mutual information betweencharactersand
workedasfollows:

1. Forastringof characters; . . . ¢,, find the pair of adjacentharactersvith thelargestmutual
informationgreaterthansomethreshold(optimally 2.5),andgroupthese.

2. Iteratel until thereareno morecharacterso group.

(The optimal value of 2.5 wasthe valuethat approximatelymaximizedprecisionandrecall.) As
anexample,considerTable13, which shavs the derivation of the segmentatiorof £:55 561 fE = 4
KEEZF WO didi Xianzai yao zuw hudche huijia‘My brotherwantsto ride thetrain homenow’.

Therewas(asis usual)atradeof betweemnprecisionandrecall. At the optimaltuningof these,
the systemwasableto get90%recalland94% precision.However therearetwo thingsto bearin
mind aboutthis result. First of all, the resultswerejudgedby hand(which canbiasjudgments),
andwe wereonly consideringhe correctnessf two-charactewords. Secondthetestcorpuswas
derivedfrom the training corpus;this is not asmuchof a cheatasit seemssincerecall thatthere
werenoword boundariesn thetraining,andall thatwastrainedwasmutualinformationstatistics.
Still it doesatleastmeanthatthe statisticsarethe bestonecould hopefor andthatonecouldonly
doworseon anothercorpus.
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%% % W % 0 B % Xk #® H %
MI| O 104 0 42 28 0 0 73 21 47

1 |® A = o4 kX ¥ H X
2 | & [® ¥l B % B H %
3 /% [ = ®W & E & [k H
4 |® [®  # = o4 [k ®m [@ %
5 & [ # B # =T % [k = [@ %

Table 13: Stagesn the derivation of wo didi xianzi yao zuw hudche hiijia. The secondine shavs the
mutualinformationbetweeradjacentharacters.

(Sun, Shen,and Tsou, 1998) have proposedan enhancemendf the Sproatand Shih method
thatmakesusenot only of mutualinformation,but alsoothermeasuresf associationin addition
they useat scorefor determiningjn a charactesequenceyzwhetherto groupxy z or X yz

p(zly) — p(y|z)
\/var(p(z\y)) —var(p(y|z))

(We assumefollowing (ManningandSchitze,1999,pagel65), thatthe varianceof a probability
is p(1 — p), or effectively just p for small probability. This pointis not clarifiedin (Sun, Shen,
andTsou,1998).) Furthermeasuresire proposedor decidinghow to split in longersequences.
They thenpresentan algorithmthat combinesthesevariousscores.The recall (which they term
“accurag”) onatestsetis reportedas91.75%.

More recently(Ge, Pratt,and Smyth,1999)discussa methodbasedon the ExpectationMaxi-
mizationalgorithm(EM). They assumehatwordsareof lengthbetweenl andk charactersong,
for somereasonablé;, suchas4. Probabilitiesareassignedandomlyinitially, andthe texts are
segmentedusingtheseprobabilities. The word probabilitiesare thenreestimatedasedon these
seggmentationsandthe text resgmented.The algorithmis iterateduntil it corverges. Oneinter-
estingaspecbf theirresultsis thatinitially it would seemthattheir performances very poor: they
reportonly 66% recall and 72% precision. However, they notethat a large percentagef these
errorscomefrom commonsingle-charactewords— presumablythingslike #g de (relative mark-
er), 2 sh ‘be’, and{@ — ge (classifier)that are glommedtogetherwith wordswith which they
frequentlycooccurithe SproatandShihalgorithmalsohadthis problem.A simplepostprocessing
phaseo separatéhesewordsincreasesherecallto 98%andthe precisionto 91%.

3.1.2 Statistically-Aided Approaches

The majority of work on Chinesesegmentationover the pastfew yearshasbeencorpus-based,
but not purely statisticalin the sensethat eithera basedictionary or elsea sggmentedcorpusis
assumedaspartof thetrainingprocedureWe describeafew suchmethodsn this section starting
with our earlierwork (Sproatet al., 1996) which is basedon weightedfinite-statetransducers.
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Sinceweightedfinite-statetransducersaswe shall see,offer a uniform way to representarious
kinds of lexical information, this methodsuggests unified way to think aboutthe problem of
Chineseword sggmentation.

3.1.2.1 An ApproachUsing Weighted Finite-State Transducers The statisticalmethoddis-
cussedn (Sproatet al., 1996) usesweightedfinite statetransduces (seeSection3.4) to handle
Chineseword segmentation.The basicmodelworksasfollows:

e Representictionary D asWeightedFinite StateTransducemappingfrom ChinChar U €
to PinyinSyllable U POS. (Note that sincethe primary applicationof the Sproatet al
systemwasto text-to-speechthe systemwasnot merelya segmentey but alsoa transducer
mappingfrom text into phonemidranscription.)

e Weights on word-stringsare derived from frequenciesof the stringsin a 20M character
corpus.

e Represeninput I asunweightedacceptonoverthesetChinChar
e Choosesggmentatioras BestPath(I o D*)

An exampleis givenin Figure 15. Herethe point is to segmenttext ABCD using a weighted
dictionary containingwords D, AB, CD, ABC, and associatedagscl, vb, nc, jj. The selected
outputgroupsAB andCD aswords,with their associatetiags.

In the applicationto Chinesetext sggmentation,we startedwith a dictionary and estimated
thefrequeng of wordsin a corpus.(Sincethe corpuswasuns@mentedthisinvolvedaniterative
trainingprocedure.)Nordsin thetransducewerethenweightedwith theirnegativelog probability
estimatesusingthe maximumlik elihoodestimate.

For morphologicallyderivedwords(i.e. thosenotin theoriginal dictionarybut morphological-
ly derivablefrom them)we estimatedhe probabilitiesasfollows. First for suchwordsthatwere
notin thedictionary but were in the corpuswe againusedthe maximumlik elihoodestimate Thus
for attesteds#:M qingwa+men (frog+PL) ‘(anthropomorphizedjrogs’, we simply countedthe
numberof occurrenceandusedthe maximumlik elihoodestimate.

For unattestedorms— e.g.g/R# nangua+men(pumpkin+PL)'(anthropomorphizedpump-
kins’— we usedtheGood-Turing estimatdo computeprobabilityof aggreyateunseemrmemberof
the class,andsimplebigrambacloff modelusedto estimateprobability/costof particularunseen
word. Thus:

(67) P(Fam) = P(unseen())P(@EM)

With a dictionarythusconstructedandweightedasa WFST segmentationproceedsasin the
toy examplein Figure7. For example, given the dictionary fragmentin Figure 8 the input in
Figure9 is analyzedoy composingt with thetransitve closureof thedictionary Thisresultsin a
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Dictionary D

D:d/0.000 eps:nc/5.000
C:c/0.000 @ D:d/0.000 eps:vb/5.000

A:a/0.000 B:b/0.000 eps:nc/4.000 @
eps:jj/6.000

C:c/0.000 eps:jj/6.000 D:d/0.000 eps:nc/5.000
@ A:2/0.000 /7 B:b/0.000 : .—/‘\— 0 6 P @
eps:nc/4.000 & C:c/0.000 D:d/0.000 .~ eps:vh/5.000

7

BestPath(I o D*)

. A:a/0.000 . B:b/0.000 @ eps:nc/4.000@ C:c/0.000 C D:d/0.000 @eps:vb/sooo

Figure7: A simpleexamplewherethe pointis to segmenttext ABCD usinga weighteddictionarycontain-
ing wordsD, AB, CD, ABC, andassociatedagscl, vb, nc, jj. The selectedoutputgroupsAB andCD as
words,with theirassociatediags.

lattice of possibleanalysestwo of the pathsof which areshown in Figure 10. The pathwith the
lowestcost(thelower path)wins.

The modeljust describeccanbe augmentedvith modelsof otherclassesf unknovn words.
For example personahameof theform Family Name+GiverNamecanbedetectedisingafinite-
statemodelthatallows ary family namefollowed by oneor two given-namecharactersseealso
(Changetal., 1992;Wang,Li, andChang,1992). Themodelusedfollowstheapproactof (Chang
etal., 1992). For instancewe estimatethe probability of a namewith a single-charactefamily
nameandtwo given-namecharacterss:

(68)

p(name| FG1Gy) = p(|fam| =1, |giv| =2) x p(Fam = F) x
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‘not able’

.

T 5
OIiaoB O\npot @

bu4

‘not’

f ‘understand’

’ € f ‘enlarge’
dad C vb :

Figure8: A fragmentof thedictionaryrepresentedsa WFST.

p(Givy = Gy) X p(Givy = Ga) X p(name)

Thatis, the probability of the characteisequenced’G1G, asa nameis the productof the prob-
abilities of having a namewith a single-charactefamily nameand a two-charactegiven name
((|fam| = 1,|giv| = 2)), timesthe probability of F' quafamily name(p(Fam = F)), timesthe
probability of G; quagivenname(p(Giv; = G)), timesthe probability of G, quagivenname
(p(Givy = G5)) timesthe probability of finding a name(p(name)). Thefinal termwasestimated
from atext corpuswhereagheformerwereestimatedrom alist of known names.The modelfor
namess representedsa weightedfinite-statetransducethatrestrictsthe namedo thefour legal
types(see(42)), with costsonthearcsfor ary particularnamesummingto an estimateof the cost
of thatname.

One parametethat was not well-estimatedn the (Sproatet al., 1996) systemwasthe term
p(name). This termactuallyturnsout to be critical sinceit is really the termthattells you how
mary personahamedo expectin agiventext. In alist of attendeesit a conferencefor example,
you expectmostof thetermsto be namessothe estimateshouldbe high. Youwould presumably
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I forget NEG-POT liberation avenue be—-at where

mls & 7|mom|x ow|E|w

é(understand)é (enlarge)

Figure9: An exampleinput sentencerepresentedsan FSA.
“I couldnt forgetwhereLiberationAvenueis.”

.

(not) (understand) (enlarge) (street)
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forget NEG-POT liberation avenue

Figurel0: A pair of possibleanalysegor thesentencén Figure9 giventhedictionaryin Figure8.

wantto tuneit down, for example,if you knew you were dealingwith recipes,wherevery few
namesareexpected sothatyouwould avoid classifying&ig ‘broth’ asaname.

In a similar fashionforeign transliteratedvordsandnamescanbe handledby observingfirst
of all thatonly a few characterg+250) areat all commonin transliterationsof foreign words;
seeTable 14, for someof the morefrequentof these.In the caseof foreign wordsthereare not
theformal restrictionsthatonefind in namestransliteratedoreignwordscanhave asfew astwo
charactersandin principle asmary asrequiredto transliteratethe name. In practicemostare
between3 and6 characterssoin the implementationve restrictedpossiblenamesto sequences
with lengthswithin thatrange.

Sinceno standardsggmentedcorpuswasavailable at the time this work wasdone,the evalu-
ationwasdoneby comparingthe outputof the systemwith six humanjudges— 3 from Taiwan
(judges“T1"-“T3") and3 from the Mainland (“M1"-“M3”) — who were asked to segmentby
handatestcorpusof 100sentenceé4,372charactersotal). The humansegmentationsverecom-
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0.0383
0.0365
0.0334
0.0267
0.0218
0.0205
0.0187
0.0178
0.0169
0.0151
0.0151
0.0138
0.0134
0.0134
0.0129
0.0125
0.0125
0.0111
0.0102
0.0102
0.0089
0.0089
0.0089
0.0076
0.0076
0.0071

A 2ol SR

B 3

0'
i

HERANYE EHETWESH

Table 14: Somecharactereommonlyusedin transliterationf foreign names andtheir probabilitiesof
occurrence.
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Judges AG GR ST |[M1 M2 M3 T1 T2 T3

AG 0.70 0.70|0.43 0.42 0.60 0.60 0.62 0.59
GR 0.99| 0.62 0.64 0.79 0.82 0.81 0.72
ST 0.64 0.67 0.80 0.84 0.82 0.74
M1 0.77 0.69 0.71 0.69 0.70
M2 0.72 0.73 0.71 0.70
M3 0.89 0.87 0.80
T1 0.88 0.82
T2 0.78

Table15: Similarity matrix for sggmentatiorjudgments

paredwith the algorithmjust sketched(judge“ST”), aswell as:

1. A greedyalgorithm(or ‘maximummatching’algorithm)(judge“GR”): proceedhroughthe
sentencetakingthelongestmatchwith a dictionaryentry at eachpoint.

2. An anti-greedy algorithm, (judge “AG”): insteadof the longestmatch, take the shortest
matchat eachpoint.

We did a pairwisecomparisorbetweeneachof the humanandautomaticjudges,computingthe
precisionandrecallin eachcase andthencomputingthe arithmeticmeanbetweerthetwo:

Precision + Recall

(69) Similarity = 5

Resultsareshovnin Table15.

Thesimilarity matrix canbebettervisualizedby computinga classicametricmultidimension-
al scaling(Torgerson,1958; Becker, Chambersand Wilks, 1988) on that distancematrix, and
plotting the first two mostsignificantdimensions.The resultof this is shovn in Figurell. The
horizontalaxisin this plot representshe mostsignificantdimension which explains62% of the
variation. In additionto the automaticmethods AG, GR andST, just discussedye alsoadded
to the plot the valuesfor the currentalgorithmusingonly dictionary entries(i.e., no productiely
derivedwordsor names).This is to allow for fair comparisorbetweenthe statisticalmethodand
GR, which s alsopurely dictionary-basedAs canbe seen,GR andthis ‘pared-davn’ statistical
methodperformquite similarly, thoughthe statisticalmethodis still slightly better

3.1.2.2 Transformation-BasedLearning Transformation-basefrror-drivenLearning(TBL),
dueto Brill (1993),hasbeenappliedto Chineseword segmentatiorby Palmer(1997)andsubse-
guentlyby HockenmaierandBrew (1998).A similar approactusingruleslearnedrom corporais
presentedn (ChenandBai, 1998).
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Dimension 1 (62%)

Figurel1l: Classicaimetric multidimensionakcalingof distancematrix, shaving the two mostsignificant
dimensionsThepercentagecoresontheaxislabelsrepresentheamountof variationin the dataexplained
by thedimensionin question.
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ThebasicideabehindTBL is simple: onestartswith areferencecorpus— in the currentcase
a corpusof sggmentedChineseandaninitial tagger Theinitial taggeris typically simple:in one
instancein Palmer's work, for example,the initial taggersimply identified every characterasa
distinctword. The systemis givenaninventoryof possibletransformationsln Palmers system
theinventorywas(page3):

e Insert — placeanew boundarybetweerntwo characters
e Delete—remove anexisting boundarybetweertwo characters

e Slide — move an existing boundaryfrom its currentlocation betweentwo charactergo a
locationl, 2, or 3 characterso theleft or right

The taskis thento iterate,at eachstagechoosinga transformatiornthat givesthe greatestocal
improvementaccordingto somedefinederror function. For example,if the currentsegmenter
gives & 2 7 i andthe referencesggmentationis f & 1z #;{ wo ai chi xigua ‘I like to
eatwatermelon’ the systemmight learnthatit shoulddeletea boundarybetweeryg andji. The
processs iteratedon the training corpusuntil thereis no furtherimprovement,the initial tagger
plusthe (ordered)setof transformationsearnedbeingthe final outputof the system.As Palmer
notesthe systemis weaklystatistical but not probabilistic,in thatit dependsiponfrequenciesn
the corpus(a transformatiorthatfixesa lot of problemswill in generabe preferredover onethat
fixesafew), but doesnotrely on probability estimates.

Palmerexperimentedvith variousinitial conditionsincludingthe ‘characterasword’ (CAW)
conditionmentionedabore,andamaximummatchingalgorithm,andcomparedheerrorreduction
affordedby the TBL technique.For example,the CAW conditionhadan initial F-measurg of
40.3, whichwasincreasedo 78.1 afterlearning5,903transformationsWith maximummatching
theinitial F' scorewas64.4, increasedo 84.9 afteracquiring2,897transformations.

Hockenmaierand Brew (1998) have extendedPalmers work, proposingsomeavhat different
transformationsandreportingslightly betterresultsin somecases.

3.1.2.3 More on Unknown Words As discussedabove, a major problemin Chineseis the
problemof unknovn words. We discussed partial solutionto this problemin Section3.1.2.1,
whichincorporatedhepreviouswork on Chinesgpersonahamesof (Changetal., 1992).But this
wasonly a partialsolution,andmary classe®f unknovn wordswereleft untreatedn the (Sproat
etal., 1996)system.In this sectionwe give a brief overvien of someothertechniqueghat have
beenappliedto this problem.

Wang,Li andChang(1992)proposeda methodfor dealingwith namesbasedon recognizing
titles (in the caseof personahames)yndotherkey words(in the caseof, e.g.,streethames).Soa

(1+B)PR

BP+ R
precisionmeasurePalmerusedequalweighting,or 8 = 1. With perfectprecisionandrecall (100%),F" = 100.

9F is definedin termsof precisionP andrecall R asfollows: F = , Whereg is aweightingon the
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plausiblefamily namefollowedby oneor two charactersfollowedby atitle suchasse#: xiansteng
‘Mr.” or#&+ n’ush ‘Ms.” is very likely to be a name. They alsoproposean “adaptive dynamic
word-formation”’methodwherebya namethathasbeenrecognizedisingatitle will automatically
beaddedo thelexicon sothatit canberecognizedvithoutthetitle in otherportionsof thetext.

ChenandChen(2000)proposeamethodfor identifying organizatiomameghatusesalexicon
of known organizationsalongwith Chinesetexts spideredrom the Worldwide Weh Thelexicon
is first processedo find commonsuffixesof the termsin the lexicon thatarelikely to represent
productive termsthatcanbefoundin otherorganizatiomnames.Thusfrom &4 & n'U gingnian
hui “‘Womens Youth Assocation’,andothersimilar termsone canderie the suffix € hui ‘asso-
ciation’. Next texts from the Worldwide Web in particulartopic domainsare collectedand high
frequeny key wordsareextractedfollowing (Smadja,1993)andothers.Then,thekey wordsare
checledfor sufiixesthatmatchthe organizationsuffixescollectedin the first phase.If the prefix
of thenameis notanordinaryword (Chinesecompaly namegendnotto involve ordinarywords),
andif the suffix is foundwith atleastn distinctprefixesin the corpus thenthe prefix-sufix com-
binationis assumedo be a name. The precisionof this methodwas measuredt between90%
and100%dependingiponwhethern wassetto 2 or 3, respectrely. (Therecallratecouldnotbe
readilymeasuresincethetext corpuswastoo large to know how mary distinctnameswereto be
found: onecanonly assumeherecallis low, though,sinceonly 83 correcttypeswereextracted,
outof 31,787distinctfinancialtexts.)

More recentlythe Changand Su (1997) have proposedan iteratve methodfor identifying
unknovn words. They startwith a dictionary augmentedvith all n-grams(up to a givenlength)
that occur at leastfive timesin the corpusto be segmented. Word probabilitiesare estimated
asthe n-gramprobabilitiesfrom the corpusat hand. The corpusis then segmentedusingthese
initial probabilities. Thewordsfoundin the corpusarethenfedinto a “Lik elihoodRatioRanking
Module”, which removeswordsthatarejudgedto beunlikely. Theremainingwordsarethenused
to resgmentthetext, andthe processs repeated.

The Likelihood Ratio RankingModule itself comparesan estimateof the likelihood of the
n-grambeingin theword class,versugthelik elihoodof its beingin the non-word class:

_ faw)pw)
f(W)p(W)

Here,z is afeaturevectorassociateavith a givenn-gram; f (z|W) and f (z|W) are,respectiely,
the densityfunctionsfor x beingin the word class,versusthe non-word class;and p(W) and
p(W) arethe prior probabilitiesof wordsandnon-words. Thefeatureg(r) usedby ChangandSu
arethe(n-way) mutualinformationbetweerthecharactersandtheaverageentropy.'® Thedensity
functionsarethenmodeledasa mixture of multivariateGaussiamistributions(see(ChangandSu,
1997)for details.)

Thisiteratve methodis reportedo give goodresults yieldingan80%recalland70%precision
for new two-charactemwordsin onetest(Changand Su, 1997, Figure5). Whatis particularly

YTheentropy of asetof eventsz; .. .z, is definedas: H = —X7_, p(z;) log(p(z;)).
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noteworthyis thatprecisionandrecallincreasen tandemasoneincreaseshe numberof iterations.
Thisis in contrastto mostwork on unknavn word detectionwhereonetypically finds a tradeof
betweernprecisionandrecall.

Of course,aswe pointedout at the beginning of the discussionon segmentation,|t is often
not enoughto identify an unknovn word asa word: one frequentlywantsto know whatkind of
unknovn word it is. Unadulteratedthe ChangandSumethodcannottell onethis.

3.1.3 A Very Short Note on Segmentationfor Information Retrieval

An obvious applicationfor Chineseword segmentationwould seemto be information retrieval
(IR). And indeed therehasbeenwork on Chinesesggmentationdonewith IR in mind. A review
canbefoundin (Wu andTseng,1993)andsomelaterwork in (PalmerandBurger, 1997).

The problemwith this areais that, to our knowledge,peoplehave yet to make a corvincing
casethatword sggmentatioractuallyhelpsmuch,if atall, in IR. Wu andTsengdiscussa number
of issuesjncluding lexical ambiguity— #:g nilpi canliterally mean‘cow skin’ or (asanidiom)
‘exaggeration’ But of coursethatis no differentfrom the caseof English:if youuseawebsearch
engineon bassyou will find pageghathave to do with musicandpageshathave to do with fish.
Incorrectsggmentationsvill oftennot make muchdifferencein searchesif | wantto search s
EE zhonghiwa minguwd ‘Republicof China’, it shouldnt make ary differencewhatsegmentation
assumel presumablyaminterestedn documentshatmatchthatliteral string.

A genuineproblemwould be casesvherethe stringoneis searchingor happengo bealliteral
substringof someotherword that is quite unrelatedto the term | am looking for. So &% &
putaoya ‘Portugal’ happendo containthe substring&i% putao ‘grape’. Soif oneis searching
Chinesegpagedor #i%j, oneshouldin principlegethitson &% % too. Sofar aswe know, though,
therehave beenno resultsreportedon how muchof a problemsuchmisanalysesausen typical
IR tasks,suchasweb searchesFurthermoresincemostsearchenginesallow oneto refineone’s
query(e.g.“&% AND NOT #”, andsoforth) it is not obviousthatonewould necessarilyseea
gainfrom potentiallybuggy segmentation.

3.2 Linguistic Studies
3.2.1 Propertiesof Mor phological Constructions

Huang(1999) argues,basedon studiesof the AcademiaSinicaCorpus(Chenet al., 1996), that
charactetbasedMutual Informationis a goodindicator of wordhoodin Chinese,suggestingn
particularthata minimal mutualinformationof about2, usedin (SproatandShih,1990)is agood
cutoff pointfor decidingwhethera pair of charactergonstitutesaword.
Huangalsoamguesthatthemeasuref mutualinformationcorrelatesvell with thetypeof mor-
phologicalconstructioroneis dealingwith. Seeminglymonomorphemiavords,for example have
avery high mutualinformationmeasurdgseeTable16) asdo whatHuangterms(following (Chao,
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#Wgs  jugong  ‘to bow’ 17.15
gy chbuchi ‘to hesitate’ 20.30
gk zhizhu  ‘spider’ 18.25
=T nihdbng  ‘neon’ 15.66

Table16: Monomorphemiavordsandtheir mutualinformation,after (Huang,1999).

B# magn ‘mother’ 9.78
#& jlaohu ‘toteach’ 9.63
#yk yobuyong ‘to swim' 11.77

Table17: Non-wersatilepolymorphemiavordsandtheir mutualinformation,after (Huang,1999).

1968))“non-versatile’polymorphemiavords: thatis wordsthatareformally polymorphemicput
wherethe componentmorphemesare not productve. (Table 17) In contrast,“versatile” poly-
morphemicwords (thosewith productve componentsjendto have a lower mutualinformation
(Table18). Thisresultis of courseexpected,in that high mutualinformationobtainswhenwe
have eventsthatare particularlyproneto occurwith eachother andwith nothingelse:recall Ta-
ble 1, wherewe listed a numberof disyllabic morphemeghat were written with characterghat
sharea semantiaadical. In thesepairsthe componentharacter®ccuronly, or almostonly, with
eachother andthey tendto have very high mutualinformation (Sproat,2000). In contrastclear
instance®f phrase$ave low mutualinformation; Table19. Huangextendsthe discussiorto bor-
rowed words,where,asdiscussegreviously, the charactersn questionare usedpurely for their
phoneticvalues. Among charactersisedin borroved words, therecan be both “versatile” and
“non-versatile’componentsyith the expectedeffectson mutualinformation(Table20).

3.2.2 Analysis of Suoxie

Another areawhere corpus-basednethodshave beenappliedin Chinesemorphologyis in the
analysisof suoxie(Huang,Ahrens,andChen,1994;Huang,Hong,andChen,1994;Chen,1996);
seealso Section1.2.7.1. One importantquestionto be answeredwith suoxieis how spealers
decidewhich portionto pick for agivenword: why is k5 A2 beéijing daxwé ‘Beijing University’
abbreviatedto dtx béida andnot, for instancegk jingda?

Oneclassof caseghat we will dispensewith immediatelyare the suppletve casessuchas
€ hu, for Ligshanghai ‘Shanghai’asin gg#igis hu hangtiélu ‘Shanghai-HangzhoRailway'.
Thesemustpresumablybe learned.But for the non-suppletre caseshow do spealersin general
know which portionto pick for agivenword? And how is it thatsomewordsseemnto allow either
portionto be picked: for examplegE# gaoxibng ‘Kaohsiung’shovsup as@& gaoin & gaoxian
‘KaohsiungCounty’, but asz# xibngin #m xiongztong‘KaohsiungHigh School'.
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g— dyr first’ 5.11
@i% mianzh  ‘to dismiss’ 3.29
¥ changge ‘to sing’ 8.42

Table18: Versatilepolymorphemiovordsandtheir mutualinformation,after (Huang,1999).

£ kanyld ‘look atfish’  -1.27
fTA darén  ‘to hit people’ -0.91
—g yid ‘one PREFIX' -4.40
#A  xingrén ‘-ity human’ -1.44

Table19: Phrasesindnon-words.

Onepossibletheoryis thatusesan“informativenes<riterion” in selectinghecharactein that
onepicksthe charactewith the morerestrictve meaning.Thusfor #22 zhongxté ‘high school’,
onewouldpick f zhong‘middle’ asthe mostinformative charactesinceit distinguishesi£ from
/N xiaoxLe ‘elementaryschool’ and k£ daxué ‘university’. But while this works well enough
for gr& | it fails to accountfor casedike g ‘Kaohsiung’',whereaswe have seen,in different
circumstancesnecanpick differentcharacters.

A secondpossibilityis to appeakto somekind of “morphologicalblocking criterion”. On this
story, Eift & gaoxiong zhongxwe ‘KaohsiungHigh School’ mustbe abbreviatedto #H xibng
zhong, becausg# gaoztong alreadyexistsasaword (‘high school’,itself asuoxig. Theproblem
hereis how to decidewhich word shouldpreempthe other*!

(Huang, Ahrens, and Chen, 1994; Huang, Hong, and Chen, 1994; Chen, 1996) proposea
differentmodel of suoxiebasedon mutualinformation, wherecoocurrencef two characterss
measureavithin a five-word window on theleft of the secondcharacter Theideais thenthatfor
atwo-characteword AB, to form a suoxiecompoundwith X from oneelementof AB:

1. If A andB areboth associatedvith X (e.g.,asmeasuredn a corpuswith a 5-character
window to the left of X)) thenpick A (the lefthandmember)to form AX. Asin (Huang,
1999)a pair of characterareassumedo be associated the mutualinformationexceed<2.

2. Otherwisepick thecharactethatis leastassociatedavith X'.

Notethatin computingmutualinformation,instance®f the actualsuoxieareexcluded.
Theresultsof atestof thisidearun onthe AcademiaSinica(20 million charactersjor Taiwan

countynamesareshownn in Table21. Thosecasesvherebothcharacterareassociateavith & are

givenabove the first horizontalline in thetable. As perthe prediction,all of theseselectthefirst

110f coursethisis a problemfor ary theoryof morphologicablocking.
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Non-\ersatile

e kafei  ‘coffee’ 14.86
EE kaokei ‘copy’ 12.77
Versatile

RYs fute ‘volt’ 4,99
B shesh ‘Celsius’ 9.43

Table20: Someborroved words,andtheir mutualinformation.

charactein the suoxieform. Below the seconchorizontalline arecasesvhereoneor fewer of the
charactersn the countynameareassociateavith g, andin thesecaseghe leastassociatedhar
acteris picked. Theoneoutlieris ## ‘Penghu’,wherestrictly the secondcharactes association
with g is below threshold andso shouldbe picked, but insteacthefirst characters picked.

Oneof the lab exercisesfor this sectionwill reexaminetheseresultsandseeif they hold up
underotherconditions.

Chen(1996) suggestsan algorithmfor identifying the expansionsof suoxiethat alsomakes
useof mutualinformation,thoughin a differentway from theway it wasusedin (Huang,Ahrens,
andChen,1994). Chenconsiderdisyllabic suoxiederived from a pair of disyllabic words. For
eachputative suoxieAB, theideais to find all pairsof disyllabicwordswherethe first containsA
andthe secondB. Sofor ##; bangjiao, we'd look for wordscontaining®& suchas#g) bangzhu
‘help’ or 28 heibang ‘gangster’,andfor wordscontaining# suchas#;:% ‘teach’jiaodao or
# ‘homily’ shwjiao. Chensthesisis thata suoxieshouldbeformedfrom collocationswherethe
wordsarehighly associatedThusthe hypothesiss thatthe bestchoicefor decidingwhich pair of
wordsis the basisfor the suoxieis to pick the pair with the highestmutualinformation. But there
is a problemhere:while at anintuitive level Chens approacimay make senseit isn’t clearwhat
onewould expectin practice.In particular the suoxiein questionmight well occuralmostto the
exclusionof thefull collocationfrom whichit wasderived. Oneseeghisin Englishabbreviations;
see(Sproatetal., 2001,page4d5). Soin ary corpusonemight find thatthe suoxied zhongydu
‘China Oil’ is far morecommonthanits expandedorm (@ %A # zhongguo shiyou. Indeedin the
AcademiaSinicaBalancedCorpus A occursl93times, @A # only 5times.

3.3 Other Applications
3.3.1 Inferring Word Classes

Changand Chen(1995) presenta methodfor the automaticclassificationof Chinesewordsinto
a predetermineschumberof cateyories. In effect this is an automaticpart-of-speecitlassification
systemonewherethe part-of-speechagsareinferredautomaticallyratherthanrelying on a dic-
tionary. One applicationfor this kind of techniqueis class-basedanguage modelingin speech
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Full Suoxie Ml(c,8) MI(co,52)
tkE Taoyuan Bk 4.39 3.32
EHE Yilan H% 3.11 3.86
HZE Miaoli B 4.40 5.37
&t Changhua & 4.48 2.13
£#k Yunlin E% 3.78 2.13
= # Chiayi =i 3.49 2.43
## Penghu &% 3.33 1.92
it Hualian Tt Rk 0.95 4.08
=i Kaohsiung & 1.33 3.21
F® Pingtong R 1.00 1.29
#4k Taipei kg  2.64 0.81
s Hsinchu  # & 0.67 0.66
& Taichung H#% 2.64 0.19
m# Nantou Eiid 0.58 0.29
£8 Tainan Rk 2.64 0.58
£#1 Taitong B 2.64 1.29

Table21: Analysisof suoxiefor Taiwancountynamesfollowing (Huang,Ahrens,andChen,1994;Huang,
Hong,andChen,1994). The third andfourth columnsgive, respeciiely, the mutualinformationbetween
the first characterandxian ‘county’, andthat betweenthe secondcharactemndxian. Underlinedarethe
charactershosento form suoxiewith xian, andin casesf low mutualinformation,the lower of the two
valuesin columnsthreeandfour.

recognitionwhereit hasbeenargued(e.g(Brown et al., 1992))thatletting the machineinfer the
classegatherthan relying on dictionariesor other human-dewed artifacts may resultin more
robustsystemsthereis alsothe additionalbenefitthatautomatidechniquesanbeusedin theab-
senceof alreadyexisting lexical resourcesChangandChenalsonotethe additionalcomplication
thatin Chinesepartof speechassignmentareoftenlessclearthanthey arein English,sohuman
judgmentson how to classifywordscanbe unreliablet?

In Changand Chens formulation, the problemis to find a classassignment for wordsthat
maximizesthe probability of a corpus.A bigramapproximationof this would statethat the esti-
matedprobability of thetext T of length L — p(7T") — is modeledasthe productover eachword
w; of theprobabilityof w; giventheinferredclassy(w;), alongwith the probabilityof ¢(w;) given

12Thisis asomevhatbizarreagumentthough sincewhatmakesChinesenoredifficult than,say Englishis simply
thatthereis a greatdealmorelexical ambiguity Wordsin Chinesecanfrequentlyfunctionin morethanonelexical
categyory. But in a givensentenceit is often clearhow aword is functioning(e.g. asanounor a verb). In ary case,
sinceautomaticclassificationschemesnvariably make the assumptiorthatary givenword will only belongto one
catgory, it is hardto seehow suchschemegandealwith the problemotherthanby ignoringit.
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the previous ¢ (w; 1):

(70) p(T) = 1:[1p(wi|¢(wi))p(¢(wi)|¢(wz’—1))

This is a fairly standardclass-basedhnguagemodel approachwherethe context (the previous
class(es)is usedto predictthecurrentclass,andthecurrentclassis thenusedto predictthecurrent
word. The problemis thento optimizethe classassignmenof wordssothat(7") is maximized,
which Changand Chendo usinga simulatedannealingapproach.The processs ratherslow: to
classifya corpusof 355,34 7words,with 23,977word types,into 120typestook 200 CPU hours
onaDEC 3000/500AXP workstation(approximately20 MFLOPS).

Thesystemwasformally evaluatedoy measuringhe perpleity onatestsetput from alinguis-
tic point of view whatis moreinterestingis whetherthe derived classesnake ary sense Clearly
someof themdo. For example,class49 seemgo beroughlythe classof classifiers:

(71) m/, k8, &, &, 17, &, 24, 8, B, B, &, &, |\, 5%, 1§ ...
Otherclassesnake lesssense:

(72) wuli, ik, B, £F, 38, K, 4, 1, ¥%, 716, BRE, a6t ...

3.4 Appendix: An Overview of Finite-State Transducers

In this sectionwe give an overviev of WFST’s and the (weighted)regular relationsthat they
compute.Thisis by nomeansntendedo beacompletantroductionto thissubject.For furtherand
morecompletediscussiorthereaderis urgedto consultothersourcesFor ordinary(unweighted)
finite-stateacceptos (FSAs), andthe correspondingegular languages ary decentintroduction
to automataheory(Harrison,1978;HopcroftandUlliman, 1979;Lewis andPapadimitriou,1981,
for example)will suffice. For transducerandweightedfinite-statemachinesthereis lamentably
lessmaterialaccessibldo the non-specialistput thereare a few papersone might recommend.
Oneis (KaplanandKay, 1994),whosediscussionwe drav on to someextent here. More recent
is (Mohri, 1997),aswell asa few of thereference<ited therein. Mohri focuseson applications
of WFST's to languageandspeechprocessingandefficient algorithmsto supportthesekinds of
applications:someof the algorithmsthat he discussesrethe sameasareusedin our own finite-
statetoolkit. Finally, onemight consult(Sproat,1992)for a fairly non-technicaintroductionto
FST'sasappliedin computationamorphologyandphonology

3.4.1 Regular Languagesand Finite-State Automata

We startwith a notion of an alphabetof symbols,wherethe entire alphabetis corventionally
denoted®. Also conventionalis the useof the symbole to denotethe emptystring, which is not
anelementof ¥ andwhichis distinctfrom theemptyset(). Regularlanguagesreusuallydefined
with aninductive definitionalongthe following lines:
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1. () is aregularlanguage
2. Forall symbolsa € ¥ Ue, {a} is aregularlanguage
3. If L, L, and L areregularlanguagesthensoare

(&) L;-L,,theconcatenatiomf L; andL,: for everyw, € L; andwy € Ly, wiws € Lq-Loy

(b) L, U Ly, theunionof L; andL,

(c) L*, theKleeneclosue of L. Using L’ to denoteL concatenateavith itself 7 times,
L* = U, L.

The above definition definesall and only the regular languages.However, there are additional
closure propertieswvhich regularlanguage®bsene. We will make usehereof theterm>*, which
denoteghesetof all strings(includingthe emptystring) over .13

e Intersection if L; andL, areregularlanguageshensois L; N L.

e Difference if L, andL, areregularlanguageshensois L, — L, thesetof stringsin L, that
arenotin Ls.

e Complementationif L is aregularlanguagethensois ¥* — L, the setof all stringsover X
thatarenotin L. (Of coursecomplementatiofis merelya specialcaseof difference.)

e Reversal if L is aregularlanguagethensois Rev(L), the setof reversalsof all stringsin
L.

Reyular languagesre definedas setsof strings. They are commonlynotatedasregular ex-
pressions And they canbe recanizedby finite-stateautomata The equialenceof thesethree
objectsis a well-known resultof automatatheory known asKleenes theorem(s).A finite-state
automatorcanbe definedasfollows (see(Harrison,1978;HopcroftandUllman, 1979;Lewis and
Papadimitriou,1981)):

A finite-stateautomatons aquintupleM = (K, s, F, %, §) where:
K is afinite setof states
s is adesignatednitial state

Fis adesignatedetof final states

A

Y isanalphabebf symbols,and
5. ¢ is atransitionrelationfrom K x ¥ to K

13t shouldbestressedhatit is not necessario explicitly stateall of thesepropertiesfor example,givenunionand
complementationglosurefor intersectiorfollows from De Morgan's Laws. We merelylist all of thesefor complete-
ness.
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Figurel1l2: An automatorthatcomputes:b*. By convention,the heary-circled state(0) is theinitial state,
andthedouble-circledstateis thefinal state.

Toillustratewith asimpleexample considethefollowinginfinite setof strings:{a, ab, abb, abbb . .

In otherwords,the setconsistingof a followedby zeroor morebs. This canberepresentedjsing
fairly standardegularexpressionnotation,asthe compactexpressionzb*. And it canberecog-
nized by the finite-statemachinedepictedin Figure 12. This machineis deterministic meaning
thatat any state,for a giveninput symbol,thereis exactly one stateto which the machinemay
move. For example,ontheinput abb, the machinewill startin state0, move ona to statel, move
on b to statel again,andrepeatthis processoncemoreto endin statel which, sincethis stateis
final, meanghatthemachinehasacceptedheinput. Thedefinitionof finite-stateautomatorabove
alsoallowsfor non-deterministienachinesmeaningthatata stateonemayin principlevisit more
thanonenext stateon a givensymbol. As it happension-deterministizinweightechutomatacan
alwaysbedeterminized— thatis, corvertedinto anequivalentdeterministicautomatonAs aprac-
tical matter anequialentdeterministicautomatormay be (much)largerthana non-deterministic
automatonbut it will generallybe moreefficientto operatesimply becausé¢hereis neverary need
to searchmorethanonepathin the machinet*

3.4.2 Regularrelationsand finite-state transducers

Onecanextendthe notion of regularlanguagedgo regular n-relations which aresetsof n-tuples
thatcanberecursvely definedin a parallelmannerto thedefinition of regularlanguages:

1. 0 is aregularn-relation
2. Forall symbolsa € (X Ue€) x ... x (X Ue€)], {a} isaregularn-relation
3. If Ry, R, andR areregularn-relationsthensoare

(@) R; - Ry, the (n-way)concatenatiorof R; and R,: for everyr; € Ry andry € R,,
T1iTo € R1 - R2

Ystrictly speaking,it is not even true that the deterministicmachineneedsto be larger See(Mohri, 1994) for
discussiorof space-dfcientrepresentationsf deterministicautomata.
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(b) R U Ry
(c) R*, then-wayKleeneclosue of R.

Regular n-relationscan be thoughtof as acceptingstringsof a relation statedover an m-tuple

of symbols,and mappingthemto stringsof a relation statedover a k-tuple of symbols,where

m-+k = n. We canthereforespeakmorespecificallyof m x k-relations.As with regularlanguages,
regularn-relationsobey furtherclosureproperties:

e Compositionif R, isaregularkxm-relationandR; is aregularm x p-relation,thenR; o R,
is aregulark x p-relation.

e Reversal if R isaregularn-relation,thensois Rev(R).

e Inversion if R is aregularmxn-relation,then R~!, the inverseof R, is a regular nxm-
relation.

Compositiornwill beexplainedbelow.

In mostpracticalapplicationsof n-relationsn naturallanguageandspeechprocessingn = 2,
with (obviously) ¥ = m = 1; in this specificcase,we can speakof a relation mappingfrom
stringsof oneregular languageinto stringsof another (A notableexceptionis the work of Ki-
raz(1999).) For thisreasorwe will speakhenceforthsimply of relations andhave it unambigu-
ously mean2-relations Note thatdifference complementatiomndintersectiorareomittedfrom
the setof closureproperties sincein generalregular relationsare not closedundertheseopera-
tions,thoughparticularsubset®f regularrelationsjncludinglength-preservingor “same-length”)
relations,are closedundertheseoperationssee(KaplanandKay, 1994).

Correspondingo regular relationsare n-way regular expressionsand finite-statetransduc-
ers (FST’s). Ratherthan give a formal definition of an FST (which canin any event be mod-
eledon the definition of FSA givenabove), we will illustrate by example. Consideran alphabet
Y = {a,b,c,d} andaregularrelationover that alphabetexpressedy the following set: {(q, ¢),
(ab, cd), (abb, cdd), (abbb, cddd) ...}. In otherwords,the relation consistingof a mappingto ¢
followed by zero or more b’s mappingto d. We canrepresenthis compactlyby the two-way
regular expressiona:c (b:d)*. A finite-statetransducethat computeghis relationis depictedin
Figure13. By corvention,we will referto the expressionson the lefthandside of the .’ asthe
input side,andthe expression®n therighthandsideasthe outputside. Soin Figure13, theinput
sideis characterizabléy theregularexpressiorub*, andthe outputsideby the expressioncd*.

As it happensthe transducelin Figure 13 is deterministic,both on the input side and the
outputside: for ary stateandary input or outputsymbol, thereis at mostone destinationstate
correspondingo thatsymbol-stateair. But it is importantto bearin mind thatnotall FST’s can
be determinized.All acyclicFSTs'® arecertainlydeterminizablebut for cyclic transducershe

5An agyclic automatoror transduceis onein which thereareno cycles,meaningthatonceoneleavesary state,
thereis no paththatwill leadbackto thatstate.
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Figurel3: A transducethatcomputesa:c (b:d)*.

issueis subtleandcomplex: thereaderis referredto (Mohri, 1997)for extensie discussiorof this
issue.

Thetermcompositiorhasits normalalgebraidnterpretationif R; andR, areregularrelations,
thentheresultof applying R, o R, to aninputexpressior! is thesameasapplyingfirst R; to I and
thenapplying R, to the outputof this first application.Considerthe two transducer#n Figurel14
labeledT; andT;. T} computegherelationexpressablas(a:c (b:d)*) | ((e:g)* f:h). 7, computes
g:i €j h:k, wherethee:j terminsertsa j.*® T} o T, computeghetrivial relation,e:i €;j f:k. In
this particularcase thoughboth7; andT; expressrelationswith infinite domainsandrangesthe
resultof compositiononly mapsthe stringef to ijk.

Theinverseof atransducers computedoy simply switchingthe inputandoutputlabels. The
fact that regular relationsare closedunderinversionhasan importantpracticalconsequencéor
systemsbasedon finite-statetransducerspnamelythat they are fully bidirectional (Kaplanand
Kay, 1994). Onecanfor exampleconstructa setof rewrite rulesthatmapsfrom lexical to surface
form; andtheninvert the resultingtransducero useit to computepossiblelexical forms from
surfaceforms.

Onenotion thatwe will make useof from time to time is the notion of projectiononto one
dimensionof a relation. For example,for a 2-way relation R, m;(R) projectsR onto the first
dimensionandm,(R) projectsonto the seconddimension. (r; andm, arealsosaidto compute,
respectrely, the domainandrangeof the relation.) The analogof the projectionoperationfor
2-way FST's producesan FSA correspondingo onesideof thetransducerSothefirst projection
(m) of thetransduceim Figurel13is theacceptoiin Figurel2.

3.4.3 Weightedregular X and weightedfinite-state X

We have sofar spolenof automataandtransducersvherethe arcsarelabeledwith elementgrom
analphabetlt is alsopossibleto addto thesearcsweightsor costs which mayin generabetaken
from thesetof realnumbersLet usconsidetherethemostgeneracase namelythatof aweighted
finite-stateransduceior WFST. An exampleWFSTis givenin Figurel5. ThisWFSTacceptsarny

18Here,andelsevhere we adoptthe Unix regularexpressiorconventionwhereby |” denoteslisjunction.
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Figurel4: ThreetransducersyhereTs = T; o Ts
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Figure15: An exampleof aweightedfinite-statetransducerHere,andelsavhere the numberafterthe‘ /’
is theweight.

stringthatmatchesic*, andtransduce# to several possibleoutputs.Considerasa concretecase
theinput acc. The possibleoutputsfor thisinputare: bdd, eff, efh ehf ehh Theweightsallow us
to ranktheseoutputs but therankingwill dependuponhow theweightsareinterpreted.The most
commoninterpretation®f theweightsin practicalapplicationsare:

e As probabilities in this casethe weightsalonga patharemultiplied, the costof a particular
analysisis the sumof theweightof all pathshaving thatanalysis,andthe bestanalysishas
the highestweight.

e As costs or nggative log probabilities:in this casethe weightsalonga patharesummedthe
costof a particularanalysisis the minimumof the weight of all pathshaving thatanalysis,
andthebestanalysishasthe lowestweight.

Of thesetwo, the costinterpretationis by far themorecommon(sinceusingreal probabilitieswill
leadto underflav problemson large examples),andit is the onethatwill be assumedere;for
the purposef this discussionthen,weightandcosthave the samemeaningandwe will freely
interchangdheseterms. On the costinterpretationthe weightsof the possibleoutputsof acc are
asfollows: bdd<2.6>, eff<1.0>, efh<1.4>, ehk1.4>, ehh<1.8>. Here,andelsavherewe will
denotea coston anexpressiorwith anumberin anglebraclets. Of this set,eff hasthelowestcost,
andis thereforeghebestanalysis.In subsequendiscussionwhenwe referto thebestpath,we will
alwaysmeanthe pathwith the lowestcost,andwhenwe referto computingthe bestpath,we will
presumeanalgorithmfor finding this lowest-cospath.

The closurepropertiesof WFST'’s areidenticalto thoseof FST's. For WFSASs, the closure
propertiesareidenticalto thoseof FSAs, exceptthatthey arenot closedunderdifferenceor com-
plementationOn propertiedor determinizabl&VFSAs, andalgorithmsfor computingdetermin-
istic equialentssee(Mohri, 1997).
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4 Corpus Methods for Mandarin Phonology

In casualcornversationabpeechmary change®ccurandthe speectstreamdeviatesconsiderably
from thespealer'sintendedwords. Thisis a niceproblemto work on for this sectionof the course
because:

e Thetaskis clearlydefined:Casualspeectphenomenomranbetreatedasan operationcon-
vertinganinput phoneto anoutputphonesequence.

e Whendefinedin this way, automaticlearningof casualspeechrules becomesa problem
of string alignment. Thereare establishedsolutionsfrom works on sequence&omparison
(Sanloff andKruskal,1983).

e Thereareotherautomatiaule learningmethodssuchasClassificationAnd RegressionTree
(CART) (Breimanet al., 1984)that are suitablefor the task of learningcontet-sensitve
rules.

e Theproblemrequiresusto expresdinguisticintuition in termsof costs(for stringalignment)
and factor or attribute coding (for CART). In general,being able to formulate linguistic
intuition in mathematicahndlogical formshelpsusto improve or evento designautomatic
trainingmethods.

e This problemis directly applicableto speechtechnologiesuchasautomaticspeectrecog-
nition (ASR) (Liu and Fung, 2000) and text-to-speectsynthesigTTS) (Shih and Sproat,
1996b).

In this section,we will investigatehe phenomenomf Mandarincasualcorversationaspeech
with a small database.The focushereis to surwey the terrainso asto have a good coverageof
the problem. In later sectionsandin lab sectionswe will experimentwith corpusmanagement
methodsandautomatidearningproceduresn orderto extendtheinquiry to large corpus.

Casualspeechphenomenons at leastpartially conditionedby prosody(FoslerLussierand
Morgan,1999).1t is areasonabléypothesighatmary change®ccurbecause¢hespeectiempois
fastandarticulatorygestureoverlap(BrowmanandGoldstein,1990). Thereforeit will be useful
to think aboutprosodyanalysismethodssuchasthe estimationof duration(vanSanterandOlive,
1990; ShihandAo, 1997)andprosodicstrength(Kochanskiand Shih,2001a),and considethow
to integratetheseinformationinto a modelpredictingcasualkpeectpronunciatiorvariations.

4.1 CasualSpeechPhenomenon

Thefollowing exampleillustrateswhat might happenn casualspeech.Thefirst line andsecond
line give the characterand pinyin transcriptionof whatthe spealer said, respectiely. Fromthe
pinyin transcriptionwe derive the ideal phonesequencegneasciiletter per phone(seeTable 22
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for themappingtable). Thisis givenonthefirstindentedine. Theactualspeectoutputis obtained
by labelingthe speectphoneby phone.Thisis givenonthethird indentedine. Thecasuakpeech
phenomenortan be definedasthe differencebetweenthe input, the ideal phonesequenceand

the output,the actualphonesequenceThe mappingcanberepresentedsphonesubstitution(s),

deletion(d) andinsertion(i). Theseoperationsaregivenonthesecondndentedine. White space
is usedwhenno changeoccurs.

wo xiang3xiang300."Let methink.

woxyaGxyaG W*
S d di
wAxyaG ya ?W*

A few thingshapperin this simpleexample,which pointto interestingdirectionswhenwe ask
whatmight be the conditioningfactorsof phonechangesn casuakpeech.

First,thewordwo3*I” is pronouncedwA] (equialentto pinyin wei). We notethatthefollow-
ing syllable[xyaG] xiang containsa palatalglide [y]. The high, front tonguegestureof [y] may
contributeto the fronting anddiphthonizatiorof thevowel. If thisis the casewe could categorize
the changeasphoneassimilation,oneof the mostcommonphenomenoiin fastor casualkspeech.
However, notethatif [y] is thelikely triggerof the[o] — [A] assimilationthenthetriggeris, in
theory onephoneaway from the taget. We needto keepa mentalnote of this factso that later
on we can make informed decisionon the optimal window size of phonecontext for automatic
rule training. At the sametime, keepin mind thatin reality, thetriggeris probablymuchcloserto
thetamget: fricativesin generakendto show strongco-articulationeffect with the following sound
and[x] in Mandarinin particularis pronouncedvith strongpalatalcoloring. If the articulatory
gestureof the palatalsoundwith high andfront tonguepositionstartsabit earlierthanthesyllable
boundaryit couldaccountor the changeof [0] —[A].

Thereis areduplicatedrerbform xiangxiang‘think (tentatvely)”, wheretheinitial consonant
[X] of the secondsyllableis deleted. Sincethe ideal phonesequencesf the two reduplicated
syllablesarethe same(xiangequalsxiang), it is temptingto hypothesizehatsomethingaboutthe
seconasyllablecontributesto the deletion. Is the deletionrelatedto the morphologicalstructure?
Couldit bethatthe secondsyllableis prosodicallyweakandthatthe deletionis alenition process
relatedto the weak position? But also note that the larger phonecontet of the two [x]'s are
different. Thefirst [x] is in the context of [0]__[y], andthesecondX] is in the context of [G]__[y].
Is it likely thatthe precedingcontext is the causeof the deletion?It is alsopossiblethatall of the
aforementionediactorsareresponsibldor the disappearin@f the[x]. Perhapshe phonecontext,
themorphologystructure andprosodyareall relevantfactors.

Thereis one caseof insertionin the first example. Generally insertionisn’t a fast speech
phenomenonlntuitively we think thatspealersaretrying to saylessratherthanmorein orderto
spealfast.But thereareotherfactorsinvolved. First, notethatwhatis beinglabeled‘f astspeech”
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is usually not uniformly fast. Corversationspeechor casualspeechhasa wider rangeof speed
thanreadspeechThereareregionswherespeechs fasterandregionswherespeechs slowerthan
normal.

Thequestionave shouldkeepin mindis whatkind of insertionsoccurin speechwhetherthey
arepredictableandwhetherinsertionsenesacertainfunction. Herewe have a caseof glottal stop
insertionafter[G] (pinyin ng), andin front of a low vowel [W] (pinyin ao). The questionsve’d
like to askis whetherthereare othertypesof insertion,andwith regardto glottal stopinsertion,
whetherit is conditionedby phonecontext, by lexical property or both? If the phonecontext is
involved, are both left andright phonecontexts relevant? Is the insertionconditionedby phone
classegnasalcoda,vowel, or low vowel)?

Giventhissingleexample all we canconcludds thatwe don’t have enoughdatato supporione
hypothesiverthe other We needareasonablsizedcorpusto answerinterestingquestionsin a
largedatabasethereis alsoabetterchanceor usto find variedcontexts to estimatahedistribution
patternsof eachof the phenomenonve have seensofar.

Anotherpropertyof casuakpeechs variationfrom utteranceo utterance Any of thedescribed
changesnay not happerevenif the samespealer wereto repeatexactly the samematerials.One
interestingquestionis to find out how likely eachchangeis, and whetherthe changescan be
predictedby otherfactorssuchasspeakingateandprosody To geta overall picture of the phe-
nomenononeneedan exhaustve analysisof the databaseratherthanciting anecdotakvidence
like we aredoing now. In otherwords,anuninterestingcasewherenothinghappengo [X] is just
asimportantasaninterestingcasewhere[x] is deleted.

In thefollowing sectionswe will testsomeof the hypothesesn Databasé&, asmall,oneand
half minutecorversationadatabaseWe startwith a small, manageablélatabasén orderto have
a detaileddocumentatioron what occursin the databasetheir distribution and frequeng. The
goal hereis to understandvhat happensandwhat are lik ely factorsthat conditionthe changes.
The lessondearnedfrom dataanalysiswill be helpful to find the beststratgies for automatic
procedureshatarenecessaryo analyzealargecorpus.

4.2 DatabaseK and Transcription

Databas« is aoneandhalf minutespeecltdatabas¢éhatwasrecordedduringafieldwork session
for an unrelatedexperimentwherethe subjectwas being promptedto talk aboutspecifictopics.
Only thesubjects voiceis recordedclearly, andis transcribecandanalyzed.

Thedatarepresentatioformatis the sameasthe exampleshovn in Sectiord.1.

Table 22 lists the mappingbetweerpinyin representationandthe phonetranscriptionsystem
whenthetwo systemdiffer. Therearetwo importantconsiderationso adoptsomethindik e the
currentrepresentatiomior our purposes:First, we useoneascii symbolto representeachspeech
sound. This arrangemenallows us to simplify string processingoperations. Secondly pinyin
phonerepresentationsiay be ambiguousandit is to our advantageto avoid asmary unnecessary
ambiguitiesaspossible. Theconsonantepresentationarevery similarto thepinyintranscriptions,
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Pinyin (sh)i| (d)e j(u) (s)i |er|{ou| ei| ai |a(n)
" U $

OurSymbol || % R|O|A I @
Pinyin ao | (d)i(e) | (du(o) | yu(e)| sh|jch|zh| ()n| ng
OurSymbol || W y w Y S|C|Z| N G

Table22: CorversionChartof Symbols

with the exceptionof retroflex soundsvherewe usecapitallettersZ, C, Sinsteadof thetwo-letter
pinyin representationsh, ch, sh The vowel mappingadmittedlylooks weird to humaneyes. It
grew out of the needto find anunambiguousepresentatiofor eachvowel soundswith oneascii
symbolonthekeyboard.

A reasonableeconstructiorof the spealer’s intentionis obtainedby transcribingthe speech
into text. Thatis, we obtainthelistenersimpressiorof whathasbeensaidword by word. Thefirst
two linesin thefollowing examplesaretranscriptionf the sentences characterandin pinyin,
respectrely. Thefirst indentedine showv the ideal phonestring givenour reconstructiorof what
the spealer intendedto say Thelastindentedline givesthe actual spolen phonestringwhich is
obtainedby labelingthe speechWhenoneexaminesthe speectrstreammorecarefullyandlooks
for phonespneoftenfindsthattheintendedphonesaremutatedor sometimesoteventhere.The
middleindentedine shav theopemtionsthattransformtheinput, or theideal phonestring,to the
output,or the spoken phonestring, in termsof substitution(s), deletion(d) andinsertion(i). We
will seein Section4.4.1thatthesethreeoperationsarethe basicoperationsusedin mary string
comparisoralgorithms.They areusedto definestringdistancewhichin turnis usedto align texts
andin automaticrule learning(Kruskal,1983).
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(1) 7 AR — K o

(ganglc)ai2 shuol na4 yi2 dad4 duil
ISwonaidadwAhwa*
S d d

ISwonAidad Ah a*

HRARARE
genl ni3 nei4geO,
g NninAg™
g NninAg™
LB %W
doul mei2 guanlxi0 aO.
dOmAgw@Nxia*
S
dOmAgw@Nsia*

rEmo3 shi4 hoO.

0S%h*
[
?20S%h*
wo xiang3xiang3 ao0.

woxyaGxyaG W*
S d di
wAxyaG ya ?W*

BEFOH
shanglye4zhonglxinl ya0.

SaGyeZoGxiNya*
S
SaGyeZoGsiNya*
EEmEEF O
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mei3guo2 deO shanglye4 zhonglxinl.

mAgwod SaGyeZoGxiN*
S
mAgwoD"SaGyeZoGxiN*

EE R P ORS R
mei3guo2 deO shanglye4 zhonglxinl ni3 shuol

mAgwod SaGyeZoGxiNniSwoZ%*
d S ds
mMAgwo “SaGyeZoGhiNniS  %Z%*

S48 Hh & W 3R 2 ek R
shi4 zhi3 didqul a hai2shi4 cheng2xiangl a.

S%Z%diqU ahlS%C GxyaGa*
[ d
S%Z%diqUyahl %C GxyaGa*
BEEFD
shanglye4 zhonglxinl.

SaGyeZoGxiN*
SaGyeZoGxiN*
REF
wo3 jue2 de,
wojYed™
dss
woj UD™

HERFERESH
didqul deO hua4 wo3 jue2de jiu4,

digud"hwawojYed jyO*
s ds d dd
diquD’"h Wwoj e jyO*
BWEEERARET
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en zhu3dyao4 zai4 donglxil liang3an4 le.

"NZuyWzldoGxilyaG ~ @NI™*
[ d s S d d
?”’NZu Wz'doGsilya ?@ I™*

IR R R P OE EZEARER
en zhonglguo2 de shanglye4 zhonglxinl ne zhu3yao4 zai4

"NZoGgwod SaGyeZoGxiNn"ZuyWzin Ag'da *
S S S Ss s
eNZoGgwoD"SaGyeZoGyiNn"Z%rWzIn ig'da *

AT ERNE
dadzhongl cheng2shi4 hai2you3 yanZ2hai3.
daZoGC GS%hlyOyeNhl|*
ds
daZoGC "GS%hl “yeNhl*

e wo3 xiang3,
“woxyaG*
“woxyaG*

AR A2 31 7E B 32 2 1E S5 e

neidge

e ni3 shi4 shuol zai4 zhonglguo2 hai2shi4 zai4 mei3guo2 ne.

"niS%SwozlZoGgwohlS%zImAgwon™
d ds ds ddd
ni %S “zIZoG wahl % mAgwon™

MZIENS
liang3bianl ne ha.
lyaGbyeNn"ha*

d S
| aGbyeNnaha*

WK B2 15 72 35 B e P 2R

e wo3 jue2de zai4 mei3guo2 ne wu2suo3weis.
"wojYed zlImAgwon”™ USwWowA*
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d s i ds
‘wojYe “Z'mAgwon’wus OvA*

HZs AR
yinlwei4  nei4dge,
iINWANAg™
i ds
yi  VAnAQ™*

SEEH it 35 18 2 5] Hh 16 25 51 R 4k 40 22 BB A A
mei3guo2 tal zhedge chalbie2 didqul chalbie2 genl cheng2xiangl
chalbie2 doul bu2 tai4,

mAgwotaZ g CabyedigUCabyeC"Gxy aGCabyedObutl*
S S ds S
mAgwotaZAg CabyediqUCabyeC"Gny aGCab $dOb$tl*

FERRIA
bu2shi4 ted4bie2 da4.

buS%t byeda*
S
bur%t byeda*

H{E Z I
en dan4shi4 ne,

"Nd@NS%n"™*
S S
eNd@Nr%n™

FRPIRE L B E B R AN Ay 1 5
wo3 ke3neng2 hbi3jiao4 xi3huanl nuan3huo2 de di4fang.

wok™n"GbijyWxihw@Nnw@Nhwod"dif aG*
dsd s dsd S
wok™ "Nb jyaxihw@Nn a hwoD difaG*
BT ETE
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yao4shi4 zai4 zhonglguo2 de hua4.
yWS%zIZoGgwod hwa*

sd S
ya %zlZoGGwod hwa*

FRE LL B B A B AE

wo3 jiu3  bi3jiao4 ging3xiang4  yu2 zai4,

wojyObijyWqiGxyaG  Uzl*
[
wojyObijyWqiGxyaGyUz|*

ARE R T
nei4ge vyan2hai3 nan2fangl.

nAg'yeNhIn@NfaG*

nAg'yeNhIn@NfaG*

B HH B W R
guang3zhoul guang3zhoul a shenlzhen4

gwaGZ0O gwaGZOaS"NZ"Na*
[
gwaGZOagwaGZOaS"NZ"Na*

REZEILR
huo4zhe3 shi4 zai4 bei3jingl.

hwoZ"S%zIbAjiG*
S
hwoZ%S%zIbAjiG*

BERKEILRE
dan4dshi4 wo3 jial zai4 bei3jingl al.
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d@NS%wojyazlbAjiGa*
sd ds
de r%wojya %bAjiGa*

AR HE EERIES
ke3yi3 jinglchang2 qud4 kan4 wo4 mal ha.

K'ijiGCaGgUk@Nwomaha*
S d S sdd
keiji CaGg$ka omaha*

REHRA G nIRF R
en deng3 wo3 you3 tiaozjian4 de shi2hou4.

"Nd"GwoyOtyWjyeNd"S%hO*
ds d
"Nd°G uyOtyWjyeN “S%hO*

TR AR o 2R
wo3 jiu4 xiang3 jiel tal chullaiO.

wojyOxyaGjyetaCull*
ds ds
woj $xyaGj ehaCull*

REZF IR
wo3 xiang3 xiaodjing4 xiao4jing4 wo3 ma.

woxyaGxyWjiGxyWjiGwoma*

ds
woxyaGxyWjiGxyWijiG  uma*
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HABHRZE
hao3 bu4 rong2yi4 jiudshi.

hWburoG ijyOS%*
S I ds
hWvuroGyij  uS%*

ARREERTT
ke3shi4 wo3 xian4zai4  bu4dxing2

k"S%woxyeNzlbuxiG*
dd ds S
k  %wox iNzIb$xiG*

RTEAREE [ th 1 52 57 ARME SR I L TR S5
xian4zai4 nei4 shizjianl ye3 bud4 yun3xu3 neidge
jinglji4 shang4 ye3 bu4 yun3xu3.

xyeNzInA  S%jyeNyebuUNXUnAgTjiGjiSaGyebu  UNxU*

i S d S
xyeNzInA"S%jyeNyebuUNXUnAQTjiG  niSa yeb$UNxU*
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4.3 Analysis of DatabaseK

In this sectionwe will analyzesomefrequeng informationtrying to (asmuchasthe sizeof the
databaseallows) quantify thesequestions:How differentis casualor corversationspeechfrom
readspeechhatkindsof phenomenowccurin conversationandhow frequently?Whatfactors
affectthechanges™ow do we modelthe changes?

In DatabaseK, thereare 708 phonesfrom pinyin/word transcription(The total numberof
phonesfrom the first indentedlines) and 674 phonesfrom manuallabeling (The total number
of phonedrom thethird indentedines). A simpleway to quantify the differencebetweencasual
speechandideal speechs to countthe numberof operationst takesto corvert the input phone
sequenceo the outputphonesequenceln Databasé, it takes113 changegthe numberof [s]'s,
[d]'s,and]i]’ sin thesecondndentedines)to completesuchcorversion.In otherwords,roughly
16% of soundshave beenchangedneway or the otherin this process.Out of the 113 changes,
thereare 56 phonesubstitutions 46 deletions,and 11 insertions. The percentagef changeis
low comparedo the 30% changeeportedfor the EnglishSwitchboardspeectdatabas€Godfrey,
Holliman, andMcDaniel,1992;Greenbey andFoslerLussier 2000).

What are the changeghen? We startwith aninvestigationof the mostfrequentlyoccurring
phenomenonThe pinyin transcriptionof Database reflecta humantranscribers annotationof
word segmentation.Basedon theseseggmentationsye calculatedthatthereare 198 word tokens
and 105 uniqueword typesin the database.The mostfrequenttypesaregiven belov. The first
columnshaows the frequeng. Note thatthesearefrequeng countby pinyin representationHo-
mophonewill belumpedtogetheyandthe samecharactewith differentword segmentationswill
becountedseparatelyWord segmentationvariationalsoaffectsthe count. But thisis sufficient for
the currentpurpose.

14 wo

zai

de

a

shi
meiguo
bu
zhongxin
shangye
ne

en

e

AP, OTIO NO®

We alsolist every changethatoccurredmorethanonce,again,ranked by frequeng. Thefirst
column givesthe frequeny countof the rule. (0 representsull. Following phonologicalrule
writing conventions,0 occurringin the outputof the rule (right handside of the arrow) indicates
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deletion,and0 occurringin the input of therule (left handsideof the arrow) indicatesinsertion.
Othersarecasef substitution.

e xoaam< s
v

rosNOQZ
Y

VERVARY, v
T D O0OO0C<OVOO0ODHBN<K OUOOO

NNNNNMNNNMNNNOWOWWWWWS™SDMo 0O
1
Vv

@ vz

v
)

The frequeng informationsuggestghat we shouldpay specialattentionto [w], [y], [S], [d]
andthewordswo, zai, de, shi(ais excludedbecausét representsentencdinal particlesor filled
pauseswherethe identity of the input phoneis not clear). It may not be coincidentalthat the
frequentlychangedsoundsseemto be containedn the frequentlyoccurringwords. We now turn
to examineseveralhigh frequeng cases.

4.3.1 A casestudy of [S]

Thesound[S], thevoicelesgetroflex fricative (pinyin sh), occurs25 timesin Databasd. Among
them, 17 casesareunafectedand8 casesarechanged Amongthe changesthereare6 deletions
and 2 substitutions. Both substitutionsnvolve voicing, namely [S] is substitutedby its voiced
counterparfr].

Are thesechangegyovernedsimply by phonecontet or by lexical information? We might
expectthatsay fricativesarelessstable andvoicelesssoundgendto getlenitedin theintervocalic

80



contet. First,we will seeif the distribution of [S] changesvith regardto lexical distribution. For
this we gatherall the[S%] (pinyin shi) in the database:

e (I%)f cheng2shi4“city”. (1 occurrenceNo change)
o B3 /iR shi2houd/shi2jianltime”. (2 occurrenceNo change)

e Z: shi4, “be” (4 occurrencel change)

— &m (nochange)

— ZEis#E® (nochange)

— & E7EdLE (nochange)

— (ZZ25 (Sdelete)[niS%Swo] — [ni%S" ]

e Secondnemberof compounds(7 occurrence6 changes)

— &2 [hIS%] — [hl1%] hai2shi4“still” (Sdelete)

— &2 [hIS%] — [hl1%] hai2shi4“still” (Sdelete)

— &2 [buS%]— [bur%] bu2shi4“not” (S — r, voicing)

— {52 [d@NS%]— [d@Nr%] dan4dshi4‘but” (S — r, voicing)
— g2 [d@NS%]— [der%]dandshi4‘but” (S delete)

— EE [YWS%] — [ya%] yaodshi4if ” (S delete)

— 72 [K" S%]— [k%] ke3shi4‘but” (S delete)

— #%2 jiudshi4“so” (nochangesentencdinal)

The picture hereis relatively clear This changeis lexically governedin the sensethat all
the changesnvolve the charactetZ, “be”. Sofar, noneof the [S%] soundrepresentedby other
charactershovsary change Giventhecorventionof Chinesewriting systemtheusageof distinct
characterstronglysuggestshattheseother[S%] camefrom etymologicalsourceghataredistinct
from &. However, we notethat3 casesardlyregisteron the scaleof corpusanalysis.

Whatis moresuggestre arethe casesvherez is usedasthe secondnemberof acompound.
In thosecases outof 7 casesnvolved[S] deletionor lenitionin theform of voicing. We alsonote
thatthesewordsaresentenceonnectvessuchas*still”, “but”, and“if ”. It lookslik e lexical class
andthe syllablepositionin theword aregoodpredictorsof the soundchange.The only exception
in thisgroupoccurssentencédinally. Perhapshe speedslow down or thewordis emphasized¥ve
cancheckin alarge databasevhethersentencdinal positioninfluencegronunciation.
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4.3.2 A casestudy of [zl]

We next investigatehesound[l])/[zl]. Therel9instance®f thesound[l] in thedatabasepf these,
11 arefrom the charactert, “locatedat”. We documen# changesnvolving the sound[l], all of

themarefrom theword 7#£. Thereis onecaseof syllabledeletion([zl]] — 0), two casef vowel

changeso mid vowel ([zI] — [z ]) andonecaseof vowel changeo highvowel ([zI] — %). In all

threevowel changesthediphthongis simplifiedto monophthong.

e HH7E Xian4zai4 “now”. (2 casesNo change)

e 7t zai4, “locatedat” (9 cases4 changes)

- BEEEREMAET [2I] =[]

— FE#IRE (nochange)

- BiREREFBEEZEERE (nochange).. [zl] = 0
— WFR B R ERERTE (2] — (2]

— EREFRENE (nochange)

— FEhEg#Em B (nochange)

— ®EFZE&Eds (nochange)

— HERFEILTEWE [zI]] — [%]

Again, we seelexical usagebeingrelevantasa factorconditioningthe change.ln contrastto
the caseof £ shi4, herethe monosyllabicword tendto changewhile the two syllablewordsare
morestable.

We shouldalsonotethatthevowel change®f# accounfor all thechangesnvolving thesound

1.

4.3.3 Casestudy of de

The particlety is typically the mostfrequentcharactein large modernChineseext databasedt
ranked the third in the small corpuswe are usinghereonly becausevord frequeng distribution
in a small corpusis strongly affectedby the corversationtopic. The high frequeng of 7§ .0
“businesxenter’is agoodexample.

High frequeng wordstendto carrylessinformationcontentconsequentlyheir pronunciations
tendto besloppy andshov morevariability in casuakpeechThisis whatwe find with g3, aswell
asits variantform 4. In 9 outof 10 casesve find consonanteletionandlenition.

e 1y [d"] — [D" )/ ] departicle(7 cases? deletions4 lenitions,1 unchanged)

o (&@)3 [d"]— [D")["]de“feel, think” (3 cases? deletion,1 lenition)
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The 5 casesf lenition [d] — [D] and4 casesof [d] deletionaccountfor all the [d] deletion
and[d] lenitionwe have in thedatabase.

The consonanthangesf [S] and[d], andthe vowel changeof [I], thereforeappearto be
lexically conditioned andthe causearerelatedto the high frequeng of £ “to be”, 1y, particleand
7 “locatedat” andtheir usageasfunctionword.

4.3.4 Casestudy of [w]

Thedistribution of deletionandlenition amongglidesandcodaconsonantsuggestshatthey are
notrestrictedo specificlexical items. The causeof thechangdas mostlik ely relatedto articulatory
gesturesandthe syllablestructure.

Thereare 39 casesf [w] in the databaseof which 27 casesare not changed.Thereare 10
casef deletion,2 casesvhere[w] changedo [v], andalsoonecaseof [w] insertion.

10 w-> 0
2 W -> v
1 0> w

Thesound[w] maybeusedasaninitial consonantasin the caseof £ [wo] wo3“l”, z [wA]
wei4“for”, or:g [WA] weid“say”, or it canbeusedasa post-consonantaglide, asin @ [gwo] guo
“country”, 5 [Swo] shuo“say” andsoon. Both casesf [w] — [v] occuron the syllableinitial
[w], andin particular onthesyllable[wA] andnoton [wo]. At thesametime, bothcaseof [WA]
in thedatabasshav upwith the[v] alternation.Thisis acommonlyreportedohonologicathange
in northernMandarin,andwe expectto seeit giventhatthe spealer is from the north of China.
Mostlik ely this changereflectsregionalaccentatherthancasuakpeeckphenomenon.

We list the ervironmentwhere[w] occurin the database:

e Syllableinitial glide
— & [wo] wo3*I” (14 cases3 [w] deletion)

— #A [wA] weid“for” (Lcasel[w] —[v])
— 38 [WA] weid“say” (Lcasel[w] — [v])
e Syllablemedialglide
— B [gwo] guo2“country” (8 casesno deletion)
— #% [hwa] hua4“speech”(3 cases? deletion)
— & [Swo] shuol‘speak”(3 cases? deletion)
— E(H) [gwaG]guang3zhouiCanton” (2 casesnochange)
— i [swo] suo3“with” (1 cases] deletion)
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— (1) [nw@N] nuan3“warm” (1 case,l deletion)

— (#)#n [hwo] huo“warm” (1 case hochange)

— 5(®&) [hwo] huod4zhe3or” (1 casenochange)

— B(#%) [gw@N] guanlxi‘“relations” (1 casenochange)

— (&)#& [hw@N] xi3huanllik e” (1 caseno change)

— #t [dwA]— [dA] dui “pile, measuravord” (1 case,l deletion)

In sum,7 outof 23 casef medial[w] glide aredeletedwhile 3 out of 14 casef initial [w]
glide aredeleted. The changef the syllable medial[w] aredistributedin a numberof lexical
itemsratherthanbeingrestrictedto specificwords.

Also notethat noneof the placenames(10 occurrencesinvolve [w] deletion. Therearetwo
occurrence®f M guang3zhoulCanton” and8 occurrence®f @ guo2“country”, which are
usedin contrastingplacenames&E mei3guo2‘America” ands [ zhonglguoZChina”. Noun
phrasegendto be the focal point of the sentence. The information contentis high and their
occurrencesesspredictablerom context. We expectthatunderthesecircumstanceshe spealer
is motivatedto speakclearly.

The onecaseof [w] insertionoccursbeforethe vowel [u]. The statusof this rule is subjectto
interpretation:Onemay chooseto representhe input as[wu] andthereforeconsiderthe current
caseasno changeandtreatcaseswithoutthe[w] glide ascasesf deletion.Alternatively, it could
be theresultof uncertaintiesn the phonemes classificationduring segmentation.Specifically it
is nota straightforvardtaskto separate glide from ahomoganiozowel. Mostlik ely thereis little
formantshift from [w] to the following [u], andthe primary acousticcue that could be usedto
sgmenta[w] away from the[u] is justachangdan amplitude.

4.3.5 CaseStudy of [y]

We now turnto [y], anothercaseof glide. [y] occurs45 timesin the database 8 of the[y] are
deletedandl is fricatedandturnsinto an[r]. In addition,thereare4 casef [y] insertion.

8 y > 0
4 0>y
1 y > r

We find 2 casesf deletionamongl5 syllableinitial [y]’s and6 casesf deletionamong30
syllablemedial[y] s.
The[y] insertionalsohasexactly the sameinterpretatiorproblemas[w] insertion.

e Syllableinitial glide

— ®EH.LO [ye] ye“businesgenter”(5 casesno change)
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- (F)E [yW] — [W]/[rW] yao“mainly” (2 cases] deletion,1 lenition)
— (8)F [yO] — [A] you“still” (1 case,l deletionwith vowel change)
— E(Z) [yW] yao“if " (1 casenhodeletion,vowel change)

— #(@i®) [yeN] yan“alongthecoast”(1 caseno change)

— # [yO] you“have” (1 caseno change)

— it [ye] ye“also” (2 casesnochange)

e Syllablemedialglide

— a8 [xyaG] “think, tentatve” xiang (1 caseno change)

— (#38@)#8 [xyaG] — [ya] xiang*“think, tentatve” (1 case,l deletion)

— # [xyaG] “think” xiang(3 casesnochange)

— ()#s [xyaG1l]“town” xiang (2 casesno change)

— ()M [xyaG] “inclined to” xiang (1 caseno change)

— m(#) [lyaG] — [lya] liang “both shores”(1 caseno deletion,vowel change)
— m(®) [lyaG] —[laG] liang “both sides”(1 case 1 deletion)

— ()2 [byeN] “both sides”bian (1 casenochange)

— ()31 [bye] — [b$] bie “dif ference”(3 cases] deletionandvowel change)
— (#)m [bye] “special”bie (1 caseno change)

— (tb)# [[yW] — [jya] jiao “compare”(3 casesno deletion,1 vowel change)
— % [iyO] — [i$] jiu “then” (3 cases]l deletionandvowel change)

— % (&) [lyO] — [ju] jiu “just so” (1 case,l deletion)

— % [jya] jia “home” (1 casenochange)

— f&(#) [tyW] tiao “condition” (1 casenhochange)

— (®)#: [jyeN] jian “condition” (1 caseno change)

— & [jye] — [je] jie “fetch” (1 case,l deletion)

— Z(8) [xyW] xiao“be filial” (2 casesnochange)

— B(#) [xyeN] — [xiN] xian“now” (2 cases] deletion)

— (e%)rE [jyeN] jian “time” (1 caseho change)

Thedistribution of [y] deletion/lenitionis similar to the patternof [w] deletion/lenition.Both
changesffectalarge numberof lexical items.
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4.3.6 Caseof study of nasalcoda

Mandarinallows limited syllablestructures.Syllablecodaconsonantarerestrictedto nasaldN]
n and[G] ng. Thereare29 occurrencesf [N] and45 occurrencesf [G] in thedatabaseRoughly
10% of themaredeletedor lenited.

We list the casesvherethe codanasalsventthroughsomechangesandomittedcasesvhere
no changeoccurs.lt appearshatthe deletionis notrestrictedo specificlexical items.

e AlveolarNasal[N]

— [A(z) [iIN] — [yi] yin “because”

— @)% [@N] — [2@] an “both shores”
— B2(#n) [nw@N] — [na] nuan“warm”
— {5(2) [d@N] — [de] dan“but”

— & [K@N] — [ka] kan“see”

e VelarnasalG]

— (3@)#8 [xyaG] — [ya] xiang“think tentatve”
— (@)= [lyaG] — [lya] liang “two”

— (mMge [n” G] — [ N] neng“maybe”

— &%) [iiG] — [ji] jing “often”

— (&)L [SaG]— [Sa]shang‘on”

4.3.7 Summary

We seetwo distinct patternsof phonechangesn casualspeech Oneis representethy £, #9 and
7£, wherethesoundchangesrerestrictedo specificlexical itemssuchashighfrequeng function
words. Deletionandlenitionarebothcommon.Thecommonsoundchanges&ssociateavith these
wordstypically do notgeneralizdo otherlexical itemswith similar soundcombinations.
Anotherpatternis representetly the change®f glides[y] and[w], andof the nasalcodagN]
and[G]. The changeseemto be relatedto the soundor soundstructure ratherthanto specific
lexical items. Both nasalcodadeletionandglide deletioncanbe viewed asprocessesvhich sim-
plify thesyllablestructurewherecomplex syllablestructure<CGV, CVN, andCGVN becomeCV
(C,G,V, N representonsonantglide, vowel andnasalrespectrely). In generathe percentagef
tokensaffectedis lowererthanthe lexically conditionedcases Whena soundchanges obsened
in a broadrangeof ervironments,information suchasthe phoneidentity andthe left andright
phonecontexts may be usefulin predictingtheir pronunciationvariationsin casuakpeech.
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We usethesecasestudiedo illustratehow onemightlearnfrom a corpus,eventhoughthesize
of the corpusis small. We emphasizehatit is importantto have a broadvariety of ervironments
for eachsound,andthenanalyzingall the data,ratherthanjust reportinginterestingout anecdotal
obsenations.Frequenyg informationandarepresentate list of contect quickly provide anoverall
picture of what is going on, and this information is useful whenwe try to formulatea model
to predict pronunciationvariationsin a different corpus. We will next investigatemethodsof
automaticrule learningsothatwe canextendour knowledgebaseto alarge corpus.

4.4 Automatic rule learning

Thepreviousexercisegivessomeideaof whatis thereto learn. Consideratraditionalphonological
rule A changesinto B in thecontext of C if Ais a verbwrittenin thefollowing form:

A—B/_C IfAisaverb

We canseparatéhelearningtaskinto threestepsatleastconceptuallyThefirst stepis to learn
the context freerewrite rule A — B. The secondstepis to learnthe conditioningcontext __C. The
third stepis to learnthe restrictionthatthe rule only appliesto verbs. In actualimplementation,
it is possibleto combinethe steps,especiallythe conditioningcontext andthe restrictionof rule
application.

Learningthe context free rulesis a string alignmentproblemwherewe have a sequencef
input soundg(the ideal soundgthatthe spealer intendedto say)anda sequenc®f outputsounds
(thesoundghatthespealer actuallyproduced).The problemis to find thebestalignmentbetween
theinputandthe output. We will studythe classicstringmatchingalgorithmandgetfamiliar with
the concepif usingweightsto tunetheoutput.

Therearemary machindearningmethodghathave beenusedto learncontet sensitverules.
We choosehedecisiontreefor this coursefor it is conceptuallysimple,easyto use,andproduces
acceptablé€but certainlynot perfect)performance Learningrestrictve conditionssuchaslexical
informationandpartof speechnformationis subsumedinderdecisiontreelearning,wherelexical
information, part of speech(POS)information, aswell as phonecontet are usedas predictve
factors.Prosodianformationcanbeincorporatedaswell.

4.4.1 Alignment

In previous sectionswe consideredhe linguistic aspecbf casualspeechphenomenonThis sec-
tion givesa shortintroductionto sequenceomparisonor string matching,which is the key to
finding correspondencesetweendifferentsequencesf codes.The codesareabstractandcould
be phonestext, bird songs,or DNA sequencesThe casualspeechphenomenonve are dealing
with is one of the simplestcasesecausdhe two sequencesve are comparingare very similar.
String matchingalgorithmsallow us to obtainthe correspondencesutomatically and an auto-
matic procedurels necessaryo extend our surwey to large database.We needto have a basic
understandingf the algorithm,in particular to understandhow to useweightsto influencethe
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outcomeandto obtainbestmatchesFor this exercise JoseptKruskal's article (Kruskal,1983)An
overviav of sequenceomparisons highly recommended.
Hereis a summaryof thebasicconceptdrom Kurskals article:

e Theproblemis to find the bestalignmentbetweenwo sequences.
e Therearemary differentpossiblewaysto aligntwo sequences.

e Onecancalculatehedistancebetweerthetwo sequences onedefinewhatdistancaneans.
This distancewill dependon how we alignthe sequences.

e Levenshteindistanceis commonlyusedin string matchingalgorithms. It countsthe num-
berof operationsn termsof insertionsanddeletions(andoptionally substitutionsthatare
neededo cornvertonestringinto the other

e Onecanassignweightsto the operationgo influencethe outcome.
e Thepathwith thelowesttotal costis assumedo bethebestsolution.

e Dynamicprogrammings usedto implementthesearch.

We shall startwith a few examplesandwalk throughseveralassumptionshata humanmight
make while matchingstrings.Considerthe following string matchingtask:

abcd
efgh

Givenstringswith equallengthandwhereeverythingdiffers, substitutionseemso be a good
idea.

In contrast,f thereareidenticalunitsin thetwo strings,we have a strongintuition thatthey
belongtogether

woxyaGxyaGW*
wAxyaGya?W*

So[w] is alignedwith [w] and[W] is alignedwith [W]. The desireto matchidentical units
is strongerthanthe desireto matchunits from left to right or from right to left. For example,
matching[x] with [y] and[y] with [a] doesnot seenright. This intuition is strongevenwhenwe
don’t know whattheseunitsmean.

By matchingidentical units and maintainingthe order of the sequencesye leave gapsthat
mustbe accountedor by insertionsanddeletions.If [y] matchedy], then[x] matcheshothing,a
caseof deletion.
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It is not alwaysclearwhatthe correctalignmentis. Is [G] substitutedoy [?] or do we have a
caseof [G] deletionand[?] insertion?

A machinehasno capability to differentiatecorrectand wrong alignmentsuntil we define
a measureof distance. Without that, somesolutionsmay seembetterthan othersto a human,
but it will not be easyto decidewhich alignmentis the best. Without a distancemeasurethe
machinecannotevenbegin to decidethe bestalignment.For instancewhich of themary possible
alignmentsof the stringsbelow arebest?Onecannotknow without a distancemeasure.

abcd
efghi

Theseintuitions, aswell asthe commonsensethat distancecannotbe negative, is captured
by the metric axiomsof distance(Kruskal, 1983, page22). Thesepropertiesaretrue for all dis-
tancemeasuresandarything thathasthesepropertiess a distancemeasureBelow, d(a, b) is the
distancebetweern: andb.

e Nonneative property:d(a,b) >= 0

e Zeroproperty:d(a,b) = 0 if andonlyif a = b
e Symmetry:d(a,b) = d(b, a)

e Triangleinequality:d(a, b) + d(b, ¢) >= d(a, c)

Nonneaative propertyandsymmetryexpresseshefundamentahspect®f distance Zeroprop-
erty capturegheintuition thatwe prefermatchingidenticalunits. Trianglelnequalitydefinesthe
bestpathto bethe directandshortespathbetweernwo points.

Many string matchingalgorithmsuseslevenshteirDistanceto calculatethe distancebetween
two strings: this distancemeasuresimply countsthe numbersof insertions deletions andsubsti-
tutions.

However, one canassignweightsto theseoperationsandtunethe alignmentresults. If these
threeoperationsareweightedequally we will getthefollowing asthe alignmentresult:

woxyaGxyaGW*
S d s
wAxyaG ya?W*

If substitutionis weightedmorethanthe sumof 1 deletionand1 insertion,we will getthe
following, asaresultof globally suppressingubstitution.
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w oxyaGxya GW*
id d id
WA xyaG ya? W*
Thereareinherentambiguitiesfrom the point of view of datainterpretationwhenthereare
adjacenthangesasillustratedin thefollowing example:

AERIEERIT “‘But | cant doit now.”
ke3shidwo3 xian4zaidbu4xing2.

k”S%woxyeNzlbuxiG*
dd sd S
k %woxi Nzlb$xiG*

The word ke3shi4“but” is reducedto [k%]. Although the proposedanalysisastwo phone
deletionsseemsreasonableit is also possibleto treatit as one substitutionand two deletions,
wherethe substitutioncould reasonabhapplyto [* ] — [%] by vowel raising,or to [S] — [%] by
way of voicing.

Furthermore[xyeN] of xian4zai4“now” is changedo [xiN], which canbetreatedaseithera
substitutionof [y] — [i] or[e] — [i] andthenadeletionof the othervowel, or thewhole operation
is treatedasa memge[ye] — [i]. Again, we caninfluencethe resultof rule labelingby assigning
weightsto the stringmatchingalgorithm,or by includingoperationsuchasmeige.

If our only concernis to build a mappingso that ke3shi4will be corvertedto [k%] and xi-
an4zaidwill be corvertedto [xiNzl] in the appropriatecontets, how we label the changesnay
notimpactthe eventualoutcome.lt maynot matterwhetherthereareinternalambiguitiessolong
asthe casesaretreatedconsistently But if our goalis to understandhe mappingrulesor to de-
scribethe frequeng of phoneto phonemapping,thenthe outcomewill be affectedby how the
mappingrelationsarelabeled.By changingweightsof substitutionsdeletionsandinsertionswe
cancontrolhow the mappingsare describedandwe canchoosethe optimal representatioii.e.,
the simplest)for our purposes.

Problemsof this kind exist at all levelsandin all typesof dataanalysis,andthe management
of thesekind of problemgs particularlyimportantwhenwe wantto drav conclusiongrom alarge
corpus. It is typically not feasibleto investigateeachcaseindividually—andeven if we do, we
sometimegannotreacha satishctorysolutionif the phenomenoiis inherentlyambiguous What
we cando is to solve a problemasbestwe canandestimatewhenandhow oftenthe remaining
problemoccurs.

We have linguistic intuitions that someoperationsare common,thereforeshouldbe encour
aged,while someothersarerare,thereforediscouraged.Theseintuition oftenrelatesto specific
soundor classe®f sounds.Therule frequeny analysisn theprevioussectionsuggestshatglide
deletionandnasalcodadeletionarecommon.We canfavor thoserulesby assigningow coststo
them,therebyobtainingthefollowing results:
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woxyaGxyaG W*
S d di
wAxyaG ya ?W*

We shouldtake carenotto violate Trianglelnequalitywhenassigningveights. The following
exampleis a violation of TriangleInequalityin the sensahatthe mostdirectroute(A — C, with
acostof 1.0)is morecostlythantheindirectroute(A — B combinedwith B — C, with a costof
0.4).

e A — Bcosts0.2: w(A,B)=0.2
e B — Ccosts0.2: w(B,C)=0.2
e A — Ccostsl.0:w(A,C)=1.0

Casespecificweightscanbestoredn amatrix of weightsasshavnin (Kruskal,1983,page21).
Weightscanbe estimatedrom a corpususingvariousmeasurementsuchasweightedfrequeng.

Databas& uses43 phonegincluding0 for deletionandinsertion)in thetranscriptionwhich
meansthat the matrix of weightshasrow and columnlengthsof 43 each,andthereare 1849
cellsin the matrix. How mary of thesecells do we have datafrom DatabaseK for the purpose
of estimatingweights?Exactly 100 casesslightly over 5%. Most of the cellsrepresentnlikely
soundchangesandthatis why they don't occur Whenthe databaseés small, we have very little
informationto with which to setthe statusof anemptycell: doesit representsn unlikely sound
changethereforeshouldbe assigned high cost?0Or, is it alikely soundchangan somecontext,
but we just haven't seenthosecontexts in the databaself so, perhapst shouldbe assigned low
cost?

This is a classicproblemof datasparsity:a givendatabaseoversonly a small portion of the
possiblespace.Somehav we needto build a modelbasedon the obsenationswe have from the
training setto predictwhatis goingto happenn a newv datasetHow well this modelgeneralizes
to the new datasetlependn how well the obsered casescover the possiblespace.When95%
of the possiblespaces unobsered, canwe expectthe lessondearnedfrom the training setwill
generalizeo new data?

Increasinghe size of the databasavill help,of course by increasinghe coverage.But there
areothereffective stratgjiesthatwe canemploy to shrinkthe spacethatneedso be covered.As
we obsenedin Databasé&, soundsn the samecatayory shov similar trends.Both the glides|y]
and[w] tendto bedeleted.If we have no dataon anotherglide[Y], we mayguesghatthe pattern
of [Y] deletionwill besimilarto [w] or [y] deletion.As it turnsout, we do have 3 tokensfrom the
sameexical itemswith the[Y] glide,andit doesshav atendeng to getdeleted.

We caneffectively reducehespaceof possibilitiesby combiningrowsandcolumnsthatbehae
similarly. Soundclasseqdistinctive featureswork fine) and soundstructure(syllable structure,
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word structureetc.) areusefulguideswhich suggespossiblevaysto combinephonesnto broader
classifications.

The default weights(deletion= insertion= substitution)of the alignmentprogramalready
work mostof the time. We don't really needto fill a 1800 cells matrix of weightsto improve
accurag. Assigningweightsbasedon broadphoneclassesuchas( (for deletionandinsertion),
consonantglide, vowel, and nasalcodarequiresa matrix with just 25 cells, which is probably
sufficient for the currenttask.

The simplestring alignmentalgorithmasdescribedn (Kruskal, 1983)is implementedn the
programalign (by Dan Lopresti),anda versionwith weightsis implementedn the PM tool (pro-
nunciationmodel)(by RichardSproat).

442 CART

Classificatiorandregressiortree(CART) (Breimanetal., 1984)is avery popularmachindearning
methodwhich belongsto the family of decisiontreeinductionalgorithms.We will useCART to
learnthe conditioningfactorsof rule applicationin thelab sectionsusingthe Mandarinstoriesin
the OGI multi-languageelephonespeeclcorpus(Cole, MuthusamyandOshika,1992). For this
sectionwe recommandeadingDecisionTreeLearning Chapter3 of MachineLearning(Mitchell,
1997).

We will usea smalldatasetS, which containsall the [S] sampledrom Database, asa test
caseof decisiontreelearning.

We have seenin Section4.3.1by way of manualanalysisthatsomeinput [S] aredeletedand
the deletionseemdo berestrictedto lexical itemsderivedfrom & [S%] shi“to be”. Thisis most
evidentwheng isthesecondsyllableof theword. Many of thesewordsaresentenceonjunctions,
including “but”, “still” andsoon. We have not obsened ary [S] deletionoutsideof this narrov
lexical class.In this sectionwe will explore how amachindearningalgorithmlearnto make this
obsenation. It shouldbe emphasizedhowever, thatthis is an exercisewherethe primary goalis
to introduceCART treenotation,conceptandalgorithm. The attribute codingschemeusedhere
is notatall practical,andthedatasetis too small. We will returnto thisissuein Sectionst.4.3and
4.5.1.3.

4.4.2.1 DataMatrix Thefirststepisto convertthedatainto adatamatrixthatcanbeprocessed
by CART. Needlesgo say the datamatrix needto containinformationthatis relevantto the task
at hand. Basedon our previous obsenations,we includedfour codedattributes: P1 (preceding
phone)F1 (following phone),POS(partof speech)andSyll (syllablepositionin theword). The
valuesof P1landF1 aretheidentitiesof theprecedingphoneandthefollowing phonerespectiely.
(In latersectionsve will discusghe problemof this codingschemeandsuggestlternatves.)The
valuesof POSaremanuallycodedpart-of-speecltiags. Syll is representedby two digits, thefirst
digit is thenumberof syllablesin theword andthesecondligit is the syllablepositionin theword.
Eachdatapointis representetly oneline. Theinputphoneis always[S], whichthereforedoesnot
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needto be codedexplicitly. The outputphoneis givenin the lastcolumn. Therearethreeoutput
possibilities:[S], [r], and0 which representsleletion. The non-finalcolumnscorrespondo coded
factors,or attributes. For example,thefirst line in the datamatrix representain[S] which occurs
betweerl] and[w]; the POSof theword is “verb”; theword is monosyllabicsothe Syll valueis
11. Theoutputvalue[S] indicateshatno changeoccurshere.

P1 F1 POS Syll Output
I w verb 11 S
o] % be 11 S
* a noun 41 S
- a noun 41 S
h a noun 41 S
i w verb 11 S
* % be 11 S
I % conj 22 0
* a noun 41 S
h a noun 41 S
G % noun 22 S
i % be 11 0
% w verb 11 S
I % conj 22 0
u % be 22 r
N % conj 22 r
W % conj 22 0
a a noun 21 S
- % be 11 S
N % conj 22 0
h % noun 21 S
O % conj 22 S
h % conj 22 0
0 % noun 21 S
i a prep 11 S

4.4.2.2 The Tree Figurel6is anexampleof a decisiontree modelwhich learnedthe context
of [S] deletionfrom DatasetS . Thetreecanbe usedasa predictionmodelof [S] pronunciation
in general. One cansimply drop a new datapoint down the tree, follow the pathdefinedby the
codedattribute values,andfind the answerrepresentetdy theterminalnodeswhich areshovn in
squares.
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Figurel6: A CART treemodelof the pronunciatiorof [S]
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Thereis a pair of numberundereachnode,which shav the populationsizeandthe numberof
sampleswvith thevalueshowvn insidethenode.For example,17/25undertheroot nodereportsthat
the populationsizeis 25,and17 of themhave thevalue[S] in the output.

The nodeson the pathfrom the root nodeto the terminalnodes(in squaresshouldbe inter-
pretedasconjunctionrelations. The left mostbranchmeans:If POSis be/conjAND thesyllable
positionis 11, thenthereis a 75% chancethat the outputis [S]. Differentpathscombinein dis-
junction relations: If POSis be/conjthenthereis a 50% chanceof [S] deletion,OR if POSis
noun/prep/erbthen[S] remainsunchanged.

Themachineearningendeaor is successfulThis treereflectsprevious obsenationswe have
madeby manualinspection.Part of SpeeciPOS)tagis the mostimportantattribute determining
[S] deletion. If the POStagis “noun”, “preposition”, or “verb”, thenthe predictionis that [S]
remainsunafected. Thereis no exceptionto this obsenationfrom the training data. If the POS
tagis theverb“be” (& [S%]) or “conj”, then6 outof 12 caseshaw [S] deletion.Syllableposition
in thewordfurtherpartitionsthe populationunderthisnode:onetheonehand,[S] in monosyllabic
words(11) arelargely unafected,on the otherhand,[S] in the secondsyllableof a two syllable
word (22) is proneto deletionandlenition ([S] — [r] by intervocalicvoicing).

4.4.2.3 How to Grow a Tree Thereare mary possibleway to split the data. How doesthe
decisiontreealgorithmchooseamongalternatves?How doesit decideto usePOSratherthanP1
or F1to splittherootnode?Oneearlydecisiontreessystem)D3 (Quinlan,1986)usednformation
gainto calculatehow well anattribute partitionsthedata. This measures widely usedin decision
treesystems.

Intuitively, we would like to sortthe databy their codedattributesso that the outcomedall
into homogeneousbins. For example,if we sort DatasetS by F1, the following phone,we will
seethatdividing the datainto F1 = [%] andF1! = [%] is kind of helpfulin the sensehatwe get
all instancesf Outcome= 0 to fall into the bin F1 = [%]. Thatis animprovement. Insteadof
sayingthatthereis a 24% chanceof [S] deletion,we now cansaythatthereis a 40% chanceof
[S] deletionif thefollowing phoneis [%], andbetteryet, if thefollowing phoneis not[%], we are
very surethatnothinghappengo [S]. Likewise,we cansortthe samedataseby POSor by Syl
andseethatthe divisionshelpto explain the data. Also revealingis thatP1is NOT helpful. The
guestionis, how canwe evaluatethe relatve meritsof P1,F1, POS,Syll numericallysothatwe
know which oneworksbest?

To solve this problemwe needto know entropy, the measuremertf the impurity of a dataset,
from informationtheory(Shannon,1948). The entrogy of a probability distribution P is defined
as

Entropy(P) = Xc: —piloga(pi) 1)

=1

wherec is the numberof possibleoutcomesandp; is the probability of thei,;, outcome Now,
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if we have a datasetD, we canestimatethe entrogy of the probability distribution from which it
is drawvn. To do this, we estimatec by the numberof differentoutcomeswe obsere in D, and
we estimatep; by the proportionof D thatgivesoutcome:. Then,bearingin mind thatwe will
have justanapproximatevaluewhichis accurateonly for largedatasetswe canwrite anestimated
entropy for D basedonour estimated: andp;.

We canthencomparethe entrofy of the mothernodewith the sumof weightedentrogy values
of the daughtemodes(weightedby the populationsize)andmeasurénow muchwe have learned
by looking at a givenattribute. Thisis theintuition behindinformationgain, which is definedas:

Gain(D, A) = Entropy(D) — ) @Entropy(Dv) (2)
vEValues(A) |D|

whereD is adatasetA is thesetof attributes,and D, is thesubsebf D with attributevaluev.

Decisiontreealgorithmswork top-davn, startingfrom the root node,evaluatingthe informa-
tion gainedby dividing the dataseby variousattributes. The bestattribute is chosento split the
data,thenthe samestepis appliedrecursvely to divide eachdaughtemode.

At the root node,the populationto be divided is datasetS. We can estimatethe Entropy of
S following Equationl. For aninput phone[S], therearethreeobsened outcomes:[S], [r], or
0 (deletion). Thereforec = 3. The populationsizeis 25 andthe frequeny distributionsof the
outcomesarel7[S]’s, 6 deletionsand?2 [r]’ s. Theentropy of DataseS is thefollowing (whichis
really our estimateof the entrogy of the probability distribution from which S is drawn).

Entropy(S) = —17/25(log,17/25) — 6/25(log26/25) — 2/25(loge2/25) = 1.16399

We now cancomparehevaluesof informationgainobtainedoy dividing S by ary attribute.

If wedivide Sinto two populationF1 = [%] andF1! = [%], we gettwo subsetsvherethefirst
oneincludes3 possibleoutcomesy [S]'s, 6 deletions,and2 [r]' s. The estimatedentroyy of this
subsets

Entropy(Fly) = —7/15(logy7/15) — 6/15(1log26/15) — 2/15(l0g.2/15) = 1.429473

The secondsubsetasuniform outcomeS]. Theentrogy of auniform populationis 0. Plugin
thenumbergo Equation2, theinformationgainof dividing Sby F1 is:

Gain(S, Fly) = 1.16388 — (15/25 % 1.429473 + 0) = 0.3061962

If we divide the populationby POS= be/conjandPOS! = be/conj,thenthefirst subsehas6
deletions4 [S]'s,and2 [r]’ s. Theentrofy of this populationis

Entropy(POSpe conj) = —6/12(l0g26/12) — 4/12(loge4/12) — 2/12(log22/12)
= 1.459148
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The secondsubsetis againuniformly [S], thereforethe entrogy is 0. Theinformationgain of
this divisionis:

Gain(S, POShe con;) = 1.16388 — (12/25 * 1.459148 + 0) = 0.463489

The POSdivision works betterthanthe F1 division. Repeatinghis procedurefor all other
attributeswe find that POSdivision givesthe bestscoresn termsof informationgain. Thisis the
basisfor usingPOSto make thefirst nodedivisionin the[S] treein Figure16.

4.4.3 Miscellaneouslssues

In CART treetraining, aswell asin everydaylife, an outcomemay be incidentally linked to
multiple attributesthatarenot the true causeof the outcome.Therearesituationswherethe most
intelligentmind, artificial or not, cannotteaseaparttherealcauserom theincidentalones.When
wrong attributesareusedto grow atree,thetreemay accountfor the training dataquite well but
make poorpredictionson new data.This s referredto asthe overfitting problem.

Figurel7is anexamplewhich shavs seriousoverfitting problem.

To our knowledge (sincewe have beenexposedto a knowledge pool larger than Database
K), the changelw] — [v] in conditionedby the following phone. In databas&, however, the
occurrence®f F1 = [A] happerto coincidewith P1= [i]/[o] andthe modelcannotseparatehe
true classifierfrom the incidentalones. Similar problemsoccur on mary other branches. An
overfittedtreelik e this oneis a modelbuilt with wrong attributesandit won’t generalizeto new
situation. Whenwe talk aboutgeneralizingto a new situation,we arereally talking abouttaking
anew sampleD’ from the underlyingprobability distribution P. Thetreewe build will be useful
for D' only asfarastheentropy estimatesve getfrom D arecloseto theentrogy of P.

Therearedifferenttechniqueso controloverfitting. Crossvalidationis aneffective method.A
datasets dividedinto atraining setanda validationset. A modellearnedfrom thetraining setis
evaluatedon the validationset. Someof errorscanbe putin checkusingthis method.Overfitting
problemis lessseverein large databasevheretherearemorenaturallyoccurringvariations.

Figuresl7 and 16 bothshow adifferentproblemof trainingtreeson smalldatabaseNotethat
thetrainingdatais sosmallthattheattributevaluesdo not coverthepossibleattribute space Many
possibleprecedingphonesarenotrepresented Figurel?. Lik ewise,mary possiblePOStagsare
missingin Figurel6. Needlesgo say thetreesarenotgoodmodelsof [S] and[w] pronunciations
for thisreasoralone.

Attribute codingis crucial to the succesof CART tree learning. The algorithm evaluates
available attributesand cannotdiscover hiddenones. Finding relevant attributesrequiresa good
understandingf the phenomenorat hand. This is one areawheredataanalysisand linguistic
knowledgeis helpful. Corverting knowledgeinto attributesand attribute valuesrequiressome
generaknowledgebuilding predictve models.We will turn to the topic of prosodicmodelingto
addressomeof thesequestions.
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Figurel7: A badCART treemodelof the pronunciatiorof [w]
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45 ProsodicModels

Prosodicattributessuchasdurationandpitch arecontinuouslyariablequantitieswhich arediffi-
cultto transcribgust by listeningto thespeectsignal,andthatnecessitatethe useof instrumental
measurementsf speechn orderto gatherreliabledata. It is not surprisingthat corpusmethods
have along traditionin thisfield.

This sectionintroducescorpus-basetethodsor the studyof prosody focusingon the mod-
eling of continuousspeech.We will discussthe issuesof attribute/factorcodingand methodsto
reducefeaturespace which arealsorelevantto the alignmentissueandto CART treelearning.
Following the establishederminologiesin the field, we useattribute/attritute-valuesin the con-
text of CART treelearning,andfactor/factorlevelsin the context of prosodymodeling(regression
analysis).

Theultimategoalof thissectionis to bring backmeaningfulrepresentationf prosodythatcan
help us to train pronunciationmodels. As we will see,sometimesone hasto travel far to geta
simpleanswer

45.1 Duration

What aspectof durationinformationis relevantto pronunciationvariations? Researchers the
field revealtheirintuition by usingthe namefastspeet phenomenoiiDalby, 1984): whenspeak-
ing speeds fast,we do nothave enoughtimeto articulatespeectsound<learly, thereforedeletion
andassimilationoccur If this intuition is right, thenwe oughtto be ableto improve CART tree
classificationof pronunciationwith an extra column of attribute, or factor codingthe speaking
rate.

Thequestionis, how dowe measureslow, normalandfastobjectively?

Slowis slower thannormal,andfastis fasterthannormal. Sothe questioncanbe reducedo
Whatis normal?

It is easielto shav whatit is not. We have a databasef 49,624phonesandthe averagephone
durationis 98.781msec. Could this be usedasthe definition of normal? Not really. Usingthis
measurene would classifymostof the vowels and affricatesas slow and mostof the nasalsand
stopsasfast. It doesnottell uswhich vowel andwhich nasalis moresusceptibléo pronunciation
modification. This measureseparatesoundclassegatherthan speakingspeedbecausespeech
soundshave theirintrinsic duration.Undernormalcircumstancesowelsarelongerthannasalso
it is possibleto have afastvowel beinglongerthanaslow nasal.

Likewise,meansyllabledurationdoesnt helpmuch. Fromthe samedatabasef 19152sylla-
bles,we obtainedhemeansyllabledurationof 256.35msec.Thismeasuremergeparatesyllables
with comple syllablestructureandlongerphonedrom syllableswith simplestructureandshorter
phones.It works betterthanmeanphoneduration,but is still far from acceptable@sa measureo
separatéastandslow syllables.

We canestimatespeakingateonly if we have amodelthatgenerates fairly accurateestimate
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of normalseggmentalduration.Sonow weturnto thequestiorof how to modelsegmentalduration.

4.5.1.1 Factors Thetaskathandis clearlydefined:Giventext, we wantto predicttheduration
of eachphone. Thetext, or marked text, will provide the factoror attribute we needin orderto
predictthedurationvalues.Our trainingdataconsistof the samefactorcodeswith corresponding
obseneddurationvalues measuredrom a speectdatabase.

The datamatrix is very similar to the onewe have usedin CART treetraining. Thisis notthe
only way to representiata,but it is certainlya corvenientway.

Basically thisis anextensionof a simplecontrolledexperiment.A controlledexperimentwith
onefactoris representedsamatrix with two columns,onecolumnis thefactorcodeandtheother
columnis theobseneddata. Thefactorandfactorlevelsarechosera priori by theexperimentde-
sign. In this exercise we corverttheuncontrolledhaturalspeecldatainto theformatof controlled
experimentby posteriorinterpretationcodingthe obsened datawith asmary relevantfactorsas
we canjustify.

Thereforethefirst steptowardbuilding amodelis to compilealist of possiblefactors.We get
this list from controlledexperimentsdataanalysis literatures,ntuitions, hypothesesandasking
aquestiononthe LINGUIST list.

Thereseento befour groupsof factorsthataffect segmentaldurations:

e Phoneandphonecontets
e Positionalfactors

— Phrasdinal lengthening
— Word boundaryeffect

e Emphasis

e Hierarchicalstructure

Phoneshave intrinsic duration. Low vowels have longer durationthan high vowels, simply
becausehe jaw haslonger distanceto travel. The mannerof articulationhasa big effect on
consonanturation.lt is easyto seethat,for example,aspirationandtrill bothrequirepreparation
time to build up air pressure.

Precedingandfollowing phonesaffect phonedurationdueto coarticulationeffects.If adjacent
phonessharearticulatorygesturespaturallyit takeslesstime to make thetransition.Somephone
contet effects may be phonologicalin nature,for example,Englishvowels are longerbeforea
voicedconsonanthanbeforea voicelessoneevenif the consonantoicing distinctionis memged
in speech(Lisker, 1957;CrystalandHouse,1988).

Thedurationof a phonevarieswith its positionin a sentencelt is likely thatdurationis used
to corvey structuralinformation. For example,a phoneis typically longerin the sentencdinal
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position(Klatt, 1975;CooperandDanly, 1981;Edwards,BeckmanandFletcher 1991;Berkovits,
1991). A word boundaryeffect hasalsobeendemonstrategerceptually(Cutler and Butterfield,
1990).

Durationreflectshow importantaword is. Stressedowelsarelongerthanunstressesgowels,
andemphasizeavordsarelongerthandeaccentegords.

Compensatorgffects shown that higherorder structurehasan effect on duration. Thereis a
longtraditionof studyonisochrory (Lehiste, 1972).But theclaimthatChinesds asyllable-timed
languageemainscontroversial(Campbellandlsard,1991;van Santerand Shih,2000)

Most, if not all, of theseobsenationsarereflectedin the following list of factors,whichis a
simplified versionof the one usedin a durationstudy of Mandarin(Shihand Ao, 1997). Other
sourceof Mandarindurationstudiesnclude(Feng,1985;Ren,1985).

Thecurrentphone

Thepreviousphone

Thefollowing phone

Thetone

Degreeof discoursgprominence
Numberof precedingsyllablesin theword
Numberof following syllablesin theword

Numberof precedingsyllablesin the phrase

© © N o 00 B~ W0 NP

Numberof following syllablesin the phrase

[EY
o

. Numberof precedingsyllablesin the utterance

[EEN
=

. Numberof following syllablesin the utterance

12. Syllabletype

Somepositionalfactorsmalke atwo-level distinctionmarkingoff theinitial/final syllablefrom
therest,somemake athree-vay distinctionof theinitial/final syllable,thesecondne,andtherest.
The phrases .0 [SaGyeZoGxiNya*]shanglye4zhonglxind&0. “businesscenterhuh” is
convertedinto the datamatrix belon accordingto this factorlist. Thelastcolumnis the obsered
durationvaluesin seconds.
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4.5.1.2 Models We usea modelto expressour view on how the effect of individual factors
combineto createthewhole picture.

Dataanalysisis the bestway to find out whatwe shouldexpressin a model. If you have no
clue, startwith simple regressionmodelssuchasadditive modelsor multiplicative models,or a
simpleclassificatiormodelsuchasCART. If theresultsarenot satishctory theproblemscanlead
usto abettermodel.

In an additve modelthe effect of eachfactoraddsup. The training datais comparedo the
following formula, finding the bestvaluesfor coeficientSaynone; SprePhone--- Which minimizethe
errors.To usethis asapredictve model,simply replacethecodedfactorlevelswith corresponding
coeficientsandsumthemup. Theresultis the predicteddurationvalue.

Dur = a/phune + ﬁPrePhone + YNextPhone + ...

A multiplicative modelfits the datafor the following formula, wherethe termsmultiply.

Dur = Qphone X /BPrePhone X YNextPhone X ---

Suppose phoneis 50 mseclong in the unstresse@nvironmentandbecomes’5 msecin the
stresse@rnvironment,andanothephones 100msecunstressedndl25msecstressedanadditive
modelworkswell: theeffectof stresss to add25 msecto theunstresseghoneduration.If instead
the 100 msecphonebecomesl 50 msecwhenstressedthenwe needa multiplicative model: the
effect of stresds to multiply theunstresseghonedurationby 1.5.
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Speech Database

Stop & Aff  Stop & Aff

Closure Burst Sonorant Nasal Coda

Vowel Fricative

Figure18: Category treeof Mandarindurationdata.Eachbranchis fitted with a separatenodel.

A modelis anapproximatiorof the obsenedworld. We measurénow well competingmodels
work by evaluationthe errors,or the discrepanciebetweerthe predictedvaluesandthe obsenred
values.Becausef the overfitting problem,we shouldevaluatetrainingresultson the testingdata,
ratherthanon thetrainingdataitself.

Durationdataworks reasonablywvell with multiplicative models(Allen, Hunnicut,andKlatt,
1987). Most of the Bell Labs Text-to-Speectsystemsausemultiplicative modelsaswell. This is
motivatedby theobsenationthatlengtheningandshorteningeffectsin durationareproportionato
phonelength. More powerful models,suchassums-of-productsnodels(van Santen;1993)allow
oneto expresscomplicatednteractionsamongfactors.

4.5.1.3 Managing Feature Space A modelwill have agoodfit if thereis a consistentrendin
the datathat canbe capturedby the model. Particularly, if we seetrendthatthe effectsof each
factorlevels apply uniformly to all the datapoints. A datasethat containsall the phonesin a
languageés too complex to work well within this simplisticframewnork. Considera few examples.
Englishvowels arelengthenedeforea voicedstop (Lisker, 1957),but a stopis shortenedefore
anotherstop. Stresdengthenssowels, but its effect on consonantss lessrobust. English[p], [t],
[K] losetheir aspirationafter[s], thereforebecomeshorter but othersoundclassesreunafected.
Theseobsenationssuggesthatit doesnt make senseo fit a singlemodelfor the entiredataset.
Minimally, eachmajorsoundclasseshouldbefitted separatelyFigure18 shavs the datadivision
treeusedin the Mandarindurationmodel(Shihand Ao, 1997). Eachbranchof the cateyory tree
is fitted with a separatenultiplicative model.

Onewould considerfurther splitting if soundclassesnteractdifferently with a major factor
For example,onsetconsonantandcodaconsonantaretypically modeledseparatelypecause¢hey
interactdifferently with neighboringphonesand with sentenceposition: final lengtheninghas
a strongeffect on codaconsonants.Tensevowels andlax vowels may interactdifferently with
lengtheningfactorssuchas stressand sentencdinal position. If so, onemay considerseparate
modelsfor them.

Splitting a databasdasits cost. Every split increaseshe numberof modelsto be fitted and
reduceghe numberof obsenationsavailableto fit the model,hencethe modelwill belessrobust.
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Oneshouldemploy a stratgy similar to the one usedin the splitting of a CART tree: split the
databasenly if doingsoleadsto a substantiaimprovement.

We mentionedn Sectiord.4.1thatonecaneffectively reducehefeaturespaceof the matrix of
weightsby combiningphonesnto phoneclassesThis methodis applicablehereaswell. In fact, it
is oftennecessaryo collapsesomefactorlevelsjustto have a solutionto theregressiomrmodel. For
example,if oneusesstressaswell assyllablepositionin theword asfactorsto modeltheduration
of alanguagewhich stressesvord final syllables,andevery word is stressedthentherewill beno
solutionbecause¢he modelcannotseparatéhe effect of word final positionfrom stress.Onecan
eliminatethe stresgactoror to combinethe word final positionwith anotheifactorlevel.

Complementanydistribution of soundsin a languageis anothercauseof concern. Suppose
we wantto estimatethe effect of the following phoneon Mandarin[x] and[S]. It turnsout that
[X] only occursbefore[y], [Y] and[i] while [S] only occursbeforesoundsotherthan|y], [Y],
and([i], thereforethe effect cannotbe estimated.Combiningl[y], [Y], [w] (all theglides)into one
level and[i], [U], [u] (all the highvowels)into anotherevel will solve this problem.All caseof
complementarylistribution in the datamatrix shouldbe eliminatedby factorlevel combination.

If we wantto modelthe interactionof factors,the featurespacecanblow up quickly. If we
startby assuminghatthereis no interactionbetweenfactors,the numberof parametergor each
modelis the total numberof factorlevels plus the numberof factors,or roughly 200 parameters
asrepresenteth thefactorlist of Section4.5.1.1.0nthe otherhand,if we assumehatall factors
interact,the numberof parameterss the product,ratherthanthe sum,of factorlevels,which turns
outbe 183 billions. Finding a databaséarge enoughto estimatethat mary parameterseliably is
a challengingtask. Even a more modestattemptof modelingphonedurationwith the tri-phone
contet (the phone,the precedingphone,andthe following phone)translatedo a featurespace
with 97,336cells. If we assumejn a even simplermodel,thatit is the phoneclass,ratherthan
phoneidentity, of the precedingand following phonethat mattersand use 10 classesach,the
featurespacewould bereducedo 4600cells,whichis still big but beginsto bemanageable.

4.5.1.4 Coding Relative Duration With a durationpredictionmodelthat takesinto account
a wide rangeof factors,we cannow estimatewhethera sectionof speechis relatvely fastor
relatively slow by comparinghe obsereddurationto the predictedduration.We codetherelative
duration, syllable by syllable, of the sentencea# & 0 I shanglye4zhonglxina0. “business
centerhuh” astheratio of the obseneddurationandthe predictedduration.Largernumbemeans
slower speakingate.

Char pinyin obs. pred relative duration
msec msec

shang 258 233 1.11

[&]
* ye 164 177 0.93
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H zhong 280 204 1.37
o Xin 208 206 1.01
% ya 206 172 1.20

If speakingateis indeedoneof the factorsconditioningsoundchangesn casualspeechwe
shouldseelocationsof soundchangecorrelatedwvith regionsof fastspeechlf time allows, we will
testthis hypothesisn thelab sections.

4 5.2 Intonation

In this sectionwe offer somethoughtson how onemight code f0 informationfor the purposeof
predictingpronunciatiorvariations.

Corvertingdurationinformationinto codess relatively easy:therelevantpropertyis speaking
speed,and the phonelength measuremenis reasonablyreliable and un-contraversial. What is
therelevantpropertyof f0 contourthatis correlatedwith pronunciatiorvariations,andwhatis a
reasonableneasurement?

BrowmanandGoldsteinofferedan explanationof casualspeeb phenomenoiiBrowmanand
Goldstein,1990): Peoplespendesseffort in areaof speechthey pay lessattentionto. The mag-
nitude of articulatorygestureis smaller and soundchangesccur becausearticulatorygestures
blendandoverlap.

If we canmeasurarticulatoryeffort from speectsignalsthenwe canmalke useof thisintuition
and predict when pronunciationvariationsis likely to happen. Our recentwork on Mandarin
prosodymodeling(Kochanskiand Shih, 2001a)doespreciselythis. Given f0 contoursandthe
locationandthe identity of lexical tones,we measurénow far f0 deviatesfrom the expectedione
patternsTheresultis anumericaimeasuremerdf strength or articulatoryeffort persyllable/tone.

This work is carried out with the prosodydescriptionlanguageStem-ML (Soft TEMplate
Mark-up Languages)(kchanskiand Shih, 2001b),which is inspiredby Chinesetone datasuch
asFigure19.

Figure 19 shaws the f0 track of the phrasg i & gF fan3ying4su4du4“reactiontime”. The
second,third, and fourth syllablesall have the sameunderlyingfalling tone, but their surface
realizationsare quite different. The distortionis mostdramaticon the secondsyllable,wherethe
falling toneshavs up with arising shape.This phenomenomappengrequentlyin corversational
datawhenthe syllableis in a prosodicallyweakposition. Theresultingtoneshapealwaysagrees
with the surroundingtonal ervironment. In otherwords, the distortedtone shapefollows the f0
trajectorydefinedby its neighbors.

It appearshatthe surfacetoneshapds theresultof anoptimizationprocessyhereoptimality
is definedby a balancebetweenrthe ability to communicateaccuratelyandthe effort requiredto
communicateSpecifically the optimalpitch curve is the onethatminimizesthe sumof effort plus
ascalederrorterm.
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Figure 19: Tonesvs. realization. The upper panelsshowshapesof tones3 and 4 taken from
carefully readspeedb in a neutral environmentandthe lower panelshowsthe actual f0 contour
of a sentencecontainingthosetones. The grey curvesshowthe templatesand the black curve
showsthe f; vs.timedata.

Certainly whenwe speakwe wishto beunderstoodsothespealer mustconsidetheerrorrate
onthe speeclkthannelo thelistener Lik ewise, muchof whatwe do physicallyis donesmoothly
with minimum muscularenegy expenditure,so minimizing effort in speechs also a plausible
goal.

The error term behaeslike a communicationgrror rate: it hasits minimum if the prosody
exactly matchesanidealtonetemplate andit increasessthe prosodydeviatesfrom thetemplate.
The choiceof templateencodeghe lexical informationcarriedby thetones. The spealer triesto
minimize the deviation, becausef it becomedarge, the spealer will expectthe listenerto mis-
classifythetoneandpossiblymisinterpretthe utterance.

The effort expendedn speechcanbe approximatedrom knowledgeaboutmuscledynamics
(Stevens,1998). Qualitatively, our effort term behaeslik e the physiologicaleffort: it is zeroif
musclesarestationaryin a neutralposition,andincreasegasmotionsbecomefasterandstronger
Accordingly, Stem-ML makesone physically motivatedassumption.lt assumeshat f; is close-
ly relatedto muscletensions. Theremustthenbe smoothand predictableconnectiondbetween
neighboringvaluesof f, becausenusclescannotdiscontinuouslychangeposition. Most muscles
cannotrespondasterthan150ms,atime which is comparabldo the durationof a syllable,sowe
expectthe intonationof neighboringsyllablesto affect eachother In this sensepur modelis an
extensionof thoseof (O hman,1967;Fujisaki, 1983;Xu andSun,2000).

Effort is ultimately measuredn physicalunits, while the communicatiorerror probability is
dimensionlessso a scalefactoris neededo make the two compatiblefor addition. This scale
factorvariesfrom syllableto syllable,andwe identify it with thelinguistic strengthor importance
of eachsyllable. If a syllable's strengthis large, the Stem-ML optimal pitch contourwill closely
approximatehetone’s template andthe communicatiorerror probability will be small. In other
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Figure 20: Variations in f0 curvesgenerted from the tone sequence3-4-4-4, with different
strengthvalueson thesecondsyllable
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Figure21: Onestrengthparameterper syllableis usedio geneiatethe f0 curvein solidline, which
matdesthenatural f0 contourplottedin “*”.

words,a large strengthindicatesthatthe spealer is willing to expendthe effort to produceprecise
intonation.Ontheotherhand,if the syllableis unimportantandits strengthis small,the produced
pitchwill becontrolledby otherfactors:neighboringsyllablesandeaseof production.Thelistener
thenmaynotbeableto reliablyidentify thecorrecttoneonthatsyllable. Presumablythelisteneris

eitherableto infer thetonefrom the surroundingcontext or the spealer doesnt careif thelistener
canunambiguouslydentify thetone.

We thenwrite simple approximationgo the effort and error terms,so that the modelcanbe
solvedefficiently asa setof linearequations.

Figure20 shawvsthevariationsin surface f0 generatedby the Stem-ML model. All curvesare
generatedrom the tone sequenc&-4-4-4,whereall tone4 syllablessharethe samefalling tone
template.The strengthof the secondsyllablevariesfrom 0 to 1, while all the othersyllableshave
their strengthfixedat 1.
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To matcha natural fO curve of a Mandarinsentencewe useda setof lexical tonetemplates
andonestrengthparameteper syllable. Figure 21 shaws thatthe natural fO of KiE# EEshavn
above canbesimulatedwith strengthvaluesl.1,0.2,1.2and0.8for thefour syllables.Thesecond
syllableis notablywealer thanits neighborsthereforethe f0 curve over this syllable deviatesa
lot from whatis expectedof the lexical tone.

Given f0, lexical toneidentity andtheir locations,Stem-ML modelcanestimatethe strength
valuesautomatically This strengths ameasuref articulatoryeffort, whichwe hopewill beuseful
in locatingregionsof phonedistortion.

4.6 Application to SpeechTechnologies

Modelsof pronunciationvariationsaredirectly applicableto somebranchesf speechechnolo-
gies,suchasText-to-SpeecHTTS) systemsandautomaticspeechrecognition(ASR) systems.

A TTS system,asthe namesuggestcorvert written text to spoken speech.The systemhas
mary componentssuchas text analysis,duration prediction, and intonation prediction. Text
analysiscorverts written text into phonemestring, durationpredictionestimateshow long each
phonemes, andintonationmodulepredictsf0 contours. All relevantinformationaresendto a
speeclsynthesisomponento producespeechoutput.

The text analysiscomponentsimulatesthe ability of an educatedeader Written text is an-
alyzedand corvertedinto a representatiomwith morphologicalinformation, syllable structures,
prosodictags,andphonemestrings.Predictionof pronunciatiorvariationis oneareathatpresents
interestingpossibilities pbut hashardlybeenexploredin the TTS domain.Thisis primarily because
thecurrentsystemsarestill restrictedto thereadingmode.

Properhandlingof pronunciatiorvariationswill be helpful in generatingoelievablecorversa-
tion speechaswell assimulatingpersonatharacteristicandregionalaccents.

Speechrecognition(ASR) is thereverseprocesf TTS. It takesspeectasinputandcovertsit
into text. TTSis anautomaticeaderandASR is anautomatidranscriber

Pronunciatiormodelingis a crucial componenbf an ASR system.An ASR systemevaluates
acousticsignalsagainsthypothesesf word pronunciationpasedon transcriptionsand pronunci-
ationmodels.Multiple pronunciation®f a word areannotatedr generatedo asto cover all the
possiblepronunciationvariations. More completeannotationand good modelsof pronunciation
variationscanimprove the performancef a ASR system.

Pronunciatiormodelingof Mandarincasuakpeechs alreadyintegratedin ASR systemsThis
is oneof theresearchopic at the JohnHopkinsUniversity Workshop2000(Liu andFung,2000).
Theirresultsandpresentationareavailablefrom thewebsitehttp://www.clsp.jhu.edu/ws2000/groupsts/.

4.7 Conclusions

This lecturefocuseson a singlequestion:the pronunciationvariationsof Mandarincasuakpeech.
We usethis problemasavehicleto addressnary methodologicalssues.
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We studiedthe distribution patternsof Mandarin pronunciationvariationsin orderto build
predictve models. To do thatwe needto understandvhat happenswhy, in what context, how
oftenandwhynot

Automaticmethodsmprovesefficiency andenforcebjectvity, whichmake it possibleto test
hypothesesn alarge corpus.We studiedstring matchingalgorithmsanddecisiontreelearning.

We studiedprosodymodelswhich give usideaon how to integrateprosodyinformationinto
pronunciatiormodels.

The mostimportantmessageof all, | think, is that multi-disciplinary knowledge broadens
our view to a linguistic problem. We venturedinto mary fields and camebackwith solutions,
from statistics,mathematicsphysics,informationtheory andmachinelearning. Whenwe solve
a linguistic problem, it also hasimpactto otherfields. Speechtechnologiesfor example,are
benefitedrom theunderstandingf linguistic phenomenon.
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