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0 Overview

Thesenotesweredevelopedfor a coursethatwaspresentedat the2001SummerInstituteof the
LinguisticSocietyof America,in theSubinstituteonChineseCorpusLinguisticsat theUniversity
of California,SantaBarbara,July15 – August3, 2001.

Thefirst sectionis anintroductionto Chinesemorphologywith aparticularfocuson theques-
tion of what is a word. Thesecondsectionintroducesthreetopics: propertiesof word frequency
distributions,measuresof productivity, andmeasuresof association.Thethird sectionwilldiscuss
someapplicationsto linguistic and computationallinguistic problems. Finally, the last section
dealswith corpus-basedmethodsin Mandarinphonology.

We would like to thankMartin Janschefor useful feedbackon a portion of thesenotes,and
HaraldBaayenfor providing uswith a prepublicationcopy of his book. We alsothankAcademia
Sinica for generouslyallowing us to usetheir text corporafor the purposesof this courseand
Chu-RenHuangfor his role in negotiatingthis use.
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1 Mor phology

1.1 What is a word in Chinese?

Beforeonecanembarkupona discussionof morphologyfor any language,it is usuallya good
ideato have someideaof what the scopeof the topic is. Basically, what is a word andhow do
you know whenyou’vegot one?In Chinese,this questionis a particularlydifficult onedueto the
well-known factthatChineseorthographysystematicallyfails to representword boundaries.

As we shallsee,thedefinitionof word in Chineseis by no meansclear: lateron (Section1.3)
we will discussthreeproposedstandardsfor segmentingChinesetext into words,andit will be
seenthatthesestandardsdiffer in how they classifyunitsaseithersingleor multiple words.The-
oretical linguistic definitions,suchasthe oneproposedby Packard(2000),which we’ll discuss
momentarily, tendto bemoreprincipledatanabstractlevel, but harderto pin down whenit comes
to specifics.

Onething that mostpeoplewould certainlyagreeon is that Chinesewords(aswordsin any
language)areconstructedoutof oneor moremorphemes.Soagoodstartingpoint for adiscussion
of Chinesemorphologyis adefinitionof themorpheme.At afirst glance,onemightbetemptedto
think that this, at least,hasa simpleanswer:a morphemein Chineseis somethingthat is written
with a singlecharacter, andpronouncedasa singlesyllable. By andlarge, this actuallyseemsto
be true, but therearestill a lot of problemsaroundthe edges.The major problemis that there
seemto be a lot of disyllabic morphemes;if one extendsthe discussionto foreign namesthat
have beenborrowed into Chinese,suchas ������� bājı̄s̄ıtǎn ‘Pakistan’,thenmorphemescanbe
even longerthandisyllabic. For native forms it is often not so easyto saywhetherthey areone
morphemeor two. A familiar caseis � � dōngx̄ı (eastwest) ‘things’, which presumablydoes
not literally derive from a compoundmeaning‘eastandwest’. Still thesemanticrelationbetween
‘eastandwest’ (as in ‘(all things)betweeneastandwest’) and‘things’ is aboutascloseasthe
semanticrelationbetween‘suddenly’and‘on ahorse’.Yet !#" mǎsh̀ang(horseon) ‘suddenly’is
commonlyassumedto derive from its literal source.

Oneclearsetof disyllabic morphemesarecaseswhereboth charactersarewritten with the
samesemanticradical. Someexamplesof thesearegivenin Table1, taken from (Sproat,2000).
Thesedataalsoillustratethe (simple)first applicationdiscussedin this courseof a corpus-based
methodin morphology:theexamplescitedwereall collectedfrom a 20 million charactercorpus,
andconsistof pairsof charactersthat cooccuronly with eachother, wherethe pair itself occurs
morethantwice.

Having a slightly clearerideaof whata morphemein Chineseis, we still needto understand
whataword is. Themostcompleterecentdiscussionof this topic is thatof Packard(2000),where
hediscussesthefollowing notionsof word:
$ Orthographic word: Wordsasdefinedby delimitersin written text. This appearsto have

no relevancein Chinesesincethereareno suchwritten delimiters(apartfrom punctuation
marks,which markendsof phrases,notwords).

2



Orthography Analysis Pronunciation Gloss%#& '
foot+cuōtuō ( cuōtuó ‘procrastinate’)#* '
foot+li ángc̄ang ( lángqīang ‘hobble’+#, '
foot+róul̀ın ( róul̀ın ‘trample’-#. '
foot+shòuzhù ( chóuchú ‘hesitate’/#0 '
foot+zhèngsȟu ( zh́ızh́u ‘hesitate’1#2 '
surround+l̀ıngwú ( lı́ngýu ‘imprisoned’3#4 '
surround+wùlún ( húlún ‘swallow whole’5#6 '
cart+li àoǧe ( ji ūgé ‘entwined’7#8 '
demon+wǎngliǎng ( wǎngliǎng ‘roamingghost’9#: '
female+ýouľı ( zh́ouľı ‘sisterin laws’;#< '
food+kūntún ( húnt́un ‘wonton’=#> '
grass+b́oq́ı ( b́ıq́ı ‘waterchestnut’?#@ '
grass+gǔajù ( wōjù ‘lettuce’A#B '
grass+h́anxiàn ( hànd̀an ‘lotus’C#D '
grass+jiānji ǎ ( ji ānjiā ‘type of reed’E#F '
grass+m̀usù ( mùs̀u ‘clover’G#H '
cave+yòutiao ( yǎotiǎo ‘graceful’I#J '
going+ýılı̀ ( y̌ılı̌ ‘trailing’K#L '
hand+yēyú ( yéýu ‘tease’M#N '
head+mǎnhan( mánh̄an ‘muddleheaded’O#P '
heart+cóngyǒng ( sǒngy̌ong ‘eggon’Q#R '
heart+niunı́ ( niǔńı ‘coy’S#T '
heart+yı̄nqı́n ( ȳınq́ın ‘attentively’U#V '
insect+bǐanfù ( biānf́u ‘bat’W#X '
insect+fúyóu ( fúyóu ‘mayfly’Y#Z '
insect+qiūyı̌n ( qiūy̌ın ‘earthworm’[#\ '
gas+ȳınyun ( ȳınyūn ‘misty atmosphere’]#^ '
going+xìehòu ( xièh̀ou ‘encounter’_#` '
jade+cūıcàn ( cǔıcàn ‘brilliant’a#b '
jade+dàimào ( dàimào ‘tortoiseshell’c#d '
leather+qiūqiān ( qiūqiān ‘swing’e#f '
old+máozh̀ı ( màodíe ‘old people’g#h '
overhanging+yińı ( y̌ıňı ‘fluttering’i#j '
person+kōngžong( kǒngžong ‘busy’k#l '
sickness+ged́a ( gēd̄a ‘cyst,boil’m#n '
teeth+jūwú ( jǔyǔ ‘bickering’o#p '
tr ee+pib̄a ( ṕıpá ‘loquat’q#r '
tr ee+ńıngméng ( ńıngḿeng ‘lemon’

Table1: Pairsof charactersthatonly cooccurwith eachother, andoccurat leastthreetimesin a20million
charactercorpus.Notethat in eachcasebothcharacterssharethesamesemanticradical.See,for instance,
theexampleswith the foot radical,underlinedin thetableabove. Thesecondcolumngivesthecomponent
analysisfollowing theschemain (Sproat,2000).
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$ Sociologicalword: Following Chao(1968,pp.136–138),theseare‘that typeof unit, inter-
mediatein sizebetweenaphonemeandasentence,which thegeneral,non-linguisticpublic
is consciousof, talksabout,hasaneverydayterm for, andis practicallyconcernedwith in
variousways.’ In English this is the lay notion of ‘word’, whereasin Chinesethis is the
character(s z̀ı).

$ Lexical word: This correspondsto Di Sciullo and Williams’ (Di Sciullo and Williams,
1987)listeme.

$ Semanticword: Roughlyspeaking,this correspondsto a ‘unitary concept’.

$ Phonologicalword: A word-sizedentity that is definedusingphonologicalcriteria. (Yes,
that’s circular.) Packardgoeson to notethatChaoconsidersprosodicissues,suchaswhen
onecanpausein asentence,to provideusefultestsfor phonologicalwordhood.In many lan-
guages,phonologicalwordsarethedomainof particularphonologicalprocesses:in Finnish,
for example,vowel harmony is restrictedto phonologicalwords.In dialectsof Mandarinthat
have (stress)reduction,suchphenomenaaregenerallyrestrictedto words,asis consonant
lenition (seethesectionon Phonology).

$ Mor phological word: following Di Sciullo andWilliams’ notion,a morphologicalword is
anything thatis theoutputof aword-formationrule.

$ Syntactic word: Theseareall andonly thoseconstructionsthatcanoccupy X t slotsin the
syntax. (Thesyntacticword is thedefinitionof word thatPackardusesasthebasisfor the
bulk of hisdiscussion.)

$ Psycholinguisticword: This is the“‘w ord’ level of linguistic analysisthatis . . . salientand
highly relevantto theoperationof thelanguageprocessor”(Packard,2000,p. 13).

To thesedefinitionscouldbeaddedtheextrinsically definednotionsof word thathave formed
thebasisof thevarioussegmentationstandardsfor Chinesethathave beenproposed,andthatwe
shalldiscussin Section1.3. It is likely thatnoneof thesenotionsof word will completelyline up
with any otherdefinition.Asapracticalmatterthisprobablydoesn’t matter. After all, thedefinition
of word that is mostusefulwill dependto a large degreeuponwhat onewantsto useit for. In
Chineselanguagetechnology, a phonologicalword is likely to beof interestif oneis interestedin
anapplicationsuchastext-to-speechsynthesis;if oneis interestedin machinetranslation,thenit is
likely thatonewouldbelookingmoreat semanticwords;andif oneis constructinglexicons,then
somenotionof lexical word will berelevant. It really doesn’t matterthatthesearedifferent.Note
thatproposalsfor segmentationstandards,suchasthosedescribedin Section1.3largelyglossover
theseconsiderationsandassumethatthereis asingle“correct” segmentation.
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1.2 SomeChineseMor phologicalPhenomena

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

In additionto reduplication,affixation andcompounding— the typesof categoriesthat one
would normallyexpectto seediscussedin a treatmentof morphology— we alsodiscussnames,
andthekind of Chineseabbreviationsknown as u�v suōxiěor ‘shrunkenwriting’. Thereasonfor
includingtheseis thatin any practicalapplicationinvolving wordsin realtext, onewill seeplenty
of examplesof thesecategories,sotheir formalpropertiesareworthconsidering.Notethatamong
theoreticaltreatmentsof Chinesemorphology, at leastPackarddiscussessuoxieat somelength.

1.2.1 Verbal reduplication

Verbalreduplicationis fairly productive in Mandarin,andis typically usedto convey themeaning
‘X a little’, where‘X’ is themeaningof theverb. Theform of thereduplicationis eithera simple
copy of theverb,or elseif theverbis monosyllabic,w ȳı ‘one’ maybeusedbetweenthecopies.
Someexamplesof eachof theseformsaregivenin (1) and(2):

(1) xyx shūo-shūo (speakspeak) ‘speaka little’zyz
kàn-k̀an (look look) ‘havea little look’{y{
zǒu-žou (walk walk) ‘havea little walk’|y|
mó-mó (rub rub) ‘rub a little’}y~�}�~
tǎolùn-ťaolùn (discussdiscuss) ‘discussa little’�y�����
q̌ıngjiào-q̌ıngjiào (askask) ‘aska little’�y�����
yánjiù-yánjiù (researchresearch) ‘researchinto’

(2) xyw�x shūo-yi-shūo (sayonesay) ‘go aheadandsayit’z w z kàn-yi-kàn (look onelook) ‘havea look’{ w { zǒu-yi-zǒu (walk onewalk) ‘havea little walk’| w | mó-yi-mó (rubonerub) ‘rub a little’

Reduplicationcanalsocooccurwith
z

kàn ‘see’ with the roughmeaning‘do X andseehow it
goes’:

(3) xyx z shūo-shūo-kàn (speakspeaklook) ‘talk aboutit andsee’{y{�z
zǒu-žou-kàn (walk walk look) ‘walk andsee’

1.2.2 Adjectival Reduplication

Like verbs,adjectivescanreduplicatein Mandarin. Thesereduplicatedforms typically have the
meaning‘a bit X’:

5



(4) �y� hóng-h́ong (redred) ‘red’�y�
màn-m̀an (slow slow) ‘slow’

Disyllabicadjectivesreduplicatein thepatternAABB:

(5) �y� shūfú ������� shūsh̄u-fúfú ‘comfortable’�y�
gānj̀ıng

�������
gāngān-j̀ıngj̀ıng ‘clean’�y�

hútú
�������

húhú-tútú ‘muddle-headed’� � kuàilè
��� ��� kuàikuài-lèlè ‘happy’�y�

piàoliàng
�������

piàopiào-liàngliàng ‘pretty’

OnealsofindsthepatternABB:

(6)
�y�

li àngj̄ıng
�����

li àng-j̄ıngj̄ıng ‘bright’���
báihuā

�����
bái-huāhuā ‘white’

Therearevarioussemanticandstylistic restrictionson adjectival reduplication.Thusthefol-
lowing areall unacceptable:

(7) ���y����� zhòngzh̀ong-ỳaoỳao ‘important’
���y����� wěiwěi-dàdà ‘majestic’
���y����� fēnf̄en-h́ongh́ong ‘pink’
�����#����� měiměi-lı̀l ı̀ ‘beautiful’
���y�� �  tòutòu-ḿıngḿıng ‘transparent’

In somecasesthereseemsto beasemanticclash.This is clearin thecaseof �#� wěidà ‘majestic’,
whereeven in Englishthephrase?a bit majesticseemsodd. In thecaseof ¡�  ‘sagacious’,the
adjective is apparentlytoo classicalto admitof reduplication.In othercasestherestrictionis less
clear.

1.2.3 Measure word reduplication

Measurewordscanalsoreduplicatein Mandarin,typically with themeaningof ‘everyX’: thus ¢
bàng ‘pound’ yields ¢�¢ bàngb̀ang ‘everypound’.Someexamplesfollow:

(8) ¢y¢ bàngb̀ang ‘everypound’£y£�¤
tiáotiáoyú ‘everyfish’¥y¥ ��¦ tàotào x̄ızhūang ‘everysuit’§y§�¨ � ji ànjiàn ȳıfú ‘everypieceof clothing’

Not all measurewordsseemto allow this reduplication.Thus:

6



(9) ��©y©�ª zh̄ızh̄ı shǒu ‘everyhand’
��«y«�¬ cèc̀e shū ‘everybook’
��­y­�® dádá dàn ‘everydozeneggs’
?̄#¯�° zuòzùo shān ‘everymountain’
?±#±�² zh̄ızh̄ı jı̄ ‘everychicken’

Notehoweverin contrastto thefinal examplein (9),wheretheduplicatedmeasurewordis adjacent
to thenoun;theconstructionis fine if theduplicatedform is separatedfrom thenoun,asin (10):

(10) ³�´�µ�² ,±�± ¶�·�¸
wǒmen-dejı̄, zh̄ızh̄ı dōu b̀ıng le
(our-DE chickenCL-CL all sickASP)
‘Everyoneof our chickensis sick.’

In somecasessimilar examplesappearto behave differently. Thus?¹º¹ rı̀rı̀ ‘every day’ is less
acceptablethan »#» tiāntiān ‘everyday’.

(11) ?¹#¹ rı̀rı̀ ‘everyday’ (okayin poeticlanguage)
»y» tiāntiān ‘everyday’¼y¼

niánnián ‘everyyear’

Finally, measureword reduplicationappearsto belimited to monosyllabicmeasurewords:

(12) ��½y¾�½�¾ gōngľı gōngľı ‘everykilometer’

1.2.4 Prefixation

Mandarinhasa few productive or semi-productive prefixes. Theseinclude: ¿ lǎo- usedwith
propernames;À xiǎo- ‘little’, alsousedwith names;theordinalprefix Á d̀ı; thecalendricalprefixÂ

chū; andtheverbalprefixes Ã hǎo- ‘good’ and Ä nán- ‘bad’. Theseareexemplifiedin (13):

(13) ¿ lǎo- ¿#Å lǎowáng ‘old Wang’
À xiǎo- À#Æ xiǎozhāng ‘little Zhang’
Á d̀ı- Á#w d̀ıȳı ‘first’Â

chū-
Â#Ç

chū sān ‘the third (dayof themonth)’
Ã / Ä hǎo-/nán- Ã#È / Ä�È hǎoch̄ı/nánch̄ı ‘tasty/bad-tasting’

Anotherprefix is É kě-meaning‘-able’. Thus:

(14) É kě- É�Ê kě-ài ‘lovable,cute’
É�Ë kě-k̀ao ‘reliable’

This is claimed— e.g.by Li andThompson(1981)— not to beveryproductive.
Finally, aclearlynon-productiveprefix is � dà- ‘big’, which is usedin a few nouns,suchas �Ì

dàxiàng ‘elephant’.

7



1.2.5 Suffixation

Productive suffixesaremoreplentiful in Mandarinthanproductive prefixes. Following, mostre-
cently, Packard(2000),we canclassifysuffixesinto two categories,namelyderivationalandin-
flectional.Examplesof derivationalsuffixesare:

(15) “Diminutive” suffixes:Í
-er Î Í niǎo-er ‘bird’Ï
-zi Ð Ï hóu-zi ‘monkey’Ñ
-tou Ò Ñ mán-tou ‘steamedbread’

(16) Otherderiationalsuffixes:�
-xué Ó#Ô � x̄ınlı̌-xué ‘psychology’Õ
-ji ā Ö#Ô ��Õ wùlı̌xué-jiā ‘physicist’×
-huà � × měi-hùa ‘Americanization’Ø
-l`ü Ù#® Ø sh̄eng-d̀an-l`ü ‘egg productionrate’ÚyÛ
-zȟuỳı !#Ü�� Ú�Û mǎkès̄ı-zhǔỳı ‘Marxism’

Commoninflectionalsuffixesincludeaspectualmarkers like ¸ -le and Ý -guò, andthe human
nounplural ´ -men:

(17) ¸ -le È#¸ ch̄ı-le ‘haveeaten’
Ý -guò È#Ý�¸ ch̄ı-guò-le ‘haveeaten’
´ -men Þ Ï ´ háizi-men ‘children’

Mandarinalsohasa wide rangeof resultativemarkerswhich might beconsideredeitherinstances
of suffixationor instancesof compounding.Thesearediscussedbelow.

Inflectionalsuffixesareonecategory wherethe differentsegmentationschemesdiscussedin
Section1.3 differ: thus the Mainland schemeand (presumably)the ROCLING schemewould
segmentß#à�´ péngy̌oumen‘friends’ astwowords(though³�´ wǒmén ‘we’ wouldbetwowords),
whereastheUniversityof PennsylvaniaChineseTreebankschemewouldsegmentit asoneword.

1.2.6 Compounding

Compoundingcomprisesthelargestcategoryof morphologicalderivationsin Mandarin.Thecases
wewill considerherearenominalcompoundingandverbalcompounding.Thereis alsoacategory
of adjectival (or, if you prefer, stative verbal),suchas �á� fěnh́ong (powder red) ‘pink’ or â �
xuěb́ai ‘snow white’.

Among nominalcompoundsonecandistinguishfull-word compounding,wherethe compo-
nentsareeachfull words,andwhatelsewhere(SproatandShih,1996)we have termedroot com-
pounds, whereat leastoneof theelementsis nota free-standingword;seealso(Packard,2000).

Verbal compoundingincludesresultatives, “parallel” (V-V) compounds,subject-verb com-
poundsand verb-objectcompounds. In principle, as Packardshows, eachof thesecan either
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involvefull wordsor roots,thoughwe’ll mostlyconcentratehereonthecasesinvolving full word-
s.

Eachof thesecompoundtypesareexemplifiedin thefollowing sections.

1.2.6.1 Full-Word Nominal Compounding. Nouncompoundsin Mandarindisplaythesame
rangeof meaningsasequivalentconstructionsin English.For example,acompoundXY canhave
a locational reading(‘a Y that is locatedin X’), a use reading(‘a Y that is usedfor X’) or a
material reading(‘a Y thatis madeoutof X’), amongothers.Someexamplesof severalkindsare
illustratedbelow:

(18) locationãyäæå#ç
kèt̄ıngshāfā ‘li ving roomsofa’è ! hém̌a ‘hippopotamus(riverhorse)’éëê
hǎigǒu ‘seal(seadog)’

(19) usedforì�í#î
zȟıji ǎ yóu ‘nail polish’ïyð�ñ
p̄ıngpāngqiú ‘pingpongball’òyó�ô�õ
tàiyángyǎnj̀ıng ‘sunglasses’öy÷
fànwǎn ‘rice bowl’

(20) material
�yÔ��æøyù dàlı̌sh́ıdı̀bǎn ‘marble(Dali rock) floor’ú ¿�û zȟılǎohǔ ‘papertiger’

(21) powered byüëý
diàndēng ‘electric light’þëÿ
fēngchē ‘windmill (wind cart)’

(22) organization
� �����

dàxúexiàozȟang ‘universitypresident’��� � � běijı̄ngdàxúe ‘Beijing University’

(
��� � � might alsobeconsideredto beaninstanceof location). Theonly relatively productive

type of compoundsin Mandarinthat have no productive counterpartin Englisharecoordinate
(oftenalsocalleddvandva) compounds.Theseareillustratedbelow:

(23) coordinate����	�	
bàbà māmā ‘f atherandmother’þ�

fēngshǔı ‘fengshui(wind water)’ú��
zȟı b̌ı ‘paperandpen’��

niú yáng ‘li vestock(cattlesheep)’

9



1.2.6.2 Root Nominal Compounding. Chinesehasa largenumberof whatwe will term root
compoundingfollowing earlierwork (SproatandShih, 1996);Packard(2000)calls thesebound
rootwords. An exampleis theword for ‘termite’

���
báiy̌ı, literally ‘white ant’, whereweunder-

line theportionmeaning‘ant’. ThenormalMandarinword for ‘ant’ is � � mǎy̌ı, andin normal
Mandarindiscourse,

�
y̌ı cannotbeusedasa separateword. Onedoesfind exampleslike,where

thefirst
�

y̌ı and � fēngin eachclauseareapparentlyfunctioningasfreewords:

(24)
�������

,� � � �
y̌ı yǒu y̌ıguó, fēngyǒu fēngguó
(anthaveantcountry, beehavebeecountry)
‘AntshaveAntland,beeshaveBeeland’

But this is clearlya caseof intentionalclassicalstyle: asPackardnotes,apparentcasesof fluidity
in whatcountsasaword in Chinese,nearlyalwaysaredueto influencesof registerandstyle.

Someexamplesof root compoundingfollow. In thefirst columnof eachof theexamples,the
normalMandarinwordis givenwith therootunderlined.In thesecondandthird columnsexamples
aregivenwith theroot in questionin theheador non-headpositionof thecompound.1 Thefact
thattheserootscanoccurin bothheadandnon-headpositionsuggeststhattheprocessin question
hasmorein commonwith compoundingthanit doeswith affixation, sinceaffixestypically select
to attachon onesideor theotherof their stems,but notboth.

(25) � � mǎy̌ı ‘ant’
� Å � �
y̌ıwáng ‘queenant’ gōngy̌ı ‘workerant’�yÏ

nǎozi ‘brain’
� 
�� ���
nǎoshǔızhǒng ‘hydrocephaly’ hòunǎo ‘hindbrain’���

cāngýıng ‘fly’
� � ø ��é��
ýıngsh̄ı ‘fly corpse’ d̀ızhōngȟaiýıng ‘Mediterraneanfly’���

mógū ‘mushroom’
�  !��
gūsǎn ‘pileus’ j ı̄ngū ‘goldenmushroom’

SproatandShih(1996)arguethatroot compoundingis productive; we’ll examinethoseargu-
mentslateron. For now notethatthatconclusionarguesagainstDai (1992),who claimsthatonly
morphologyinvolving full wordsis productive.

1.2.6.3 ResultativeCompounds. Themostproductiveclassof verbalcompoundsin Mandarin
aretheresultative compounds.Theseareformedby thesuffixation of a resultative marker to the
stem.Somecommonresultativemarkersare:

(26) " shàng ‘up’"
xià ‘down’

1SeePackard(2000)for anextensivediscussionof headednessin Mandarin.
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#
j ı̀n ‘enter’$
chū ‘(go) out’%�&

q̌ılái inchoative'
húı ‘return’(
guò ‘pass,across,beyond’)
kāi ‘open’*
wán ‘finish’+
dào ‘reach’,
hǎo ‘good,complete’-
šı ‘die’.
ji àn ‘see,perceive’/
pò ‘break’0�1

q̄ıngchǔ ‘clearly’

Theexactmeaningof many of theseaffixesdependsupontheverbit combineswith. Themeanings
includeresult, achievement, dir ection, amongothers:

(27) result 2 / dǎpò ‘breakby hitting’3�)
lākāi ‘open’

achievement 4 051 xiěq̄ıngchǔ ‘write clearly’6�+
mǎidào ‘succeedin buying’

dir ection 7 (58 tiàogùoqù ‘jump across’9�#5&
zǒuj̀ınlái ‘comewalking in’

Resultativescanusuallybe ‘augmented’with the so-called‘infix es’ : dé ‘able’ and ; bù ‘not
able’. Theseaddthesenseof ‘(not) ableto achieveX’ to theresultative. Sofrom 7 (�8 tiàoguòqù
‘jump across’onecanform:

(28) 7�: (�8 tiàod́eguòqù ‘able to jump across’7�; (�8 tiàobùguòqù ‘not ableto jump across’

1.2.6.4 Parallel Compounds. Parallelcompoundsconsistof verbsformedfrom apairof other
verbs,with acoordinateinterpretationof thepair. Someexamples:

(29) < 6 gòu-m̌ai (buy-buy) ‘buy’=�>
ji àn-zh̀u (build-build) ‘build’?�@
ji ǎn-chá (examine-examine) ‘examine’A�B
zh̀ı-li áo (treat-treat) ‘treat (asickness)’
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1.2.6.5 Subject-PredicateCompounds. Subject-predicatecompoundsconsistof a nounfol-
lowedby a verbfor which thenounactsasasubject.For example:

(30) C�D tóu-t́eng (headhurt) ‘(havea)headache’E�F
zǔı-ỳıng (mouthhard) ‘stubborn’G�H
yǎn-h́ong (eye red) ‘covet’I�J
x̄ın-sūan (heartsour) ‘feel sad’K�L
m̀ıng-ǩu (life bitter) ‘toughstraits’

While the noun appearsto be assigneda thematicrole by the verb, the whole verb itself still
assignsanexternalthematicrole: oftenthethematicrole assignedby thesubject-predicateverbis
notionallythe“possessor”of theincorporatednoun:

(31) M�C�D .
wǒ tóu téng
(I headhurt)
‘I haveaheadache.’ (= ‘My headhurts.’)

(32) N�O E�F !
ňı zh̄enzǔı-ỳıng
(you really mouthhard)
‘You arereally stubborn!’( P ‘Your mouthis really hard!’)

1.2.6.6 Verb-Object Compounds. A muchlarger category of verb-argumentcompoundsare
verb-object(VO) compounds.Someexamplesaregivenin (33):

(33)
$�Q

chū-bǎn (emit edition) ‘publish’R�S
shùı-ji ào (sleepsleep) ‘sleep’T�U
b̀ı-yè (finishcourseof study) ‘graduate’)�V
kāi-dāo (operateknife) ‘operate’)�W�X
kāi-wánxiào (operatejoke) ‘make fun of’Y�Z
zhào-xiàng (shineimage) ‘takeaphoto’

The situationwith VO’s is morecomplex thanthatof subject-predicatecompounds.First of all,
while someVO compoundsallow objects(34),othersdonot (35):

(34) [�\ $�Q ]�^�_�`
tāmenchūbǎn-le nèiběnshū
(they publish-PERFthat-CLbook)
‘They publishedthatbook.’
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(35) * [�\ )�V5I�a
tāmenkāidāo x̄ınz̀ang
(they operateheart)
‘They areoperatingon theheart’

Second— andthis is whathasmadethestructureof VO compoundscontroversial— theO portion
of VO’s is generallyseparableto somedegreefrom theV. Thisseparationcaninvolvemarkingthe
V with an aspectualmarker (36), markingthe N with a numeral-classifiercombination(37) and
possiblyan adjective (38), markinga “possessor”of the object (39), or even preposing(40) or
questioningtheobject(41):

(36) M R ]�S
wǒ shùı-le ji ào
(I sleep-PERFsleep)
‘I fell asleep’

(37)
)�b�c�W�X
kāi ȳıgewánxiào
(operateone-CLjoke)
‘make fun of’Y d�e�Z
zhào li ǎngzh̄angxiàng
(shinetwo-CL photo)
‘take two photos’

(38) M R ]�b�c5f�S
wǒ shùı-le ȳıgexiǎo ji ào
(I sleep-PERFone-CLlittle sleep)
‘I tooka little nap.’

(39)
) [�g W�X
kāi tādewánxiào
(operatehis joke)
‘make fun of him’

(40)
b�c�h M�i5j�k�l
ȳıgebiànwǒ dōuméiyǒu dà
(one-CLconveniencei all NEGhavebig)
‘I haven’t defecatedat all.’
(cf. l h dàbiàn (big convenience)‘defecate’)

(41) N )�m�n�V ?
ňı kāi sh́enmodāo
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(youoperatewhatknife)
‘What kind of operationareyou having?’

Variousauthors,including Chao(1968),J. Huang(1984),andmostrecentlyPackard(2000)
have presentedanalysesof VO compounds,focussingon thequestionof whethertheseshouldbe
consideredlexical or phrasalconstructions.Packardargues,somewhatalongthe linesof Huang,
that VO compoundsmay be eitherwordsor phrasesdependinguponthe constructiononefinds
themin, but thatoncea VO constructionbecomesa word via lexicalization,it is basicallyaword,
andadmitsof only limited phrasalreanalysis.

On theetymologicalside,notethata numberof VO compoundswerenot etymologicallyVO,
but have only beenreinterpretedas suchover time, theseinclude oqp x̌ı-zǎo ‘bathe’ and l h
dà-biàn ‘defecate’.

1.2.7 Other Kinds of Word Formation.

Sofar we have beendiscussingword formationtypesthatwould normallybethoughtof asmor-
phological.But in any Chinesetext corpusonewill find many instancesof wordsthatareformed
in waysthatonewouldnotnormallythink of asmorphologyperse,but whichnonethelessexhibit
certainregularities.Amongthesearepersonalnames,foreignwordsandnamesin transliteration
andabbreviations.Abbreviations,or r�4 suōxiě(shrunkenwriting) arethetopicof Section1.2.7.1.
Webriefly discuss(Chinese)personalnamesandforeignwordsin transliterationhere.

Full Chinesepersonalnamesare in one respectsimple: they are always of the form fam-
ily+given. The family nameset is restricted: thereare a few hundredsingle-characterfamily
names,andaboutten double-characterones. Given namesare most commonlytwo characters
long, occasionallyonecharacterlong: therearethusfour possiblenametypes,which canbede-
scribedby asimplesetof context-freerewrite rulessuchasthefollowing:

(42) 1 word s name
2 name s 1-char-family 2-char-given
3 name s 1-char-family 1-char-given
4 name s 2-char-family 2-char-given
5 name s 2-char-family 1-char-given
6 1-char-family s chart
7 2-char-family s chart charu
8 1-char-given s chart
9 2-char-given s chart charu

Thedifficulty is thatgivennamescanconsist,in principle,of any characteror pairof characters,so
thepossiblegivennamesarelimited only by thetotalnumberof characters,thoughsomecharacters
arecertainlyfar morelikely thanothers.
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(Theabove treatmentalsofails to cover “double-barreled”family names,which arestill com-
monly usedto refer to marriedwomen: thus

eqvxwzy
zhāng wáng jı̄nlán ‘Mrs. Jinlan (Wang)

Zhang’,thoughthedescriptioncouldbestraightforwardlyenoughextendedto cover these.)
Foreignnamesareusuallytransliteratedusingcharacterswhosesequentialpronunciationmim-

ics thesourcelanguagepronunciationof thename.Sinceforeignnamescanbeof any length,and
sincetheiroriginalpronunciationis effectivelyunlimited,theidentificationof suchnamesis tricky.
Fortunately, thereareonly a few hundredcharactersthat areparticularlycommonin translitera-
tions; indeed,the commonestones,suchas { bā, | ěr, and } ā areoften clear indicatorsthat
a sequenceof characterscontainingthemis foreign: evena namelike ~���| xià-m̌ı-ěr ‘Shamir’,
which is a legal Chinesepersonalname,retainsa foreignflavor becauseof | ěr. Someendings
arealsogoodindicatorsof foreignwords.Thusfor instance,thecommonEnglishplacename‘suf-
fixes’, -nia (e.g.Virginia) and-sia (e.g.Malaysia) havestandardtransliterationsas ��� ńı-yǎ and� � x̄ı-yǎ, respectively, andwordsendingin thesesequencesareinvariablytransliteratedforeign
placenames.Also, typographicalconventions,suchastheuseof thecenterdot ‘ � ’ areoftenused
to separatethecomponentsof foreignnames,andthesearethereforeoftencuesto a foreignname:��y ����� �����5� fǎlánx̄ıs̄ıkē kèľıméng‘FrancescoClemente’.

1.2.7.1 Suoxie. Suoxiearea commonway of producingshortenedforms of (especially)long
namesin Chinese.It is very typical of namesof official organizations,but therearequite a few
otherusestoo. While suoxieareoftenalsocalled“abbreviations”, they areactuallymostclosely
relatedto acronyms,suchasNATO or UNICEF, in languagessuchasEnglish.Trueabbreviations,
suchaskg. in English,areexpandedinto full wordswhenread:onesayskilogram ratherthanK
G, whenreadingkg.. In contrast,acronymsandsuoxiearereadaswords,andnot expandedinto
their original forms.2

Theformationof suoxieis complex, andwewill returnmorefully to theissuein alatersection.
For now notethatsuoxiearetypically formedby takingthefirst characterof eachcomponentof a
word; someof theseexamplesarefrom (Wang,1996):

(43) � ��� ����� � �����
yǎzhōu p̄ıngpāngqiú li ánméng yǎ p̄ıng li án
AsianPing-PongAssociation

(44) � U�� ��� � ���
gōngyè yánji ù yuàn gōngyán yuàn
IndustrialResearchCenter

(45) � ����{ � ���5��� ��{ �5�
y̌ısèliè bālès̄ıdànhètán y̌ı bā hètán
Israel-Palestiniandiscussions

2In fact,Chineseseemsto lack trueabbreviations:evenborrowedabbreviationssuchaskg. arereadassequences
of letters(K G) ratherthanexpandedinto thecorrespondingword. See(Sproat,2000)for discussion.
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As thelastexampleshows, thesuoxieis not limited to picking morphologicallysensiblepiecesof
words: ����� y̌ısèliè ‘Israel’ and{�� �5� bālès̄ıdàn ‘Palestine’,aresoundtransliterations,andthe
first syllablesusedin thesuoxieexamplein (45)— � y̌ı and{ bā respectively — aremeaningless
componentsof thesetransliterations.

Thoughmost suoxieinvolve the first charactersof constructions,thereare caseswherethe
secondcharactermustbeused,asin thestandardabbreviation of ��� xiānggǎng ‘Hong Kong’ as� gǎng:

(46) �  ���� ���
táiwān xiāngǧang tái gǎng
Taiwan-HongKong

¡ ¢�£�¤ ¡�¤
zhōngguó sh́ıyóu zhōngyóu
ChinaOil

Therearealsocaseswherethesuoxieform is suppletive: this is truefor abbreviationsof many
ChineseProvinces,for example.An instanceof thisis theform ¥ hù for ¦�§ shàngȟai ‘Shanghai’.

(47) ¦�§ ¨ ©�ª�« ¥�¨�ª�«
shàngȟai hángzhōu tiělù hù hángtiělù
Shanghai-HangzhouRailway

1.3 Segmentationstandards

Decidingwhatis awordin Chineseis notpurelyatheoreticalor academicexercise:it haspractical
consequencesfor awidevarietyof applicationsboth“sociological” andtechnological.

The sociologicalapplicationsaroseearly in the twentiethcentury in the context of various
attemptsto romanizeChineseorthography:the two competingproposalsfor romanizationwere
the
¢�¬�­�®�¯�°�±

guǒyǔ luómǎz̀ı yùndòng ‘MandarinRomanizationMovement’(of which Y. R.
Chaowasamajorproponent)andthe

3�²�³�°�±
lād̄ınghùa yùndòng ‘LatinizationMovement’.In

theseandotherromanizationschemes,theissuearoseof decidinghow to putgrouptheromanized
spelling of morphemesinto word-sizedchunks,somethingthat was of coursenot facedin the
traditionalorthography. See(Pan,Yip, andHan,1993,chapter5).

The technologicalinclude information retrieval (Wu and Tseng,1993; Palmer and Burger,
1997), text-to-speechsynthesis(Sproatet al., 1996; Shih andSproat,1996a)andspeechrecog-
nition. In text-to-speechsynthesis(TTS), for example,correctplacementof word boundariesis
importantfor assigningappropriateprosody. Suchapplicationsrequirethe ability to automati-
cally predictword boundariesfrom anunsegmentedstreamof characters;aswe shallseein later
sections,this is nota trivial task.

If oneis developingalgorithmsfor Chinesewordsegmentation,it is desirableto haveastandard
againstwhich to compareone’s progress:in the absenceof an orthographictradition of writing

16



word boundaries,andin the absenceof clearintuitions in many casesof native readers,how do
I know that I’m segmentinga text “correctly”? To addressthis problem,therehave beenseveral
recentlyproposedstandardsfor how to determinewhata word is in Chinese.

Thestandardsinclude:

´ MainlandStandard(GB/T 13715–92,1993).

´ ROCLING Standard(Huanget al., 1997).

´ Universityof Pennsylvania/ChineseTreebank(Xia, 1999).

1.3.1 Mainland Standard.

The Mainland standardis characterizedby lots of specificrules, not all of them explainedor
justified.For instance,onerule is:

Nounsderivedin µ ji ā, ¶ shǒu, · x̀ıng, ¸ yuán, ¹ zi,
³

huà, º zhǎng, C tóu,»
zhearesegmentedasoneword:

��¼ µ kēxúejiā ‘scientist’

Thisseemsreasonableenough,but for somereason\ menis segmentedseparately, exceptin ½�\
rénmen‘people’,andwordswith erhua: ¾�¿�\ gērmen‘brothers’. Personalnamesarealsosplit:ÀÂÁ�Ã

‘Mao Zedong’.
AABB reduplicantsareoneword: Ä�Ä�Å5Å gāogāox̀ıngx̀ıng ‘happy’. OntheotherhandABAB

reduplicantsaretwo words: Æ�ÇÈÆ�Ç xuěb́aixuěb́ai ‘snow white’.

1.3.2 ROCLING Standard.

TheROCLING standardseeksastandardthatis “linguistically felicitous,computationallyfeasible,
andmustensuredatauniformity.” As such,generalguidelinesaresetoutfrom whichmorespecific
rulesof segmentationcanbederived.Thetwo mainguidelinesareasfollows:

1. A stringwhosemeaningcannotbederivedby thesumof its componentsshouldbe treated
asasegmentationunit.

2. A stringwhosestructuralcompositionis notdeterminedby thegrammaticalrequirementsof
its components,orastringwhichhasagrammaticalcategoryotherthantheonepredictedby
its structuralcompositionshouldbetreatedasasegmentationunit.

More specificguidelinesinclude:

1. Bound morphemesshouldbe attachedto neighboringwords to form a segmentationunit
whenpossible.
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2. A string of charactersthat hasa high frequency in the languageor high cooccurrencefre-
quency amongthecomponentsshouldbetreatedasasegmentationunit whenpossible.

3. Stringsseparatedby overtsegmentationmarkersshouldbesegmented.

4. Stringswith complex internalstructuresshouldbesegmentedwhenpossible.

Finally, a referencelexicon,basedona referencecorpusis assumed.

1.3.3 University of Pennsylvania Standard.

TheUniversityof Pennsylvaniastandardis moreakin in spirit to theMainlandstandardin that it
haslessphilosophythantheROCLING standard,andmoredetailedrules.

Onepropertythat is relevant to applicationssuchasTTS is sensitivity to phonologicalcon-
siderations.Thus,while ÉqÊ sh̀ınèi ‘in the room’ is consideredto be a singleword,

¡ÌË �qÍ
zhōngw̌u y̌ıhòu ‘after noon’ is consideredto be two words,which accordswith thesensethat Ê
nèi ‘in’ functionsasanaffix whereas��Í y̌ıhòu is phonologicallyaseparateword.

AnotherpropertythatsetstheUPennstandardapartfrom theothersis thatinternalstructureis
marked.So 2�: / dǎ-dé-p̀o ‘able to break’is taggedas[ 2 /V : /DER

/
/V]/V, or in otherwords,

asacomplex wordwith internalstructure.

1.3.4 Comparison betweenthe systems

A detailedcomparisonbetweenthethreestandardsis beyondthescopeof this discussion,but it is
usefulto considera few differences,whichwe lay out in Table2, adaptedfrom (Xia, 1999):

Form UPenn Mainland ROCLING Example
ABAB ABAB AB-AB ABAB

�������
‘research(a bit)’

AA- Î [AA/V kàn/V]/V AA kàn AA kàn Ï�Ï�Î
‘talk aboutit andsee’

Pers.Names OneSeg Two Segs OneSeg Ð�Ñ�Ò
ShiLixuan

Noun+ \ OneSeg Two Segs Two Segs Ó�Ô�\
‘friends’

Ordinals OneSeg Two Segs Two Segs Õ b
‘first’

Table2: Somedifferencesbetweenthesegmentationstandards,from (Xia, 1999).
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To date,only relatively small standardcorporahave beensegmentedaccordingto thecriteria
proposedby thesestandards.For instance,at the time of writing, the UPennstandardhasbeen
appliedto only 100K words; the ROCLING standardhasbeenappliedto somewhat more— 5
million words.

1.4 Preview: What Corpus-BasedMethodsCan Do For Us

Sofar we have only talkeddescriptively aboutmorphologicalprocessesandtheir productivity. In
theremainingsectionson morphologywewill considerwhatcorporaof textscantell usaboutthe
morphologyof Chinese.

Onething suchcorporacangiveusa clueto is how stronglya sequenceof characterscoheres
asaunit, or in otherwordshow stronglya sequenceof charactersareassociatedwith oneanother.
While suchinformationdoesnot automaticallytell usthatthesequenceis a word, it at leastgives
usa cluethatperhapsthesequencein questionis a lexical item. We will startin thenext section
with adiscussionof measuresof association.

Wecanalsoexaminetheproductivity of morphologicalprocesses.In variousplacesin thisfirst
sectionwehavementionedthatsuchandsuchaprocessis productive. Wewill show thatintuitions
aboutproductivity oftenhaveastatisticalinterpretationthatcanbederivedfrom thedistributionof
wordsof aparticularmorphologicalclassin corpora.

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

Corpus-basedmethodshave alsobeenarguedto give us a handleon someotherwisehardto
pin down processessuchassuoxie.

Finally, statisticalcorpus-basedapproacheshave a practicalapplicationto variousnatural-
languageprocessingtasks. In the caseof Chinese,one importantsuchapplicationis to word
segmentation.
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2 Statistical Measures

In this sectionwe cover threeapplicationsof statisticalmethods.Thefirst is thedistributionsof
word frequencies,the secondmorphologicalproductivity, andthe third measuresof association
betweenterms.

The discussionin this sectionpresumessomeknowledgeof elementarystatistics. A good
introductionto the statisticsrelevant for the statisticalanalysisof languagecanbe found in the
introductorychaptersof (ManningandScḧutze,1999).

2.1 Propertiesof Word FrequencyDistrib utions

As is well-known, a histogramof thewordsin any reasonable-sizedcorpusfor any languagewill
reveala distribution that is oftendescribedasZipfian, namedafterGeorgeKingsley Zipf, oneof
theearlieststudentsof word frequency distributions(e.g. (Zipf, 1949)).Zipf ’s Law statesthatthe
frequency of a word ÖØ×ÚÙÜÛ is proportionalto theinverseof its rank ÝÞ , wheretherankis simply the
positionin which theword occursin aninversefrequency orderedlist:

(48) ÖØ×ßÙàÛâá ÝÞ
Figure1 showsa typicalword frequency distribution,plottedona log-logscale,for the37million
wordsof the1995AssociatedPressnewswire. Notethat thelog-log plot in Figure1 is almost—
but not completely— straight. At the top of the plot, the distribution startsoff almostflat; this
partof thedistribution is accountedfor by just thefirst tenor sohighestfrequency words. At the
bottom,weseequantizationat thelowestfrequencies(highlightedby thefactthatthis is a log-log
plot). Thelowerportionof thecurvealsoshowsaslightbulge.Still, thiscurveis relativelyflat,and
to seethis compareFigure1 with Figure2, whichplotsthedistribution for Chinesecharacters for
the10 Million characterROCLING corpus.In this casethecurve is markedly bulged,indicating
thatmostcharactersoccura lot (100or moretimes),andonly a smallnumberoccurinfrequently:
this is characteristicof a situationwherethe numberof basicelementsis fixed, andmostof the
elementsare“saturated”.

The Zipfian characterof typical word distributionsleadsto a situationwhereonehaslots of
wordsthatoccurjusta few times,or in otherwordswherethereis aLargeNumberof RareEvents.
For the1995AssociatedPresscorpus,for instance,fully 40%of theword typesoccurjust once,
a fairly typical proportion. (In contrastamongthe 10 Million characterROCLING 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 thestatisticaltreatmentof text. For example,

3Notethat this mayin partbedueto thedesignof theBrown corpus,which consistedof a largenumberof small
selectionsfrom a variety of genres:onemay thereforebe seeingthe effectsof an oversamplingof words that are
relatively genre-specific,andthusoccurin onesample,but nowhereelsein thecorpus.
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Figure1: Rank(x) plottedagainstfrequency (y) ona log-log scalefor the1995AssociatedPress.

Dunning(1993)arguesthatmany measuresof associationthathavebeenproposed,suchasmutual
information(seeSection2.3.2)areinappropriatesincethey assumeanormaldistributionof words,
which is not thecase.

Anotherimportantpropertyof word frequency distributionsis thattheparameterschangewith
the corpussize. Clearly for increasingcorpussize ã (i.e., the numberof word tokensin one’s
sample),thesizeof thevocabulary (thenumberof word types) ä�×åãxÛ increases.Thisaccordswith
intuition: themoretext onelooksat,themorewordsoneexpectsto see;seeFigure3, PanelA. But
asBaayen(2001)notes,otherparametersalsoincreasewith increasingsamplesize.Thusonecan
measurethemeanfrequency of wordsas æçéè æëê . This, too, increaseswith samplesize;seeFigure3,
PanelB. Thisalsomakesintuitivesense:as ã continuesto increase,youwill continueto seenew
words,but thelarger ã gets,thefewernew wordsoneexpectsto seein thenext unseensample.Soä5×ÚãâÛ grows,but notasquickly as ã . Thus æçìè æíê increaseswith increasingã . Muchof Baayen’s
discussionis devotedto whathetermsthe“questfor characteristicconstants”,that is measurable
propertiesof corporathatareinvariantwith corpussize.As hediscusses,therehave beenvarious
proposalsof varying degreesof mathematicalsophistication,but on the whole the questhasnot
beensuccessful.Themoralof this storyis thatany parametersthatonecollectsfrom a corpusare
likely to beaffectedby thesamplesize.
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Figure2: Rank (x) plottedagainstfrequency (y) on a log-log scaleover characters for the 10 Million
characterROCLING corpus.

2.2 Measuresof Mor phologicalProductivity and a CaseStudy

Oneof themostinterestingresultsof work on corpus-basedstudiesof morphologyover thepast
decadeor sohasbeenthedevelopmentof robustmeasuresof morphologicalproductivity; much
of this work hasbeendoneby Baayenandhiscolleagues.

Variousmeasuresof morphologicalproductivity have beenproposedin the literature. One
measure,dueto Aronoff (1976),anddiscussedin (Baayen,1989)is definedas:

(49) î�ï ç ð
where ä is thenumberof distinct instancesof a morphologicalcategory — e.g.,all wordsin an
Englishdictionaryendingin the suffix -ness— and ñ is the numberof potential typesof that
category. The idea,clearly, is that if an affix, say, is productive, onewill find that a lot of the
formationsthattheaffix mightpotentiallyform will in factbefound.

Theproblemof courseis to measureä and ñ . ä cannotbemeasuredsimply by countingthe
wordsof a givenmorphologicalcategory found in a dictionary: asBaayenobserves,dictionaries
are typically unreliableindicatorsof what words thereare in the language,particularlywhen it
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Figure3: Vocabulary size õ�öø÷5ù (PanelA) andmeanword frequency æçìè æíê (PanelB) asa function of
samplesize ÷ in Alice in Wonderland, measuredat 20 equallyspacedintervals. From (Baayen,2001),
figureandcaptionkindly providedby HaraldBaayen.

comesto productiveformations:it is notworth thespaceor timeto developlonglistsof entriesfor
wordswherethe formationis predictableandthereforepresumablyknown to the (native) reader
anyway. Onemight of coursemeasureä by countingthe typesof a given category found in a
corpus,but still oneis likely to missvalid instancesthat simply fail to occurin the corpus. It is
even moreunclearhow to estimateñ : the Englishsuffix -ness, would seemto be ableto attach
to any adjective,soonemight reasonablycalculateñ by first computingthenumberof adjectives
(ignoring for the sake of argumentthe fact that this itself is hardto estimate).But what abouta
(seeminglylessproductive) deadjectival-nounforming affix -ity. Is ñ to be computedunderthe
assumptionthat -ity attachesto any adjective? Perhapswe shouldtake into accountthe fact that
-ity seemsto attachalmostexclusively to latinateadjectivesandlowerourestimateof ñ . But then
whatabout-th, asin width, or breadth? This is evidently a veryunproductiveaffix in English,but
onwhatbasisdowedraw thatconclusion:perhaps-th is legitimatelyrestrictedto thesetof native
monosyllabicadjectivesthatdenotephysicalproperties,a verysmallset.In thatcasethemeasureç ð

mightactuallybesomewhatlarge.
A measurethatturnsoutto bereasonablein thatit hasawell-definedmethodof computing,and

accordswith intuitionaswell asmorerigorouspsychologicalmeasuresof productivity is thatgiven
in (50) (Baayen,1989;BaayenandLieber, 1991).Here ã is thenumberof tokensof a particular
constructionfoundin aparticularcorpus:for example,thenumberof tokensof all nounsendingin
-ation. Theterm ú Ý representsthenumberof hapaxlegomena,thetypesof thatconstructionthat
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arerepresentedin thecorpusby asingletoken.

(50) ûüï ú Ýã
This measureis the sameaswhatChurchandGale(1991)call the ‘Good-Turing’ Measure,and
originatesin work of Good(1953)on populationbiology. û is actuallyan estimateof theprob-
ability that thenext token thatwe seeof a particularconstructionwill beonethatwe have never
seenbefore.

Onecangetan intuitive feel for why this ratio givesa goodapproximationof this probability
by consideringthe standardprobability-textbook metaphorof an urn full of balls. Considerthe
bucket in Figure4 containinga largenumberof balls,andsupposewehavesampledtheseballsas
shown sothat in our samplewe have 9 greenballs,8 redballs,6 orangeballsandfour blueballs.
If our samplecouldbearguedto belargeenough,it would bereasonablefor usto supposethat if
we werethento continuedrawing balls we would find that therewereonly four colors,andthat
they wouldcontinueto 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 shown in Figure 5, and we do the same
experiment,but this time we find that in additionto a numbereachof green,red,orangeandblue
balls,therearecolorswhichareonly representedby two ballsin thesample,andevenmorecolors
that areonly representedby oneball in the sample. In this case,againassumingour sampleis
sufficiently large, we would be much lessconfidentthat we hadseenall the colors that we are
going to see. Indeed,themoresingletoncolorswe find, themorelikely we would be to assume
that if we continueto draw balls,we will continueto find new colors. Now obviously we would
wantto scaleourestimateof theprobabilityof findingnew colorsby thesizeof thesamplewehave
chosen:if wefind 20singletonsoutof asampleof 100balls,wewouldexpectahigherprobability
of seeingnew colorsthanif we saw 20 singletonsout of a sampleof 1000balls. But this scaled
estimateclearlyinvolvestheratio ú Ý

ý ã .
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Figure5: A collectionof ballswheremany ball typeshave notbeenseen.

To completethestoryweneedto maketheconnectionbetweentheprobabilityestimateú Ý
ý ã ,

andthenotionof productivity of a particularmorphologicalcategory. But this is elementarysince
themoreproductiveacategory is, thehigherourexpectationthatthenext instanceof thatcategory
we seewill be novel. Thus û , asdefinedabove seemsto be a reasonablyintuitive measureof
morphologicalproductivity. See(Baayen,1989;Baayen,1993)for moreextensive justificationofú Ý
ý ã asonemeasureof productivity, andfor somecomparisonwith otherconceivablemeasures.
To giveasenseof thekindsof valuesof û thatareassociatedwith productivemorphemes,we

list in (51) someexamplesof productiveDutchmorphologicalprocessesfrom (Baayen,1989):

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

Comparablevaluesfrom (BaayenandLieber, 1991) for someEnglishmorphologicalprocesses
are given below. Simplex nounsare includedsinceit is useful to comparethe productivity of
morphologicalprocessesasestimatedby û , with theestimatedproductivity of what is putatively
aclosedclass:

(52) Morpheme û
-ness 0.0044
-ish 0.0034
-ation 0.0006
-ity 0.0007
simplex nouns 0.0001

Returningto Mandarin,notethat û for thesomewhatproductive(thoughrestricted)nounplural
affix \ -menis about0.04; for the corpusover which this valuewascomputed,ã ïÿþ������ and
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ú Ý ï������ . Similarly, û for theveryproductiveexperientialverbalaffix
(

-guò is 0.20,basedona
samplewhere ã ï
	��
�
� and ú Ý ï��
�
� . (Thereaderis invited to comparetheseû valueswith theû valuesfor themoreproductive nominalrootsgivenbelow in Table4.) Onecancomparetheseû valueswith thatof single-characternouns— anobviously closedandnon-productive class—
which is effectively 0.

Lab Exercise1 for this sectiondealswith measuringthe productivity of variousMandarin
affixeson thePennChineseTreebankcorpus.

2.2.1 Mandarin Root Compounds: A CaseStudy in Mor phologicalProductivity

(Thefollowing discussionis asummaryof thesalientpointsof (SproatandShih,1996).)
Following Anderson’s (1992)analysisof compoundsin English,Dai (1992)arguesthatcom-

poundingin Mandarinalwaysconsistsof thecompositionof freewords,neverboundforms.4 Thus
while theexamplein (53) is acompound,theexamplein (54) is not:

(53) ����� hām̀ıguā (Hami melon)‘cantaloupe’

(54) ��� xiāngcháng(fragrantintestine)‘sausage’

This is becausein ����� hām̀ıguā, ‘cantaloupe’,both ��� hām̀ı ‘Hami’ and � guā ‘melon’ are
words.But in ��� xiāngcháng ‘sausage’,� xiāng ‘fragrant’ is a word,but � cháng ‘intestine’ is
notaword,but rathera boundroot: thenormalMandarinword for ‘intestine’ is ��� chángzi.

Theproblemis thatsuchboundrootsseemto play anactive role in themorphologyof Man-
darin,occurringin a largenumberof formations.A few moreexamplesfollow, wherein eachcase
thefull form of theword is givenfirst with thenominalroot underlined,andthena derivedword
is illustrated:

(55) ��� mǎy̌ı ‘ant’ � gōngy̌ı ‘workerant’

(56) ! � nǎozi ‘brain’! "$# nǎoshǔızhǒng(brainwaterswelling)‘hydrocephaly’

(57) %�& cāngýıng ‘fly’'�(�) & d̀ızhōngȟaiýıng ‘Mediterraneanfly’

(58) *�+ mógū ‘mushroom’+ , gūsǎn (mushroomumbrella)‘pileus’
4NotethatDai’snotionof compoundaccordswith what(Packard,2000)callscompound,thoughPackard,follow-

ing (SproatandShih,1996),doesacknowledgetheexistenceof productivenon-word-basedmorphologicalformations.
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Not only do the formationsseemproductive, but they arenot constrainedto onepositionor an-
other, belyingany notionthatthesemight besomeform of affix, sinceaffixestypically attachin a
predeterminedposition.See(59), repeatedfrom (25):

(59) � y̌ı � -  �
y̌ıwáng ‘queenant’ gōngy̌ı ‘workerant’! nǎo ! "�# .�!
nǎoshǔızhǒng ‘hydrocephaly’ hòunǎo ‘hindbrain’& ýıng & / '�(0) &
ýıngsh̄ı ‘fly corpse’ d̀ızhōngȟaiýıng ‘Mediterraneanfly’+ gū + , 1�+
gūsǎn ‘pileus’ j ı̄ngū ‘goldenmushroom’

This appearsto suggestthatsuchconstructionsmustbecompounds:theoreticalprejudicesaside,
whatelsecouldthey be?However, if it turnedoutthatthey werenotproductive,onemightperhaps
discountthem.Soarethey productive?

Table3 shows all examplesof derivedcompoundsinvolving the root + gū ‘mushroom’col-
lectedfrom a40 million charactercorpus.5 While someforms,suchas ��+ xiānggū ‘mushroom’
and *$+ mógū ‘mushroom’occurvery frequently, 19 (38%)of thetypesoccurjustonce.

Resultsarepresentedin Table4. For eachroot we presentthecanonicalwholeword derived
from thatroot,alongwith thevaluesfor:243652872:9 : thenumberof typesin oursample,correspondingto Baayen’s(1989)notionof pragmatic

usefulness28;6<>=@? : thetokencountfor themostfrequenttype,and2BA
The datarepresentall (relevant) examplesfound in the databasewith the exceptionof the noun
roots C sh́ı ‘rock’, and ! nǎo ‘brain’, which exhibit too many derivatives in the databasefor
hand-checkingto bepractical:for theserootswe took randomsubsamples.As thedatain Table4
show, rootsrangingfrom C sh́ı ‘rock’ to D dù ‘belly’ form root compoundswith somedegreeof
productivity.

It is worth notingthat in somecasesthevaluefor A wassignificantlydiminishedby thepres-
enceof asingletypewith extremelyhightokenfrequency. Themostdramaticcaseis with theroot! nǎo ‘brain’, wherethe ;6<>=@? valueof 791is associatedwith theword E�! diànnǎo ‘computer’.

5Providedby UnitedInformatics,Inc.
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224 ��+ 104 *�+ 102 F$+
23 + G 16 + H 9 I$+
9 J�+ 8 + K 8 L$+
8 M�+ 7 1�N0+ 6 O$+
5 + P 4 + , 4 + Q
4 R�S0+ 4 T�+ 3 U$M0+
3 V�W0+ 3 X�+ 3 L$Y0+
2 + Z 2 + [ 2 \$+
2 ]�+ 2 ^�+ 2 U$Y0+
2 _�`0+ 2 _�+ 2 a$Y0+
2 O�+ b 2 c�+ d�e 1 + f
1 + g 1 + h 1 + i
1 + j 1 + k 1 R$+
1 l�+ 1 m�+ 1 n$+
1 i�+ 1 o�+ p 1 q$+
1 1�+ 1 r�]0+ 1 s$+
1 t�_0+ 1 u�+ 1 v$+

Table3: Distribution for theMandarinnominalroot gū ‘mushroom’collectedfrom a 40 million character
corpus.

In otherwords,73%of the tokensderivedfrom ! nǎo ‘brain’ canbeattributedto this onetype.
Oneis almostjustified in removing E�! diànnǎo ‘computer’ from our data,both becauseit is a
statisticaloutlier, andbecauseit clearlydoesnot belongto the‘brain’ classon semanticgrounds.
Werewe to do this, the A valuefor ! nǎo ‘brain’ would increasedramaticallyto 0.12.In general,
for thoserootswhere;w<x=y? representsa largepercentageof 7 , theproductivity is almostcertainly
beingunderestimatedby the A valueswehavepresented.

So at leastsomerootsseemto be fairly productive, somewherebetweenthe productivity of
a very productive inflectionalaffix suchasthe experientialaffix z -guò andthe lessproductive
nominal plural affix { -men. This suggeststhat root compoundingis in principle productive,
contraryto Dai’s (1992)claim.

Theonly caveatin comparingthenumbersin thesedatawith productivity measuresfor other
datais thatit is difficult to makecomparisonsbetweendatasetsof differentsizes(Baayen,2001).

2.3 Measuresof Association

An importantareaof researchin statisticalnaturallanguageprocessingover thepastdecadehas
beenmeasuresof associationbetweenwordsandotherlinguistic units. And an importantappli-
cationof suchmeasureshasbeencomputationallexicography, and in particularthe questionof
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Root WholeWord Meaning 365 7 9 ;w<x=@? AC sh́ı C | sh́ıtou ‘rock’ 75 583 147 57 0.129}
hé

} � hézi ‘box’ 82 1205 167 257 0.068� y̌ı � � mǎy̌ı ‘ant’ 21 322 35 173 0.065~
wā � ~ q̄ıngwā ‘frog’ 22 407 49 199 0.054�
gūı � � wūgūı ‘turtle’ 21 414 46 137 0.051�
ji ǎo

� � ji ǎozi ‘dumpling’ 8 167 19 66 0.048& ýıng %�& cāngýıng ‘fly’ 14 325 35 142 0.043�
mián

� �
miánhuā ‘cotton’ 52 1283 138 147 0.041+ gū *�+ mōgū ‘mushroom’ 19 598 49 224 0.032[ mù [ | mùtou ‘wood’ 265 8904 617 701 0.030! nǎo ! � nǎozi ‘brain’ 34 1077 75 791 0.032�

tuó � � luòtuó ‘camel’ 6 210 16 104 0.029� cháng � � chángzi ‘intestine’ 62 2268 148 373 0.027�
fēng � � m̀ıfēng ‘bee’ 23 858 63 104 0.027D dù D�� dùzi ‘belly’ 36 1434 83 734 0.025

Table4: Productivity measuresof someMandarinnominal roots,measuredover a 40 million character
corpus.

what“collocations”aresufficiently interestingto meritpossibleinclusionin a lexicon,whetherfor
humanconsumptionor for otherNLP applications.Early work suchas(ChurchandGale,1991)
wasadvertisedasbeing,in effect,a lexicographer’shelper, asemiautomatictechniquefor deciding
whichcollocationsof Englishwordsmight beof interestto a lexicographer.

In theChinesecontext, measuresof associationsareusefulnotonly for discoveringphrasalcol-
locations,but alsofor helpingto decideon whatgroupsof charactersmight beconsideredwords.
Indeed,oneof theearliestapplicationsof suchcollocationalmethodsto Chinese,(SproatandShi-
h, 1990), was a direct applicationof Churchand Gale’s work to the problemof automatically
detectingtwo-characterwords.

In this sectionwe discussvariousmeasuresof association,consideringthemeritsandlimita-
tions of each. Most of theseassociationmeasuresaredesignedfor determiningthe association
betweentwo terms.However, at theendof this sectionwe will discusssomemethodsthatenable
oneto detectmulti-termcollocations.

In theensuingdiscussion,we will restrictourselvesto examplesfrom English:computingthe
variousmeasuresof associationfor Chinesewill bepartof thelaboratoryexercisefor this section.

Thepresentationof associationmeasurespresentedhereis basedon thepresentationin (Man-
ning andScḧutze,1999);usefuldiscussionof relevant issuescanalsobe found in (Weeber, Vos,
andBaayen,2000).
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AP92 AP93 AP94� � � � � �
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: Maximumlikelihoodestimatesfor five commonwordsfrom threeyearsof theAssociatedPress
(1992–1994).� is 43,012,596,37,386,960,and34,041,151,respectively, for thesethreeyears.

2.3.1 Probability Estimates

Measuresof associationbetweentermsinvariablydependuponestimatesof theprobabilityof the
individual terms,aswell astheprobabilityof thetermscooccuringin somecontext. Probabilities
areestimatedfrom corpora,andthesimplestestimateof �6����� , theprobabilityof a term � is is the
maximumlikelihoodestimate��������� 7 , where ������� is the frequency of � in the corpus,and 7 is
thecorpussize. This estimateis prettygoodfor frequentwords. For exampleif you look at the
probabilityestimatesfor asetof frequentwordsin threeconsecutiveyearsof theAssociatedPress
newswire,wefind thattheprobabilityestimatesareprettysimilar. SeeTable5.

(Clearly in suchestimatesonewishesto avoid names,andotherwordsthat are likely to be
topical to a particularcorpus. If onelookedat the AssociatePressnewswire from 1989through
2001,onewould find thatBushwasvery frequentfrom 1989until 1993,at which point Clinton
wouldbecomevery frequent,until 2001,whenBushwouldbecomefrequentagain.)

The problemwith the maximumlikelihood estimateis that it becomesvery bad for small
counts: the true probability of a word that occursoncein a corpusis almostcertainlynot well
estimatedby ��� 7 . Evenworseareeventsthatneveroccurin thecorpus:themaximumlikelihood
estimatewouldgive theprobabilityof theseeventsas � , whereastheprobabilityis likely not to be� .

A hugeamountof researchhasgoneinto variouswaysof providing betterestimatesfor low
probabilityevents,andthesetypically involvevariouswaysof smoothingtheprobabilitydistribu-
tion initially estimatedby themaximumlikelihoodestimate.ManningandScḧutze(1999)describe
a numberof thesein Chapter6 of their book. Oneof the bestthey describeis the Good-Turing
estimator, whichwehavealreadyseenin theguiseof ameasureof productivity. For anobservation
(i.e.,eithera tokenor anngram)with frequency � , weprovidea reestimate��� definedasfollows:

(60) � ��� ��� �¡��� ¢ � 3¤£@¥¦5 �¢ � 3¤£ �
where

¢ � 3¦£ � , is theexpectednumberof tokenswith frequency � . Theexpectedprobabilitymassof
theunseenitems(itemswhere� � � ) is givenas

¢ � 365 ��� 7 ; this is just themeasureof productivity
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thatwesaw earlier.
Thereareacoupleof waysof usingGood-Turing. Oneis to actuallyestimate

¢ � 3¦£@¥¦5 � usinga
smoothingfunction.Anotherandmoredirectwayis to usetheactualobservationsof 3¦£ for

¢ � 3¦£ � .
For low-frequency words,thisestimatewill bereasonablyaccurate:thenumberof wordsseen,say,
twice in any corpuswill belargeso 3¦§ will bea reasonableestimateof thetrueexpectationof 3¨§ .
For low frequency wordswecanthusre-estimatetheir frequency as:

(61) � � � ��� �¡��� 3¤£@¥¦53¤£
For frequenciesotherthanzerothiswill resultin a reestimationdownwards.Theprobabilitieswill
thenbereestimatedas

£y©ª , with theprobabilitymass«�¬ª reservedfor unseenitems.
For high frequency items estimating

¢ � 3¤£ � as just 3¦£ is typically bad, sincethe numberof
eventswith agivenfrequency is small— often1 — for high frequency events.However, for high
frequency words the maximumlikelihoodestimateis a reasonableestimateof their probability
anyway, so a reestimationis not really needed. (Note that onedoesneedto make sure,under
any reestimation,that theresultingprobabilitiesall addup to 1: this cangenerallybehandledby
renormalizing,dividing eachprobabilityby thesumof theunrenormalizedprobabilities.)

2.3.2 (Specific)Mutual Inf ormation

MutualInformationwasoriginally proposedasaninformation-theoreticmeasureof channelcapac-
ity (Fano,1961). It wasintroducedinto computationallinguisticsby ChurchandGale(1991),as
amethodfor finding lexicographicallyinterestingcollocations,andhassincebecomearguablythe
mostpopularmeasureof association.Thebasicideabehindmutualinformationis thattwo events
thatarehighly associatedshouldshow a probability of occurringtogetherthat is high relative to
theprobability of themoccurringtogetherby chance.Given two events ­ and ® with associated
probabilities�w��­¦� and�w��®¯� , theexpectedprobabilityof thetwo eventscooccurringis, givenclassi-
cal probabilitytheory, simply �w��­¦���w��®°� . If theactualmeasuredprobability, denoted�6��­6±²®¯� is high
comparedto �6��­¦���6��®¯� , thenwe would saythat the eventsaremorehighly associatedwith each
otherthanwouldbeexpectedby chance.Themutualinformationof ­ and ® — ³¦��­6´²®¯� — defined
in (62), is just thebase2 log of this ratio:

(62) ³¦��­6´�®°� �¡µ·¶
¸ § �w��­6±²®°��w��­¦���w��®°�
As anexampleof thekind of word associationsderivedvia mutualinformation,considerTa-

ble 6, which presentsa sampleof adjacentwordsthathave a relatively high mutualinformation,
derived from the1995AssociatedPress(37 million words). Hereprobability is computedusing
themaximumlikelihoodestimate;in thiscasewerestrictourselvesto wordsthatoccurmorethana
hundredtimes,sothemaximumlikelihoodestimateis prettyreasonable.It will beseenthatmany
of thesepairs(thoughsurelynot all) arereasonablecollocations,eitherpropernames(or partsof
propernames)or elsephrasesonemightexpectto find in adictionary.
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M.I. f(1,2) f(1) f(2) pair
18.3908 101 104 106 Picket Fences
18.3280 101 101 114 Highly Effective
18.2061 119 121 122 Ku Klux
18.1722 124 124 127 almamater
18.1574 115 124 119 SPACE CENTER
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.I.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 associatedadjacentwordpairsfrom the37million wordsof the1995Associated
Press.Shown are, from left to right: the mutual information(M.I.); the frequency of the pair f(1,2); the
frequency of thefirst word f(1) andthefrequency of thesecondword f(2). Notethat f(1) andf(2) areboth
greaterthan100for this sample.

In contrast,Table7 shows someexamplesof poorly associatedwords,alsofrom the1995AP.
In thesecases,thetermsseemto have little particularlyto do with eachother, andonewould not
expectto find thepairsin a dictionary.

As wewill seein alatersection,mutualinformationhasbeenproposedas,amongotherthings,
amethodfor automaticallysegmentingChinesetext (SproatandShih,1990).

Nonetheless,despiteits popularity, mutualinformationhasa coupleof problems,asManning
andScḧutze(ManningandScḧutze,1999)note. First of all it is unreliablefor small counts: if
two terms � 5 and � § cooccurwith frequency 2, andif their respective frequenciesarealso2, their
mutualinformationwill bequitehigh (to beexact,it will be µ·¶�¸ § � 7 �w¹º� , assumingthemaximum
likelihoodestimatefor probability). But really theevidencethat the termsis associatedis weak:
this is not a problemwith mutual information per se, but ratherwith the maximumlikelihood
estimate,sincefor small counts,any measurethat is basedon anestimateof probability is likely
to besuspect.

The second,and more seriousproblemis that mutual information dependsupon estimated
probability(or frequency) in acounterintuitiveway. Supposethattwo words » 5 and » § occureach
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M.I. f(1,2) f(1) f(2) pair
-0.000104371 2 44293 1694 But 32
-0.000104371 12 44293 10164 But public
-0.000108717 1 5938 6318 big reports
-0.000122066 7 540363 486 in heroin
-0.000122066 7 486 540363 determinationin
-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
-0.000137212 1 8365 4485 programsenough
-0.000137212 1 2275 16491 villagechildren
-0.000144883 2 5283 14203 studymost
-0.000151325 1 14452 2596 herincludes
-0.000163745 1 645 58167 Delawarethis

Table7: Sampleof poorlyassociatedadjacentwordpairsfrom the1995AssociatedPress.

100 times,andthat they alsocooccur100 times: that is, oneword only occurswhen the other
occurs,andthey arethus“perfectly” associated.If the corpussizeis 10 million words,thenthe
mutualinformationof thetwo wordsis givenby:³¦��» 5 ´�» § � �¼µ·¶�¸ § � 5�½¾½5�½�¿ ½¾½¾½�¿ ½¾½¾½5�½¾½5�½�¿ ½¾½¾½�¿ ½¾½¾½ 5�½¾½5�½�¿ ½¾½¾½�¿ ½¾½¾½ �
or: ³¨��» 5 ´²» § � �Àµ·¶
¸ § �y���
�Á±Â�
�
��� � ��Ã¯ÄÅÃ

Now let’s supposethat » 5 and » § eachoccur1,000times,andagainonly with eachother. If
this occursin the samesizecorpus,we would surelythink that » 5 and » § areevenmorehighly
associatedthanif they hadonly occurred100times.Unfortunately, themutualinformationin this
instancewould belower, not higher, which is, asManningandScḧutzenote,exactly theopposite
of whatwe wouldexpectfrom anassociationmeasure:³¦��» 5 ´�» § � �¼µ·¶�¸ § � 5¾¿ ½¾½¾½5�½�¿ ½¾½¾½�¿ ½¾½¾½5¾¿ ½¾½¾½5�½�¿ ½¾½¾½�¿ ½¾½¾½ 5¾¿ ½¾½¾½5�½�¿ ½¾½¾½�¿ ½¾½¾½ � �Àµ·¶�¸ § �y���Á±Â�
�
��� � ��Æ¯ÄÅÆ
2.3.3 Frequency-WeightedMutual Inf ormation

Onesolutionto thecounterintuitiveaspectof mutualinformationmentionedaboveis tousefrequency-
weightedmutualinformation, definedasfollows:
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F.W.M.I. f(1,2) f(1) f(2) pair
469631 174742 708948 1435262 of the
341288 129132 540363 1435262 in the
184196 16797 16816 18733 AssociatedPress
182881 17287 24135 17564 UnitedStates
181021 66059 258389 1435262 to the
144801 31575 447529 110206 to be
140778 51336 200524 1435262 on the
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 RightsReserved
120476 17592 95448 60003 hasbeen
118810 50201 254405 1435262 for the
114737 17820 69930 110206 will be
109856 15576 261695 16816 TheAssociated
107843 36922 127433 1435262 at the
97455 9561 10928 28038 White House
96982 15799 76338 110206 wouldbe

Table8: Sampleof highly associatedadjacentword pairs from the 1995AssociatedPress.Shown are,
from left to right: the frequency weightedmutualinformation(F.W.M.I.); the frequency of thepair f(1,2);
thefrequency of thefirst word f(1) andthefrequency of thesecondword f(2). Again, f(1) andf(2) areboth
greaterthan100for this sample.

(63) ³ÈÇÂÉ���­6´�®°� � ����­6±²®¯� µ·¶�¸ § ; ��­6±²®¯�; ��­¦� ; ��®¯�
Thus,we simply multiply thestandardmutualinformationmeasureby the frequency of thepair.
In thisway, any lossof mutualinformationdueto anincreasein thefrequency of boththepairand
theunigrams,is offsetby thefactorfor thepair.

Table8 givesexamplesof collocationsfound in the 1995AssociatedPressusing frequency
weightedmutualinformation.

Theproblemwith frequency-weightedmutualinformation,aswill bereadilyobservedin Ta-
ble 8, is that it tendsto over-reward frequency. While someobviously frequentcollocations—
AssociatedPress, UnitedStates, New York, WhiteHouseclearlymake senseasthingsto list in a
lexicon — many of thecollocationsfoundby themethodaremerelycommonsyntacticcombina-
tions. No onewould presumablyconsiderof the, in the, to the, on the, havebeenor hesaid to be
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» 5 � new » 5ËÊ� new» 5 � companies 8 4,667
(new companies) (e.g.old companies)» 5ÌÊ� companies 15,820 14,287,181
(new machines) (e.g.old machines)

Table9: A ÍËÎÏÍ tableshowing thedistribution of bigramsin acorpus(from (ManningandScḧutze,1999,
Table5.8,page169)). Therewere8 instancesof new companies, 4,667instancesof X companies, where
X is differentfrom new, 15,820instancesof new Y, whereY is differentfrom companies, and14,287,181
instancesof XY, whereX andY aredifferent,respectively, from new andcompanies.

interestingunitsfrom a lexicographicpointof view.6

2.3.4 Pearson’s Ð -Square

Thechi-squaretestis astatisticaltest,like thet-test,thatprovidesaconfidencemeasurefor reject-
ing anassumptionof independencebetweensomeevents.Theadvantageover thet-testis thatthe
chi-squaretestseemsto bemorerobust thanthet-testfor distributionsthatviolatenormality;see
(ManningandScḧutze,1999,page169).

Thechi-squaretestis appliedto tables;for examplethesimple ÑÓÒÔÑ tablein Table9, copied
from ManningandScḧutze’sdiscussion(page169),showing thedistributionof bigramsnew com-
panies, new Y, X companiesandX Y, whereX andY aredifferent, respectively, from new and
companies.

Thegeneralformulafor chi-squareis givenby:

(64) Ð § ��Õ×Ö ¿ Ø �ÚÙ Ö Ø ¹ ¢ Ö Ø � §¢ Ö Ø
where Ù Ö Ø is theobservedvaluein tablecell ÛÝÜ , and

¢ Ö Ø is theexpectedvalue.
Theexpectedvalueof acell is computed,undertheassumptionof independence,astheproduct

of themarginalprobabilitiesof therow andthecolumncontainingthatcell. In thecaseof new com-
panies, wherethetotalnumberof bigramsis 7 �¼Þ �ºß�Ã
Ã�àá�¡��â Þ Ñ�� �À�ãßäÑ Þ àÁ� Þ � � �ãß�Æ
�
à�Ã
Ã Þ we
canestimatethis by the probability of new ( å ¥¦5�æ å §¾½5�ç@è¾½@éëê¾ê å ) andthe probability of companies( å ¥¯ç@ê¾ê@é5�ç@è¾½@éëê¾ê å )timesthe numberof bigrams. The expressionfor a ÑìÒíÑ tableis (ManningandScḧutze,1999,
(5.7),page170):

(65) Ð § � 7 �ÚÙ 5¾5 Ù §¾§ ¹îÙ 5�§ Ù §�5 � §�ÚÙ 5¾5 �4Ù 5�§ �È�ÚÙ 5¾5 �4Ù §�5 �È�ÚÙ 5�§ �BÙ §¾§ �È��Ù §�5 �BÙ §¾§ �
6Still it hasto benotedthatin many languagessuchconstructionsdo indeedform singlewords.Sofor examplein

Irish in thewhich onewould expectto be ı́ an (in the)is actuallyexpressedby a singlesuppletive form sa. Thesame
is truein Germanconstructionssuchaszum‘to the’.
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Someexamplesof associationscomputedby chi squarefrom the1995AssociatedPressaregive
in Table10.

Therearevariousproblemswith chi-square.7 Apart from assumptionsof normality of the
distributions,which areviolatedwith smallcounts,8 thereis theproblemis thatsincechi square
is a symmetricmeasure,it doesnot distinguishbetweeneventsthat aremuchmore likely than
chancefrom eventsthat aremuch lesslikely thanchance.For example,if you look at the 1995
AssociatePress,at thephrasetape-recordedconversations— a plausiblecollocation— you find
that tape-recordedoccurs100times,conversations639times,andthecollocation7 times,with a
reasonablyhigh chi squarevalueof 28,752.8.Similarly for sickeningreminderthebreakdown is,
17for sickening, 307for reminderand2 for thepair, with achi squarevalueof 28,747.7.However
averysimilarchi squarevalueis obtainedfor theof, wheretheoccurs1,435,262times,of 708,948
times,thepairexactlyonce(dueto atypoin thedata),yieldingachi squarevalueof 28,744.5.This
is notaproblemfor genuinelynon-occuringbigrams,sinceonecansimplynotcountthese,but for
bigramsthatoccurinfrequently, chi squaredoesnotdistinguishbetweenthosethataremorelikely
thanthey shouldbe from thosethatarelesslikely thanthey shouldbe. Mutual informationdoes
nothave this problem.

2.3.5 Lik elihood ratios

Likelihoodratios(Dunning,1993;ManningandScḧutze,1999)computetherelative likelihoodof
two hypothesesconcerningtwo eventsï 5 and ï § :2 Hypothesis1: �w��ï §
ð ï 5 � � � � �w��ï §�ðòñ ï 5 �2 Hypothesis2: �w��ï §
ð ï 5 � � � 5ËÊ� � § � �6�Úï §�ð×ñ ï 5 �
Hypothesis1 simplysaysthattheprobabilityof ï § occurringgiven ï 5 is indistinguishablefrom the
probabilityof ï § occurringgivensomethingotherthan ï § : i.e., the ï § is not particularlyexpected
(or unexpected)given ï 5 . Hypothesis2 says,in contrast,that thereis a differencein expectation,
andthat ï § is dependenton ï 5 .

We canestimatetheprobabilities� , � 5 and� § by themaximumlikelihoodestimateasfollows,
where ó 5 , ó § and ó 5�§ are,respectively thefrequency of ï 5 , of ï § , andof ï 5 and ï § cooccurring;and7 is thesizeof thecorpus: � �õô�öª , � 5 �÷ô ¬ öô ¬ ,� § �÷ôÚö@øùô ¬ öª øùô ¬
If weassumeabinomialdistributionú �üû¦´ 3 ±�­¦� �þý 3 ûîÿ ­��
�y� ¹Ô­¦� � « ø � �

7We thankMartin Janschefor usefuldiscussionon this point.
8Seehttp://citeseer.nj.nec.com/dunning93 accur ate.h tml .
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Ð § f(1,2) f(1) f(2) pair
999319 600 6262 2156 attorney general
996401 47 280 297 ConnieMack
993054 192 552 2522 20thcentury
991404 36 299 164 OR MUSIC
991243 306 818 4330 atomicbomb
990132 145 1709 466 loanguarantees
986765 18 113 109 GeographicExplorer
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 Celtic Journey
970830 322 2808 1426 illegal immigrants
968693 126 2984 206 flight attendant
968378 261 1571 1679 pleadedinnocent
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-airmissile
959493 690 2832 6565 stockmarket
958923 177 1326 924 SteveForbes
957999 723 1484 13778 HumanRights
957512 42 255 271 SilverSpring
955996 42 635 109 Nine finalists
955707 30 157 225 Wind gusts
953203 29 197 168 seldomvotes
952778 289 2368 1388 Chechenfighters

Table10: Sampleof highly associatedadjacentword pairs from the 1995AssociatedPress,using chi-
square.Shown are,from left to right: thechi squarevalue;thefrequency of thepair f(1,2); thefrequency of
thefirst word f(1) andthefrequency of thesecondword f(2). Again, f(1) andf(2) arebothgreaterthan100
for this sample.
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thenthelikelihoodsof thetwo hypotheses,giventheobservedcountsï 5 , ï § and ï 5�§ , canbecom-
putedas: � ��� 5 � � ú �Úó 5�§ ´Âó 5 ±ü�¤� ú �Úó § ¹îó 5�§ ´ 7 ¹ºó 5 ±ü�¤�� ��� § � � ú �Úó 5�§ ´Âó 5 ±ü� 5 � ú �Úó § ¹ºó 5�§ ´ 7 ¹îó 5 ±ü� § �
The log likelihoodratio thenreducesasfollows:

µ·¶
¸�� � µ·¶
¸ � ��� 5 �� ��� § �� µ·¶
¸ � �Úó 5�§ ±Âó 5 ±ü�¤� �
	���
 � �Úó § ¹ºó 5�§ ± 7 ¹îó 5 ±ü�¤�¹ µ·¶
¸ � �Úó 5�§ ±Âó 5 ±ü� 5 �>¹ µ·¶
¸ � �Úó § ¹ºó 5�§ ± 7 ¹ºó 5 ±ü� § �
where: � �üû¦± 3 ±�­¦� � ­ � �y� ¹í­¦� « ø �

Someexamplesof associationscomputedby ¹ËÑ�	���
 � (which is asymptoticallyÐ § distributed,
(ManningandScḧutze,1999,page174))from the1995AssociatedPressaregive in Table11.

Thelikelihoodratio seemsto providegoodevidencefor collocationalstatus,but it shareswith
chi squarethe problemthat, sinceit teststhe hypothesisof whethertwo eventsare distinct, in
principleit doesnotcarewhetheroneeventis muchmorelikely thantheother, or muchlesslikely.

Now ManningandScḧutzenote(footnote6, page172) that thecasewhere� 5 is significantly
lessthan � § — i.e., wheretheprobabilityof » § given » 5 is muchlessthantheprobabilityof » §
underotherconditions— is rare. But notethatall that is neededfor this to occuris that » 5 and» § arevery frequent,whereas» 5 » § is very infrequent.In thatcase�w��» §�ð » 5 � would below since
theprobabilityof seeing» § after » 5 wouldbelow, whereas�w��» §�ðòñ » 5 � wouldbeveryhigh (since�w��» § � is by assumptionhigh). So then � 5 � �w��» §�ð » 5 � would bemuchlessthan �6��» §�ð×ñ » 5 � , and
Hypothesis2 would be much more likely, resultingin a high likelihood ratio. To seesuchan
instance,considerthecollocationsof powerful in Table12, andconsidertheunderlinedexample
powerful the. To be fair, this is just one instanceout of a collection of otherwisereasonable
candidates,but it doessuggestthatonestill needsto becarefulin trustingtheresultsof eventhe
bestmeasuresof assocation.

2.3.6 Extracting Non-Binary Collocations

Theassociationmethodsdiscussedabove aredesignedfor computingassociationsbetweenpairs
of terms.It is worth notingthatmethodshave beendevelopedfor finding interestingcollocations
involving morethantwo words.

Therehave beenextensionsof measuressuchasmutualinformationto morethantwo terms.
For example(ChangandSu,1997)definemutualinformationfor threetermsas:
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¹ÌÑ µ ¶
¸�� f(1,2) f(1) f(2) pair
587215.02 174742 708948 1435262 of the
417624.29 129132 540363 1435262 in the
403795.56 16797 16816 18733 AssociatedPress
387423.99 17287 24135 17564 UnitedStates
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 to the
218798.60 31575 447529 110206 to be
211761.70 15576 261695 16816 TheAssociated
203728.79 17592 95448 60003 hasbeen
200819.84 28748 144059 294607 hesaid
192063.84 9561 10928 28038 WhiteHouse
190007.67 17820 69930 110206 will be
173072.45 51336 200524 1435262 on the
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 at the
135602.11 8555 21820 32378 PresidentClinton
132831.84 50201 254405 1435262 for the
129884.63 4728 5251 4822 LosAngeles
129815.08 11823 73696 60003 hadbeen
127432.36 8749 127433 11201 at least
124717.59 8950 34048 38146 lastyear
123596.57 4561 5623 4579 NEW YORK
107720.03 8949 9606 447529 trying to
104395.46 10304 15268 447529 goingto
103724.18 4902 24135 5034 UnitedNations
103113.05 7632 94075 14869 I think
101665.53 31919 132335 143522 from the
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: thevalueof � Í�������� ; the frequency of thepair f(1,2); the
frequency of the first word f(1) andthe frequency of the secondword f(2). Again, f(1) andf(2) areboth
greaterthan100for this sample.
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¹ÌÑ µ ¶
¸�� 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 verypowerful
527.49 36 2247 1410 powerful earthquake
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

Table12: Possiblecollocationsof powerful, alongwith their log likelihoodratios,fromthe1995Associated
Press.

³¨��­6±²®¤±���� �Àµ ¶
¸ ; ��­6±²®¤±����;�� ��­6±²®¦±����
where ;�� ��­6±�®¦±��
� � ; ��­¦� ; ��®¯� ; ���
� � ; ��­¦� ; ��®¦±��
� � ; ��­6±²®¯� ; ���
�
In otherwords,themutualinformationis given,asin thebinarycaseasthelog of theprobabilityof
thecombinedevent(seeingall threeterms),dividedby theprobabilityonewould expectunderan
assumptionof independence.In thecaseof a ternaryexpression,onecouldfind thatexpressionby
chancein threeways:all threetermscooccurringby chance;thefirst termcooccurringby chance
with thebigram ®�� ; andthebigram ­ ® occurringby chancewith � .

Howeverdespitethepossibilityof suchextensions,otherapproacheshavetypically beentaken
to finding multiword collocations. We briefly discussone suchapproachhere,namelythat of
Smadja(1993).

Smadja’s methodstartswith a concordanceof all instancesof a given word » in a corpus.
For each» Ö foundin thecontext of » , a profile is computedof how ofteneach» Ö occursin each
position in a window rangingfrom five to the left to five to the right of » . A typical example
showing theoccurrencesof forecastin awindow aroundweather, takenfrom the1995Associated
Presscorpusareshown in Figure6. Variousconditionsarethenappliedto remove uninteresting
words,basedon thepropertiesof theprofile. For example,it is requiredthat theprofile show at
leastonepeak:generally, aninterestingcollocateof two termswill show somestrongpreferences
for the relative placementof two terms;a flat distribution suggestsa pair of words that is only
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Figure6: Occurrencesof forecastin awindow aroundweather, computedonthethe1995AssociatedPress
corpus.

semanticallyassociated,suchasdoctor andnurse. Oncethe interestingtwo-word collocatesare
found, further concordancesare computedfor eachpair of words found in the first phase,for
eachrelative position: for exampleconcordanceswould be computedfor weatherand forecast
whereforecastis two wordsto theright of weather. Onceagain,wordsthatoccurin a window of
the two wordsarecollected,andthoseoccuringwith probabilitygreaterthansomethresholdare
kept. Recurringsequencesof wordsarekept aspotentialcollocates.For example,a collocation
blue.. . stocksdiscoveredduringthefirst phasewouldbereplacedin thesecondphaseby bluechip
stocks, sincechip wouldoccurfrequentlyin this context.

FungandWu (1994)haveappliedSmadja’sXtract systemto Chinese.

2.4 Appendix: An Very Brief Noteon ChineseCoding Schemes

Apart from UNICODE,therearetwo codingschemesin commonusefor Chinese.Oneis GB (for!#"
guóbiāo) usedin theMainlandandSingapore,andtheotheris Big5 ($&%(' dàwǔmǎ) used

in TaiwanandHongKong. (Thereareactuallysomeslight differencesbetweenTaiwanandHong
KongBig5.) We will beusingtextscodedin boththeseschemes.
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The differencesbetweenthe schemesare at threelevels. First of all, Big5 is designedfor
traditional characterswhereasGB is designedfor the Mainland “simplified” characters.While
it would be possibleto have, saya GB-codedsetof traditionalcharacters(andindeedsuchsets
aresometimesfound),mostGB-codedcharactersetshave simplifiedglyphs,andall Big5-coded
charactersetshave traditionalglyphs.

Secondlythe orderingof the glyphsis basedon differentprinciples. In Big5 the glyphsare
orderedby radicalsandstroke countmuchasin a traditionalChinesedictionary. In GB they are
orderedby the alphabeticorderof their pinyin transliteration(asoneoften finds in dictionaries
publishedon theMainland.)

Third Big5, at about13,000characters,is almosttwiceasbig acharactersetasGB, whichhas
6,700,thoughboth aretwo-bytecodes.This is becauseBig5 usesmoreof the real estateon the
codepage.SpecificallyBig5 is a two-bytecodewherethe first bytealwayshasthehigh bit set,
andthesecondbytemaybesetor not. In otherwords,a Big5 charactermustmatchthefollowing
bit pattern,where1 meansthatthebit is setand? meansthatit maybeeithersetor unset:

1 ? ? ? ? ? ? ? ? ? ? ? ? ? ? ?

In contrastGB requiresthehighbit to besetin bothbytes:

1 ? ? ? ? ? ? ? 1 ? ? ? ? ? ? ?
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3 Applications

In this sectionwe cover someapplicationsof statisticalmethods,both “practical” applications
aswell asmorepurely linguistic applications.We startwith a practicalapplication,namelythe
problemof word segmentationfrom Chinesetext. In Section3.2we considera coupleof areasin
thedescriptivemorphologyof Chinesewherecorpus-basedtechniqueshavebeenapplied.(Recall
thatwealreadydiscussedonesuchcasein Section2.2.1.)

3.1 SegmentationMethods

Chineseword segmentationhasattracteda lot of attention.Indeed,it is probablythesinglemost
widely addressedproblemin the literatureon Chinesenaturallanguageprocessing.For all that,
though,therearestill a numberof unsolvedproblems.A coupleof decent,thoughnow somewhat
datedliteraturereviewscanbefoundin (Wang,Su,andMo, 1990;Wu andTseng,1993).

Approachesto Chineseword segmentationfall into threecategories:2 Non-stochasticlexicon-basedmethods.2 Purelystatisticalmethods.2 Methodsthatcombinestatisticalcorpus-basedmethodswith informationderivedfrom lexi-
ca.

Thesecondcategory, purelystatisticalmethods,have beenfairly limited andarediscussedin
Section3.1.1.

Outsideof this introductionwe will have relatively little to sayaboutthe first category, non-
stochasticlexicon-basedmethods,althoughtherehave beena fairly large numberof these.Two
issuesdistinguishthe variousproposals.Thefirst concernshow to dealwith ambiguitiesin seg-
mentation.Thesecondconcernsthemethodsused(if any) to extendthelexicon beyondthestatic
list of entriesprovidedby themachine-readabledictionaryuponwhich it is based.

Themostpopularapproachto dealingwith segmentationambiguitiesis themaximummatching
method,possiblyaugmentedwith furtherheuristics.Thismethodinvolvesstartingatthebeginning
(or end)of thesentence,findingthelongestwordstarting(ending)at thatpoint,andthenrepeating
theprocessstartingatthenext (previous)characteruntil theend(beginning)of thesentence.Papers
thatusethis methodor minor variantsthereofinclude(Liang,1986;Li et al., 1991;Gu andMao,
1994; Nie, Jin, andHannan,1994). The simplestversionof the maximummatchingalgorithm
effectively dealswith ambiguityby ignoring it, sincethe methodis guaranteedto produceonly
onesegmentation.

Methodswhich allow multiple segmentationsmustprovide criteria for choosingthebestseg-
mentation.Someapproachesdependeduponsomeformof constraintsatisficationbasedonsyntac-
tic or semanticfeatures(e.g.(YehandLee,1991),whichusedaunification-basedapproach).Gan
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(1995)usedhigherlevel semanticandpragmaticinformationto disambiguatesuchcasesas )+*-,s/.10 (mǎ-lù-sh̀angsh̄eng-b̀ıng le ‘(He) got sick on theroad’ or mǎ lù-sh̀angsh̄eng-b̀ıng le ‘The
horsegot sick on the road.’) Still, othersdependeduponvariouslexical heuristics:for example
ChenandLiu (1992)attemptedto balancethe lengthof wordsin a three-word window, favoring
segmentationswhich give approximatelyequallengthfor eachword. Methodsfor expandingthe
dictionaryinclude,of course,morphologicalrules,rulesfor segmentingpersonalnames,aswell as
numeralsequences,expressionsfor dates,andsoforth (ChenandLiu, 1992;Wang,Li, andChang,
1992;ChangandChen,1993;Nie, Jin,andHannan,1994).

Lexical-knowledge-basedapproachesthat include statisticalinformation generallypresume
that one startswith all possiblesegmentationsof a sentence,and picks the bestsegmentation
from the set of possiblesegmentationsusing a probabilisticor cost-basedscoringmechanism.
Approachesdiffer in thealgorithmsusedfor scoringandselectingthebestpath,aswell asin the
amountof contextual informationusedin the scoringprocess.The simplestapproachinvolves
scoringthevariousanalysesby costsbasedon word frequency, andpicking the lowestcostpath;
variantsof this approachhavebeendescribedin (Chang,Chen,andChen,1991;ChangandChen,
1993).More complex approachessuchastherelaxationtechniquehavebeenappliedto this prob-
lem (Fan andTsai, 1988),andmorerecentlyadaptive languagemodelsof the type usedin text
compressionhavebeenproposed(Teahanetal.,2000).NotethatChang,ChenandChen(1991),in
additionto word-frequency information,includea constraint-satisficationmodel,sotheir method
is really a hybrid approach.Several papersreport the useof part-of-speechinformationto rank
segmentations(Lin, Chiang,andSu,1993;PengandChang,1993;ChangandChen,1993);typ-
ically, theprobabilityof a segmentationis multiplied by theprobabilityof the tagging(s)for that
segmentationto yield anestimateof thetotal probabilityfor theanalysis.

Statisticalmethodsseemparticularlyapplicableto theproblemof unknownwordidentification,
especiallyfor constructionslike names,wherethe linguistic constraintsareminimal, andwhere
onethereforewantsto know notonly thataparticularsequenceof charactersmightbeaname,but
that it is likely to be a namewith someprobability. Several systemsproposestatisticalmethods
for handlingunknown words(Changet al., 1992; Lin, Chiang,andSu, 1993; PengandChang,
1993).Someof theseapproaches(e.g. (Lin, Chiang,andSu,1993))attemptto identify unknown
words,but donotactuallytagthewordsasbelongingto oneor anotherclassof expression.In other
words,onewouldidentify astringasaunit, but not identify thekind of unit it is. This is notalways
enough.For exampleif oneidentifiesahypotheticalunit )+2�q asaword,but fails to identify it as
a personalnamethenoneis missingcritical informationthatwould helponepronouncethefinal
characterq correctly:giventhatthis is aname,oneis muchmorelikely to pronouncethisasqián
‘universe’thanasgān ‘dry’, andthusguessthepronunciationmǎ kúıqián. In contrast,if you find
the(presumably)noncecompound)/3ìq you would probablywant to interpretit as‘horsemeat
jerky’ andpronounceit asmǎròugān.

Following (SproatandShih,1990),performancefor Chinesesegmentationsystemsis usually
reportedin termsof thedualmeasuresof precisionandrecall. (Precisionis thenumberof correct
hits divided by the total numberof itemsselected.Recall is numberof correcthits divided by
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thenumberof itemsthatshouldhavebeenselected.) It is fairly standardto reportprecisionand
recall scoresin the mid to high 90%range.Evenwith thedevelopmentof varioussegmentation
standards,asdiscussedin Section1.3,mostwork reportsresultson non-standardcorpora,though
oneis startingto seepapersthat report resultson standardizedcorpora;e.g. (Hockenmaierand
Brew, 1998).

As we notedin (Sproatet al., 1996),themajorproblemfor all segmentationsystemsremains
the coverageaffordedby the dictionaryandthe methodsfor dealingwith unknown words. The
dictionarysizesreportedin the literaturerangefrom 17,000to 125,000entries,andit seemsrea-
sonableto assumethat the coverageof the basedictionaryconstitutesa major factor in the per-
formanceof the variousapproaches,possiblymoreimportantthanthe particularsetof methods
usedin thesegmentation.Furthermore,eventhesizeof thedictionaryperseis lessimportantthan
theappropriatenessof thelexicon to a particulartestcorpus:asFungandWu (1994)showed,one
canobtainsubstantiallybettersegmentationby tailoringthelexiconto thecorpusto besegmented.
More recently, a very promisingiterative methodfor building up a lexicon hasbeenproposedin
(ChangandSu,1997);we will discussthis work in Section3.1.2.3,alongwith someotherwork
on unknown 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 segmentationdecisionsoncorpus-derived
statistics— is (SproatandShih,1990).

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

1. For astringof charactersó 5 ÄãÄãÄ�ó « , find thepairof adjacentcharacterswith thelargestmutual
informationgreaterthansomethreshold(optimally2.5),andgroupthese.

2. Iterate1 until thereareno morecharactersto group.

(Theoptimalvalueof 2.5 wasthevaluethatapproximatelymaximizedprecisionandrecall.) As
anexample,considerTable13,which shows thederivationof thesegmentationof 4+51516171819:+;-<1=

wǒ d̀ıdı̀ xiànz̀ai yào zuò huǒchēhúıji ā ‘My brotherwantsto ride thetrain homenow’.
Therewas(asis usual)a tradeoff betweenprecisionandrecall.At theoptimaltuningof these,

thesystemwasableto get90%recalland94%precision.However therearetwo thingsto bearin
mind aboutthis result. First of all, the resultswerejudgedby hand(which canbiasjudgments),
andwewereonly consideringthecorrectnessof two-characterwords.Second,thetestcorpuswas
derivedfrom the trainingcorpus;this is not asmuchof a cheatasit seemssincerecall that there
werenowordboundariesin thetraining,andall thatwastrainedwasmutualinformationstatistics.
Still it doesat leastmeanthatthestatisticsarethebestonecouldhopefor andthatonecouldonly
do worseon anothercorpus.
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4 5 5 6 7 8 9 : ; < =
MI 0 10.4 0 4.2 -2.8 0 0 7.3 2.1 4.7
1 4 5 5 6 7 8 9 : ; < =
2 4 [ 5 5 ] 6 7 8 9 : ; < =
3 4 [ 5 5 ] 6 7 8 9 [

: ;
]

< =
4 4 [ 5 5 ] 6 7 8 9 [

: ;
] [

< =
]

5 4 [ 5 5 ] [ 6 7 ] 8 9 [
: ;

] [
< =

]

Table13: Stagesin the derivation of wǒ d̀ıd̀ı xiànz̀ai yào zùo huǒchē húıji ā. The secondline shows the
mutualinformationbetweenadjacentcharacters.

(Sun,Shen,andTsou,1998)have proposedan enhancementof the SproatandShih method
thatmakesusenot only of mutualinformation,but alsoothermeasuresof association.In addition
they usea � scorefor determining,in acharactersequencexyzwhetherto groupxyz or x yz:

(66) � ?ã¿ > �@?�� � �6��� ð ®°�x¹ �6��® ð ­¦�A BDC �°� �w��� ð ®°���x¹ BDC �°� �w��® ð ­¦���
(We assume,following (ManningandScḧutze,1999,page165),thatthevarianceof a probability
is �w�@�$¹î�¤� , or effectively just � for small probability. This point is not clarified in (Sun,Shen,
andTsou,1998).) Furthermeasuresareproposedfor decidinghow to split in longersequences.
They thenpresentan algorithmthat combinesthesevariousscores.The recall (which they term
“accuracy”) on a testsetis reportedas91.75%.

More recently(Ge,Pratt,andSmyth,1999)discussa methodbasedon theExpectationMaxi-
mizationalgorithm(EM). They assumethatwordsareof lengthbetween1 and û characterslong,
for somereasonableû , suchas4. Probabilitiesareassignedrandomlyinitially, andthe texts are
segmentedusingtheseprobabilities.The word probabilitiesarethenreestimatedbasedon these
segmentations,andthe text resegmented.Thealgorithmis iterateduntil it converges.Oneinter-
estingaspectof their resultsis thatinitially it wouldseemthattheirperformanceis verypoor: they
reportonly 66% recall and72% precision. However, they note that a large percentageof these
errorscomefrom commonsingle-characterwords— presumablythingslike E de(relativemark-
er), F sh̀ı ‘be’, and G — gè (classifier)that areglommedtogetherwith wordswith which they
frequentlycooccur;theSproatandShihalgorithmalsohadthisproblem.A simplepostprocessing
phaseto separatethesewordsincreasestherecallto 98%andtheprecisionto 91%.

3.1.2 Statistically-Aided Approaches

The majority of work on Chinesesegmentationover the pastfew yearshasbeencorpus-based,
but not purely statisticalin the sensethat eithera basedictionaryor elsea segmentedcorpusis
assumedaspartof thetrainingprocedure.Wedescribeafew suchmethodsin thissection,starting
with our earlierwork (Sproatet al., 1996) which is basedon weightedfinite-statetransducers.
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Sinceweightedfinite-statetransducers,aswe shall see,offer a uniform way to representvarious
kinds of lexical information, this methodsuggestsa unified way to think aboutthe problemof
Chineseword segmentation.

3.1.2.1 An ApproachUsing WeightedFinite-State Transducers Thestatisticalmethoddis-
cussedin (Sproatet al., 1996)usesweightedfinite statetransducers (seeSection3.4) to handle
Chineseword segmentation.Thebasicmodelworksasfollows:2 Representdictionary H asWeightedFiniteStateTransducer, mappingfr om IKJ Û 3 IKJ C �MLON

to ; Û 3 ®ÁÛ 3QP ®R	�	 C ú 	�ïSL ; Ù P . (Note that sincethe primary applicationof the Sproatet al
systemwasto text-to-speech,thesystemwasnot merelya segmenter, but alsoa transducer
mappingfrom text into phonemictranscription.)2 Weightson word-stringsare derived from frequenciesof the strings in a 20M character
corpus.2 Representinput ³ asunweightedacceptorover theset IKJ°Û 3 IKJ C �2 Choosesegmentationas T�ïVUÈ� ; C �WJ6��³YXZH � �

An exampleis given in Figure 15. Here the point is to segmenttext ABCD using a weighted
dictionary containingwords D, AB, CD, ABC, and associatedtagscl, vb, nc, jj . The selected
outputgroupsABandCD aswords,with theirassociatedtags.

In the applicationto Chinesetext segmentation,we startedwith a dictionaryandestimated
thefrequency of wordsin a corpus.(Sincethecorpuswasunsegmented,this involvedaniterative
trainingprocedure.)Wordsin thetransducerwerethenweightedwith theirnegativelog probability
estimates,usingthemaximumlikelihoodestimate.

For morphologicallyderivedwords(i.e. thosenot in theoriginaldictionarybut morphological-
ly derivablefrom them)we estimatedtheprobabilitiesasfollows. First for suchwordsthatwere
not in thedictionary, but were in thecorpusweagainusedthemaximumlikelihoodestimate.Thus
for attested� ~ { q̄ıngwā+men(frog+PL) ‘(anthropomorphized)frogs’, we simply countedthe
numberof occurrencesandusedthemaximumlikelihoodestimate.

For unattestedforms— e.g. [+\0{ nángūa+men(pumpkin+PL)‘(anthropomorphized)pump-
kins’ — weusedtheGood-Turingestimateto computeprobabilityof aggregateunseenmembersof
theclass,andsimplebigrambackoff modelusedto estimateprobability/costof particularunseen
word. Thus:

(67) ; �][K\0{ � � ; �_^ 3 U�ï�ï 3 �·{���� ; �`[-\ �
With a dictionarythusconstructedandweightedasa WFSTsegmentationproceedsasin the

toy examplein Figure 7. For example,given the dictionary fragmentin Figure 8 the input in
Figure9 is analyzedby composingit with thetransitiveclosureof thedictionary. This resultsin a
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Dictionary H
0

4
A:a/0.000

2
C:c/0.000

1D:d/0.000

5
B:b/0.000

3D:d/0.000
7

eps:nc/5.000

eps:vb/5.000

eps:nc/4.000

6
C:c/0.000 eps:jj/6.000

Input a
0 1

A
2

B
3

C
4

D

acbed-f
0 1

A:a/0.000
2

B:b/0.000

6
eps:nc/4.000

3C:c/0.000

7
C:c/0.000

4
eps:jj/6.000

5
D:d/0.000

9

eps:nc/5.000

8
D:d/0.000 eps:vb/5.000

g+hVikjmlKnojWprq asbZd f�t
0 1

A:a/0.000
2

B:b/0.000
3

eps:nc/4.000
4

C:c/0.000
5

D:d/0.000
6

eps:vb/5.000

Figure7: A simpleexamplewherethepoint is to segmenttext ABCDusingaweighteddictionarycontain-
ing wordsD, AB, CD, ABC, andassociatedtagscl, vb, nc, jj . The selectedoutputgroupsAB andCD as
words,with theirassociatedtags.

latticeof possibleanalyses,two of thepathsof which areshown in Figure10. Thepathwith the
lowestcost(thelowerpath)wins.

Themodeljust describedcanbeaugmentedwith modelsof otherclassesof unknown words.
For example,personalnamesof theform FamilyName+GivenNamecanbedetectedusingafinite-
statemodelthatallows any family namefollowedby oneor two given-namecharacters;seealso
(Changetal., 1992;Wang,Li, andChang,1992).Themodelusedfollowstheapproachof (Chang
et al., 1992). For instancewe estimatethe probability of a namewith a single-characterfamily
nameandtwo given-namecharactersas:

(68) u q�vwnyx(h�z|{~}/�m}Y� t��
u q�z��wnyx�z ����� z �D���Qz ���ot��

u q�{Knyx � { t��
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wang4
liao3 \npot

fang4

da4

vb

ε

ε

ε

adv

4.58

ε

8.11

liao3

jie3

vb
10.70

11.38

bu4

ε

vb
11.77

ε
vb

0.85

bu4

root

vaff

‘forget’ ‘not able’

‘not’

‘enlarge’

‘understand’

Figure8: A fragmentof thedictionaryrepresentedasa WFST.u q�}~����� � }+� t��
u q�}Y����� � }~� t��

u q�vwn�x(h t
That is, the probability of the charactersequence

{K}+�m}Y�
asa nameis the productof the prob-

abilities of having a namewith a single-characterfamily nameanda two-charactergiven name
(

u q�z���n�x�z ����� z �D���Qz ����t ), timestheprobabilityof
{

quafamily name(

u q�{~n�x � { t ), timesthe
probability of

}+�
quagivenname(

u q�}Y���y� � }+� t ), timesthe probability of
}~�

quagivenname
(

u q�}Y����� � }Y� t ) timestheprobabilityof finding a name(

u q�vwnyx(h t ). Thefinal termwasestimated
from atext corpus,whereastheformerwereestimatedfrom a list of known names.Themodelfor
namesis representedasa weightedfinite-statetransducerthatrestrictsthenamesto thefour legal
types(see(42)),with costson thearcsfor any particularnamesummingto anestimateof thecost
of thatname.

Oneparameterthat wasnot well-estimatedin the (Sproatet al., 1996)systemwasthe term
u q_v�nyx(h t . This term actuallyturnsout to becritical sinceit is really the term that tells you how
many personalnamesto expectin a giventext. In a list of attendeesat a conference,for example,
you expectmostof thetermsto benames,sotheestimateshouldbehigh. You would presumably
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I forget liberation avenue be−at where

(understand) (enlarge)

NEG−POT

Figure9: An exampleinput sentence,representedasanFSA.
“I couldn’t forgetwhereLiberationAvenueis.”

forget liberation avenue

(understand) (enlarge)

NEG−POT

bu4wang4 liao3 \npot jie3 fang4 nc da4 jie1 nc
10.92 11.45

vb

ε εε ε

ε
adv

4.58

ε
vb

8.11

(not)

liao3 jie3 fang4 da4 vb
10.70

ε
jie1

(street)

ε nc

10.36

11.380.85

bu4

ε vb
11.77

Figure10: A pairof possibleanalysesfor thesentencein Figure9 giventhedictionaryin Figure8.

want to tuneit down, for example,if you knew you weredealingwith recipes,wherevery few
namesareexpected,sothatyou wouldavoid classifying�+� ‘broth’ asaname.

In a similar fashionforeign transliteratedwordsandnamescanbehandledby observingfirst
of all that only a few characters( � �o��� ) areat all commonin transliterationsof foreign words;
seeTable14, for someof the morefrequentof these.In thecaseof foreign wordstherearenot
theformal restrictionsthatonefind in names:transliteratedforeignwordscanhave asfew astwo
charactersand in principle asmany as requiredto transliteratethe name. In practicemost are
between3 and6 characters,so in the implementationwe restrictedpossiblenamesto sequences
with lengthswithin thatrange.

Sinceno standardsegmentedcorpuswasavailableat the time this work wasdone,theevalu-
ationwasdoneby comparingtheoutputof thesystemwith six humanjudges— 3 from Taiwan
(judges“T1”–“T3”) and3 from the Mainland(“M1”–“M3”) — who wereasked to segmentby
handa testcorpusof 100sentences(4,372characterstotal). Thehumansegmentationswerecom-
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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©
0.0138ª
0.0134«
0.0134¬
0.0129­
0.0125®
0.0125¯
0.0111°
0.0102±
0.0102²
0.0089³
0.0089´
0.0089µ
0.0076¶
0.0076·
0.0071

Table14: Somecharacterscommonlyusedin transliterationsof foreignnames,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 segmentationjudgments

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

1. A greedyalgorithm(or ‘maximummatching’algorithm)(judge“GR”): proceedthroughthe
sentence,takingthelongestmatchwith a dictionaryentryat eachpoint.

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

We did a pairwisecomparisonbetweeneachof the humanandautomaticjudges,computingthe
precisionandrecall in eachcase,andthencomputingthearithmeticmeanbetweenthetwo:

(69) ¸ ��x1��¹_n�º���j¼» � l~º�h�½��¾i¿�ÁÀVv�ÂÄÃch�½Ån�¹�¹
�

Resultsareshown in Table15.
Thesimilarity matrixcanbebettervisualizedby computingaclassicalmetricmultidimension-

al scaling(Torgerson,1958; Becker, Chambers,andWilks, 1988) on that distancematrix, and
plotting the first two mostsignificantdimensions.The resultof this is shown in Figure11. The
horizontalaxis in this plot representsthemostsignificantdimension,which explains62%of the
variation. In additionto the automaticmethods,AG, GR andST, just discussed,we alsoadded
to theplot thevaluesfor thecurrentalgorithmusingonly dictionaryentries(i.e., no productively
derivedwordsor names).This is to allow for fair comparisonbetweenthestatisticalmethodand
GR, which is alsopurelydictionary-based.As canbeseen,GR andthis ‘pared-down’ statistical
methodperformquitesimilarly, thoughthestatisticalmethodis still slightly better.

3.1.2.2 Transformation-BasedLearning Transformation-basedError-drivenLearning(TBL),
dueto Brill (1993),hasbeenappliedto Chineseword segmentationby Palmer(1997)andsubse-
quentlyby HockenmaierandBrew (1998).A similarapproachusingruleslearnedfrom corporais
presentedin (ChenandBai, 1998).
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Figure11: Classicalmetricmultidimensionalscalingof distancematrix,showing thetwo mostsignificant
dimensions.Thepercentagescoresontheaxislabelsrepresenttheamountof variationin thedataexplained
by thedimensionin question.
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ThebasicideabehindTBL is simple:onestartswith a referencecorpus— in thecurrentcase
a corpusof segmentedChinese,andaninitial tagger. Theinitial taggeris typically simple: in one
instancein Palmer’s work, for example,the initial taggersimply identifiedevery characterasa
distinct word. Thesystemis givenan inventoryof possibletransformations.In Palmer’s system
theinventorywas(page3):Æ Insert – placeanew boundarybetweentwo charactersÆ Delete– removeanexistingboundarybetweentwo charactersÆ Slide – move an existing boundaryfrom its currentlocationbetweentwo charactersto a

location1, 2, or 3 charactersto theleft or right

The task is then to iterate,at eachstagechoosinga transformationthat gives the greatestlocal
improvementaccordingto somedefinederror function. For example, if the currentsegmenter
gives ÇÄÈÊÉ ¨ÄË

andthe referencesegmentationis ÇÊÈÄÉ ¨#Ë
wǒ ài ch̄ı x̄ıguā ‘I like to

eatwatermelon’,thesystemmight learnthat it shoulddeletea boundarybetween̈ and
Ë

. The
processis iteratedon the training corpusuntil thereis no further improvement,the initial tagger
plus the(ordered)setof transformationslearnedbeingthefinal outputof thesystem.As Palmer
notesthesystemis weaklystatistical, but not probabilistic,in that it dependsuponfrequenciesin
thecorpus(a transformationthatfixesa lot of problemswill in generalbepreferredover onethat
fixesa few), but doesnot rely on probabilityestimates.

Palmerexperimentedwith variousinitial conditionsincludingthe ‘characterasword’ (CAW)
conditionmentionedabove,andamaximummatchingalgorithm,andcomparedtheerrorreduction
affordedby the TBL technique.For example,the CAW conditionhadan initial

{
-measure9 ofÌ ��Í@Î , which wasincreasedto Ï�Ð ÍÑ� afterlearning5,903transformations.With maximummatching

theinitial
{

scorewas Ò Ì Í Ì , increasedto Ð Ì Í@Ó afteracquiring2,897transformations.
HockenmaierandBrew (1998)have extendedPalmer’s work, proposingsomewhat different

transformations,andreportingslightly betterresultsin somecases.

3.1.2.3 Mor e on Unknown Words As discussedabove, a major problemin Chineseis the
problemof unknown words. We discusseda partial solutionto this problemin Section3.1.2.1,
which incorporatedthepreviouswork onChinesepersonalnamesof (Changetal., 1992).But this
wasonly apartialsolution,andmany classesof unknown wordswereleft untreatedin the(Sproat
et al., 1996)system.In this sectionwe give a brief overview of someothertechniquesthathave
beenappliedto thisproblem.

Wang,Li andChang(1992)proposeda methodfor dealingwith namesbasedon recognizing
titles (in thecaseof personalnames)andotherkey words(in thecaseof, e.g.,streetnames).Soa

9 Ô is definedin termsof precisionÕ andrecall Ö asfollows: ÔØ×ÚÙ_ÛwÜ#ÝRÞ ÕßÖÝ Õ Ü Ö , where Ý is a weightingon the

precisionmeasure.Palmerusedequalweighting,or Ý × Û . With perfectprecisionandrecall(100%), ÔO× ÛáàÅà .
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plausiblefamily namefollowedby oneor twocharacters,followedby atitle suchasâäã xiānsh̄eng
‘Mr .’ or å/æ nˇüsh̀ı ‘Ms.’ is very likely to bea name.They alsoproposean “adaptive dynamic
word-formation”methodwherebyanamethathasbeenrecognizedusinga title will automatically
beaddedto thelexiconsothatit canberecognizedwithout thetitle in otherportionsof thetext.

ChenandChen(2000)proposeamethodfor identifyingorganizationnamesthatusesalexicon
of known organizationsalongwith Chinesetexts spideredfrom theWorldwideWeb. Thelexicon
is first processedto find commonsuffixesof the termsin the lexicon that arelikely to represent
productive termsthatcanbefoundin otherorganizationnames.Thusfrom å+ç1è1é nˇü q̄ıngnián
hùı ‘Women’s YouthAssocation’,andothersimilar termsonecanderive thesuffix é hùı ‘asso-
ciation’. Next texts from the Worldwide Web in particulartopic domainsarecollectedandhigh
frequency key wordsareextractedfollowing (Smadja,1993)andothers.Then,thekey wordsare
checkedfor suffixesthatmatchtheorganizationsuffixescollectedin thefirst phase.If theprefix
of thenameis notanordinaryword(Chinesecompany namestendnot to involveordinarywords),
andif thesuffix is foundwith at least

v
distinctprefixesin thecorpus,thentheprefix-suffix com-

binationis assumedto be a name. The precisionof this methodwasmeasuredat between90%
and100%dependinguponwhether

v
wassetto 2 or 3, respectively. (Therecall ratecouldnot be

readilymeasuredsincethetext corpuswastoo largeto know how many distinctnameswereto be
found: onecanonly assumetherecall is low, though,sinceonly 83 correcttypeswereextracted,
outof 31,787distinctfinancialtexts.)

More recentlythe Changand Su (1997) have proposedan iterative methodfor identifying
unknown words. They startwith a dictionary, augmentedwith all n-grams(up to a givenlength)
that occur at leastfive times in the corpusto be segmented. Word probabilitiesare estimated
asthe n-gramprobabilitiesfrom the corpusat hand. The corpusis thensegmentedusing these
initial probabilities.Thewordsfoundin thecorpusarethenfed into a “Lik elihoodRatioRanking
Module”, which removeswordsthatarejudgedto beunlikely. Theremainingwordsarethenused
to resegmentthetext, andtheprocessis repeated.

The LikelihoodRatio RankingModule itself comparesan estimateof the likelihoodof the
n-grambeingin theword class,versusthelikelihoodof its beingin thenon-wordclass:ê � ��q_ëßz|ì t

u q�ì t��q_ëßz�íì t
u qîíì t

Here,
ë

is a featurevectorassociatedwith a givenn-gram;
��q_ëßz|ì t and

��q_ëßz íì t are,respectively,
the densityfunctionsfor

ë
being in the word class,versusthe non-word class;and

u q�ì t and
u qîíì t aretheprior probabilitiesof wordsandnon-words.Thefeatures(

ë
) usedby ChangandSu

arethe(n-way)mutualinformationbetweenthecharacters,andtheaverageentropy.10 Thedensity
functionsarethenmodeledasamixtureof multivariateGaussiandistributions(see(ChangandSu,
1997)for details.)

Thisiterativemethodis reportedto givegoodresults,yieldingan80%recalland70%precision
for new two-characterwords in one test (ChangandSu, 1997,Figure5). What is particularly

10Theentropy of asetof eventsïoð�ñWñmñ�ï�ò is definedas: ó ×õô�ö ò÷ùø ð]ú Ù ï ÷ Þ�û@üþý�Ù ú Ù ï ÷ Þ�Þ .
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noteworthyis thatprecisionandrecallincreasein tandemasoneincreasesthenumberof iterations.
This is in contrastto mostwork on unknown word detectionwhereonetypically findsa tradeoff
betweenprecisionandrecall.

Of course,aswe pointedout at the beginning of the discussionon segmentation,it is often
not enoughto identify an unknown word asa word: onefrequentlywantsto know whatkind of
unknown word it is. Unadulterated,theChangandSumethodcannottell onethis.

3.1.3 A Very Short Noteon Segmentationfor Inf ormation Retrieval

An obvious applicationfor Chineseword segmentationwould seemto be information retrieval
(IR). And indeed,therehasbeenwork on Chinesesegmentationdonewith 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 convincing
casethatword segmentationactuallyhelpsmuch,if at all, in IR. Wu andTsengdiscussa number
of issues,includinglexical ambiguity— ÿ�� niúṕı canliterally mean‘cow skin’ or (asanidiom)
‘exaggeration’.But of coursethatis nodifferentfrom thecaseof English:if youuseawebsearch
engineon bassyou will find pagesthathave to do with musicandpagesthathave to do with fish.
Incorrectsegmentationswill oftennot make muchdifferencein searches:if I want to search������

zhōnghúa ḿınguó ‘Republicof China’, it shouldn’t makeany differencewhatsegmentationI
assume:I presumablyaminterestedin documentsthatmatchthatliteral string.

A genuineproblemwouldbecaseswherethestringoneis searchingfor happensto bea literal
substringof someother word that is quite unrelatedto the term I am looking for. So �
	��
pútáoýa ‘Portugal’ happensto containthe substring�
	 pútáo ‘grape’. So if one is searching
Chinesepagesfor ��	 , oneshouldin principlegethits on ��	�� too. Sofar aswe know, though,
therehave beenno resultsreportedon how muchof a problemsuchmisanalysescausein typical
IR tasks,suchaswebsearches.Furthermoresincemostsearchenginesallow oneto refineone’s
query(e.g. “ ��	 AND NOT � ”, andso forth) it is not obviousthatonewould necessarilyseea
gainfrom potentiallybuggysegmentation.

3.2 Linguistic Studies

3.2.1 Propertiesof Mor phologicalConstructions

Huang(1999)argues,basedon studiesof the AcademiaSinicaCorpus(Chenet al., 1996), that
character-basedMutual Information is a good indicator of wordhoodin Chinese,suggestingin
particularthataminimalmutualinformationof about2, usedin (SproatandShih,1990)is agood
cutoff point for decidingwhetherapair of charactersconstitutesaword.

Huangalsoarguesthatthemeasureof mutualinformationcorrelateswell with thetypeof mor-
phologicalconstructiononeis dealingwith. Seeminglymonomorphemicwords,for example,have
averyhighmutualinformationmeasure(seeTable16)asdowhatHuangterms(following (Chao,
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���
júgōng ‘to bow’ 17.15���
chóuch́u ‘to hesitate’ 20.30���
zh̄ızhū ‘spider’ 18.25���
ńıhóng ‘neon’ 15.66

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

���
mǔq̄ın ‘mother’ 9.78� é ji àohùı ‘to teach’ 9.63���
yóuyǒng ‘to swim’ 11.77

Table17: Non-versatilepolymorphemicwordsandtheirmutualinformation,after(Huang,1999).

1968))“non-versatile”polymorphemicwords:thatis wordsthatareformally polymorphemic,but
wherethe componentmorphemesare not productive. (Table 17) In contrast,“versatile” poly-
morphemicwords(thosewith productive components)tendto have a lower mutual information
(Table18). This result is of courseexpected,in that high mutual informationobtainswhenwe
have eventsthatareparticularlyproneto occurwith eachother, andwith nothingelse:recallTa-
ble 1, wherewe listed a numberof disyllabic morphemesthat werewritten with charactersthat
sharea semanticradical. In thesepairsthecomponentcharactersoccuronly, or almostonly, with
eachother, andthey tendto have very high mutualinformation(Sproat,2000). In contrast,clear
instancesof phraseshave low mutualinformation;Table19. Huangextendsthediscussionto bor-
rowedwords,where,asdiscussedpreviously, thecharactersin questionareusedpurely for their
phoneticvalues. Among charactersusedin borrowed words, therecanbe both “versatile”and
“non-versatile”components,with theexpectedeffectson mutualinformation(Table20).

3.2.2 Analysis of Suoxie

Another areawherecorpus-basedmethodshave 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 speakers
decidewhich portionto pick for a givenword: why is ������ běijı̄ngdàxúe ‘Beijing University’
abbreviatedto ��� běidà andnot, for instance,��� j ı̄ngdà?

Oneclassof casesthat we will dispensewith immediatelyare the suppletive casessuchas!
hù, for "$# shàngȟai ‘Shanghai’asin

! %$&('
hù háng tiělù ‘Shanghai-HangzhouRailway’.

Thesemustpresumablybe learned.But for thenon-suppletivecases,how do speakersin general
know whichportionto pick for agivenword?And how is it thatsomewordsseemto allow either
portionto bepicked: for example��) gāoxióng ‘Kaohsiung’shows up as � gāo in ��* gāoxiàn
‘KaohsiungCounty’,but as ) xióng in )+� xióngzh̄ong ‘KaohsiungHigh School’.
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,�-
d̀ıyı̄ ‘first’ 5.11.�/
miǎnzh́ı ‘to dismiss’ 3.290�1
chàngḡe ‘to sing’ 8.42

Table18: Versatilepolymorphemicwordsandtheirmutualinformation,after(Huang,1999).

2�3
kànyú ‘look at fish’ -1.274�5
dǎ rén ‘to hit people’ -0.91-�,
yı̄ d̀ı ‘onePREFIX’ -4.406�5
xı̀ng rén ‘-ity human’ -1.44

Table19: Phrasesandnon-words.

Onepossibletheoryis thatusesan“informativenesscriterion” in selectingthecharacterin that
onepicksthecharacterwith themorerestrictive meaning.Thusfor �� zhōngxúe ‘high school’,
onewouldpick � zhōng‘middle’ asthemostinformativecharactersinceit distinguishes�� from7  xiǎoxúe ‘elementaryschool’ and �$ dàxúe ‘university’. But while this works well enough
for �� , it fails to accountfor caseslike �$) ‘Kaohsiung’, whereaswe have seen,in different
circumstancesonecanpick differentcharacters.

A secondpossibility is to appealto somekind of “morphologicalblockingcriterion”. On this
story, �
)8�9 gāoxióng zhōngxúe ‘KaohsiungHigh School’ mustbe abbreviatedto )�� xióng
zhōng, because��� gāozh̄ongalreadyexistsasaword(‘high school’,itself asuoxie). Theproblem
hereis how to decidewhichword shouldpreempttheother.11

(Huang,Ahrens,and Chen,1994; Huang,Hong, and Chen,1994; Chen,1996) proposea
differentmodelof suoxiebasedon mutual information,wherecoocurrenceof two charactersis
measuredwithin a five-word window on theleft of thesecondcharacter. Theideais thenthat for
a two-characterword : g , to form a suoxiecompoundwith ; from oneelementof : g :

1. If : and
g

areboth associatedwith ; (e.g.,asmeasuredon a corpuswith a 5-character
window to the left of ; ) thenpick : (the lefthandmember)to form :<; . As in (Huang,
1999)apair of charactersareassumedto beassociatedif themutualinformationexceeds2.

2. Otherwisepick thecharacterthatis leastassociatedwith ; .

Notethatin computingmutualinformation,instancesof theactualsuoxieareexcluded.
Theresultsof a testof this idearunon theAcademiaSinica(20million characters)for Taiwan

countynamesareshown in Table21. Thosecaseswherebothcharactersareassociatedwith * are
givenabove thefirst horizontalline in thetable. As per theprediction,all of theseselectthefirst

11Of course,this is aproblemfor any theoryof morphologicalblocking.
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Non-Versatile=�>
káfēi ‘coffee’ 14.86?�@
kǎob̀ei ‘copy’ 12.77

VersatileA�B
fútè ‘volt’ 4.99C�D
sh̀esh̀ı ‘Celsius’ 9.43

Table20: Someborrowedwords,andtheirmutualinformation.

characterin thesuoxieform. Below thesecondhorizontalline arecaseswhereoneor fewerof the
charactersin thecountynameareassociatedwith E , andin thesecasesthe leastassociatedchar-
acteris picked. Theoneoutlier is F�G ‘Penghu’,wherestrictly thesecondcharacter’s association
with E is below threshold,andsoshouldbepicked,but insteadthefirst characteris picked.

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

Chen(1996)suggestsan algorithmfor identifying the expansionsof suoxiethat alsomakes
useof mutualinformation,thoughin adifferentway from theway it wasusedin (Huang,Ahrens,
andChen,1994). Chenconsidersdisyllabic suoxiederived from a pair of disyllabicwords. For
eachputativesuoxieAB, theideais to find all pairsof disyllabicwordswherethefirst containsA
andthesecondB. So for H�I bāngjiào, we’d look for wordscontainingH suchas H�J bāngzh̀u
‘help’ or K�H hēibāng ‘gangster’,andfor wordscontainingI suchas I�L ‘teach’ ji àodǎo or M
I ‘homily’ shūojiào. Chen’s thesisis thata suoxieshouldbeformedfrom collocationswherethe
wordsarehighly associated.Thusthehypothesisis thatthebestchoicefor decidingwhichpair of
wordsis thebasisfor thesuoxieis to pick thepair with thehighestmutualinformation.But there
is a problemhere:while at anintuitive level Chen’s approachmaymake sense,it isn’t clearwhat
onewould expectin practice.In particular, thesuoxiein questionmight well occuralmostto the
exclusionof thefull collocationfrom which it wasderived.Oneseesthis in Englishabbreviations;
see(Sproatet al., 2001,page45). Soin any corpusonemight find that thesuoxieN�O zhōngýou
‘ChinaOil’ is far morecommonthanits expandedform (N�P�Q�O zhōngguó sh́ıyóu. Indeedin the
AcademiaSinicaBalancedCorpus,N�O occurs193times,N�P�QRO only 5 times.

3.3 Other Applications

3.3.1 Inferring Word Classes

ChangandChen(1995)presenta methodfor the automaticclassificationof Chinesewordsinto
a predeterminednumberof categories. In effect this is anautomaticpart-of-speechclassification
system,onewherethepart-of-speechtagsareinferredautomaticallyratherthanrelying on a dic-
tionary. Oneapplicationfor this kind of techniqueis class-basedlanguage modelingin speech
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Full Suoxie MI( S � ,E ) MI( S � ,E )T U
Taoyuan

T E 4.39 3.32V W
Yilan

V E 3.11 3.86X Y
Miaoli

X E 4.40 5.37Z [
Changhua

Z E 4.48 2.13\ ]
Yunlin

\ E 3.78 2.13^ _
Chiayi

^ E 3.49 2.43
F G Penghu F E 3.33 1.92` a

Hualian
` E 0.95 4.08b c

Kaohsiung
b E 1.33 3.21d e

Pingtong
d E 1.00 1.29f�g

Taipei
g E 2.64 0.81h�i

Hsinchu
i E 0.67 0.66f N Taichung N E 2.64 0.19j�k

Nantou
k E 0.58 0.29f�j

Tainan
j E 2.64 0.58f�e

Taitong
e E 2.64 1.29

Table21: Analysisof suoxiefor Taiwancountynames,following (Huang,Ahrens,andChen,1994;Huang,
Hong,andChen,1994). The third andfourth columnsgive, respectively, themutualinformationbetween
the first characterandxiàn ‘county’, andthat betweenthe secondcharacterandxiàn. Underlinedarethe
characterschosento form suoxiewith xiàn, andin casesof low mutualinformation,the lower of the two
valuesin columnsthreeandfour.

recognitionwhereit hasbeenargued(e.g(Brown et al., 1992))that letting themachineinfer the
classesratherthan relying on dictionariesor other human-derived artifactsmay result in more
robustsystems;thereis alsotheadditionalbenefitthatautomatictechniquescanbeusedin theab-
senceof alreadyexisting lexical resources.ChangandChenalsonotetheadditionalcomplication
that in Chinesepartof speechassignmentsareoftenlessclearthanthey arein English,sohuman
judgmentson how to classifywordscanbeunreliable.12

In ChangandChen’s formulation,the problemis to find a classassignmentl for wordsthat
maximizestheprobabilityof a corpus.A bigramapproximationof this would statethat theesti-
matedprobabilityof thetext m of length n — oprq mts — is modeledastheproductover eachworduwv of theprobabilityof uwv giventheinferredclassl qxuwv s , alongwith theprobabilityof l qyuwv s given

12Thisis asomewhatbizarreargument,though,sincewhatmakesChinesemoredifficult than,say, Englishis simply
that thereis a greatdealmorelexical ambiguity. Wordsin Chinesecanfrequentlyfunction in morethanonelexical
category. But in a givensentence,it is oftenclearhow a word is functioning(e.g. asa nounor a verb). In any case,
sinceautomaticclassificationschemesinvariablymake the assumptionthatany givenword will only belongto one
category, it is hardto seehow suchschemescandealwith theproblemotherthanby ignoringit.
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theprevious l qyuwv{z � s :
(70) op|q mts~}

��
v�� � p|qyuwv�� l qyuwv s�s p|q l qxuwv s � l qxuwv�z � s�s

This is a fairly standardclass-basedlanguagemodel approachwherethe context (the previous
class(es))is usedto predictthecurrentclass,andthecurrentclassis thenusedto predictthecurrent
word. Theproblemis thento optimizetheclassassignmentof wordssothat op|q mts is maximized,
which ChangandChendo usinga simulatedannealingapproach.Theprocessis ratherslow: to
classifya corpusof 355,347words,with 23,977word types,into 120typestook 200CPUhours
on aDEC3000/500AXP workstation(approximately20 MFLOPS).

Thesystemwasformally evaluatedby measuringtheperplexity onatestset,but from alinguis-
tic point of view what is moreinterestingis whetherthederivedclassesmake any sense.Clearly
someof themdo. For example,class49seemsto beroughlytheclassof classifiers:

(71) � , ��� , � , � , � , � , ��� , � , � , �+� , � , � , � , � , ��� . . .

Otherclassesmake lesssense:

(72) N�� , N�� , N�� , ��� , ��� , � , � , � ,  �¡ , ¢�£ , ¤<¥ , ¦ W�§ . . . . . .

3.4 Appendix: An Overview of Finite-State Transducers

In this sectionwe give an overview of WFST’s and the (weighted)regular relations that they
compute.Thisis bynomeansintendedto beacompleteintroductionto thissubject.For furtherand
morecompletediscussionthereaderis urgedto consultothersources.For ordinary(unweighted)
finite-stateacceptors (FSA’s), andthe correspondingregular languages, any decentintroduction
to automatatheory(Harrison,1978;HopcroftandUllman,1979;Lewis andPapadimitriou,1981,
for example)will suffice. For transducersandweightedfinite-statemachines,thereis lamentably
lessmaterialaccessibleto the non-specialist,but therearea few papersonemight recommend.
Oneis (KaplanandKay, 1994),whosediscussionwe draw on to someextenthere. More recent
is (Mohri, 1997),aswell asa few of the referencescited therein. Mohri focuseson applications
of WFST’s to languageandspeechprocessing,andefficient algorithmsto supportthesekindsof
applications:someof thealgorithmsthathediscussesarethesameasareusedin our own finite-
statetoolkit. Finally, onemight consult(Sproat,1992)for a fairly non-technicalintroductionto
FST’s asappliedin computationalmorphologyandphonology.

3.4.1 Regular Languagesand Finite-StateAutomata

We start with a notion of an alphabetof symbols,wherethe entire alphabetis conventionally
denoted̈ . Also conventionalis theuseof thesymbol © to denotetheemptystring, which is not
anelementof ¨ andwhich is distinctfrom theemptyset ª . Regularlanguagesareusuallydefined
with aninductivedefinitionalongthefollowing lines:

61



1. ª is a regularlanguage

2. For all symbols«­¬®¨°¯8© , ±²«´³ is a regularlanguage

3. If n � , n � and n areregularlanguages,thensoare

(a) n �²µ n � , theconcatenationof n � and n � : for every u � ¬¶n � and u � ¬¶n � , u � u � ¬·n �¸µ n �
(b) n � ¯�n � , theunionof n � and n �
(c) nº¹ , the Kleeneclosure of n . Using n v to denoten concatenatedwith itself » times,

n ¹ }¼¯~½v��´¾ n v .
The above definition definesall andonly the regular languages.However, thereareadditional
closurepropertieswhich regularlanguagesobserve. We will makeusehereof theterm ¨ ¹ , which
denotesthesetof all strings(includingtheemptystring)over ¨ .13

¿ Intersection: if n � and n � areregularlanguagesthensois n �rÀ n � .
¿ Difference: if n � and n � areregularlanguagesthensois n �ÂÁ n � , thesetof stringsin n � that

arenot in n � .
¿ Complementation: if n is a regularlanguage,thensois ¨ ¹ Á n , thesetof all stringsover ¨

thatarenot in n . (Of course,complementationis merelyaspecialcaseof difference.)

¿ Reversal: if n is a regular language,thenso is ÃÅÄÇÆ q nÈs , thesetof reversalsof all stringsin
n .

Regular languagesaredefinedassetsof strings. They arecommonlynotatedas regular ex-
pressions. And they canbe recognizedby finite-stateautomata. The equivalenceof thesethree
objectsis a well-known resultof automatatheoryknown asKleene’s theorem(s).A finite-state
automatoncanbedefinedasfollows(see(Harrison,1978;HopcroftandUllman,1979;Lewis and
Papadimitriou,1981)):

A finite-stateautomatonis aquintuple É } qyÊ·ËÍÌÎËÐÏÑË ¨ ËÐÒ s where:

1. Ê is afinite setof states

2. Ì is adesignatedinitial state

3. Ï is a designatedsetof final states

4. ¨ is analphabetof symbols,and

5. Ò is a transitionrelationfrom ÊÔÓ ¨ to Ê
13It shouldbestressedthatit is notnecessaryto explicitly stateall of theseproperties:for example,givenunionand

complementation,closurefor intersectionfollows from De Morgan’sLaws. We merelylist all of thesefor complete-
ness.
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0	 1	
a

b

Figure12: An automatonthatcomputesÕ×Ö ¹ . By convention,theheavy-circledstate(0) is theinitial state,
andthedouble-circledstateis thefinal state.

To illustratewith asimpleexample,considerthefollowing infinitesetof strings: ±²« Ë «ÙØ Ë «ÚØÍØ Ë «ÙØÍØÍØÜÛÇÛÇÛÝ³ .
In otherwords,thesetconsistingof « followedby zeroor more Ø s. Thiscanberepresented,using
fairly standardregular-expressionnotation,asthecompactexpression«ÙØ ¹ . And it canbe recog-
nizedby the finite-statemachinedepictedin Figure12. This machineis deterministic, meaning
that at any state,for a given input symbol, thereis exactly onestateto which the machinemay
move. For example,on theinput «ÙØÍØ , themachinewill startin stateÞ , moveon « to stateß , move
on Ø to state ß again,andrepeatthis processoncemoreto endin state ß which, sincethis stateis
final,meansthatthemachinehasacceptedtheinput. Thedefinitionof finite-stateautomatonabove
alsoallowsfor non-deterministicmachines,meaningthatatastateonemayin principlevisit more
thanonenext stateon a givensymbol.As it happensnon-deterministicunweightedautomatacan
alwaysbedeterminized— thatis, convertedinto anequivalentdeterministicautomaton.As aprac-
tical matter, anequivalentdeterministicautomatonmaybe(much)largerthana non-deterministic
automaton,but it will generallybemoreefficient to operatesimplybecausethereis neverany need
to searchmorethanonepathin themachine.14

3.4.2 Regular relationsand finite-state transducers

Onecanextendthenotionof regular languagesto regular n-relations, which aresetsof n-tuples
thatcanberecursively definedin aparallelmannerto thedefinitionof regularlanguages:

1. ª is a regularn-relation

2. For all symbols«­¬áà q ¨°¯8©Ðs Ó ÛÇÛÇÛ Óáq ¨â¯�©Ðsäã , ±²«´³ is a regularn-relation

3. If Ã � , Ã � and Ã areregularn-relations,thensoare

(a) Ã �åµ Ã � , the (n-way)concatenationof Ã � and Ã � : for every æ � ¬çÃ � and æ � ¬èÃ � ,
æ � æ � ¬·Ã �éµ Ã �

14Strictly speaking,it is not even true that the deterministicmachineneedsto be larger. See(Mohri, 1994) for
discussionof space-efficient representationsof deterministicautomata.
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(b) Ã � ¯�Ã �
(c) Ã ¹ , then-wayKleeneclosureof Ã .

Regular n-relationscan be thoughtof as acceptingstringsof a relation statedover an m-tuple
of symbols,andmappingthemto stringsof a relation statedover a k-tuple of symbols,whereê¶ë�ì }îí . Wecanthereforespeakmorespecificallyof êáÓwì -relations.Aswith regularlanguages,
regularn-relationsobey furtherclosureproperties:

¿ Composition: if Ã � is aregular ìÜÓïê -relationand Ã � is aregular êáÓ|p -relation,then Ã �²ð Ã �
is a regular ìñÓòp -relation.

¿ Reversal: if Ã is a regularn-relation,thensois ÃÅÄÇÆ q Ãós .
¿ Inversion: if Ã is a regular êáÓ í -relation,then Ã z

�
, the inverseof Ã , is a regular í Óºê -

relation.

Compositionwill beexplainedbelow.
In mostpracticalapplicationsof n-relationsin naturallanguageandspeechprocessing,í�}õô ,

with (obviously) ì } ê } ß ; in this specificcase,we can speakof a relation mappingfrom
stringsof oneregular languageinto stringsof another. (A notableexceptionis the work of Ki-
raz(1999).) For this reasonwe will speakhenceforthsimply of relations, andhave it unambigu-
ouslymean2-relations. Note thatdifference,complementationandintersectionareomittedfrom
the setof closureproperties,sincein generalregular relationsarenot closedundertheseopera-
tions,thoughparticularsubsetsof regularrelations,includinglength-preserving(or “same-length”)
relations,areclosedundertheseoperations;see(KaplanandKay, 1994).

Correspondingto regular relationsare n-way regular expressionsand finite-statetransduc-
ers (FST’s). Ratherthan give a formal definition of an FST (which can in any event be mod-
eledon the definition of FSA givenabove), we will illustrateby example. Consideranalphabet
¨ö}÷±²« Ë Ø Ë S ËÐø ³ anda regular relationover thatalphabetexpressedby the following set: ± q « Ë Sùs ,q «ÙØ Ë S ø s , q «ÚØÍØ Ë S øÙø s , q «ÙØÍØÍØ Ë S øÙøÙø s . . . ³ . In otherwords,the relationconsistingof « mappingto S
followed by zero or more Ø ’s mappingto ø . We can representthis compactlyby the two-way
regular expressiona:c (b:d)¹ . A finite-statetransducerthat computesthis relationis depictedin
Figure13. By convention,we will refer to the expressionson the lefthandsideof the ‘:’ asthe
input side,andtheexpressionson therighthandsideastheoutputside.Soin Figure13, theinput
sideis characterizableby theregularexpression«ÙØú¹ , andtheoutputsideby theexpressionS ø ¹ .

As it happens,the transducerin Figure 13 is deterministic,both on the input side and the
outputside: for any stateandany input or outputsymbol, thereis at mostonedestinationstate
correspondingto thatsymbol-statepair. But it is importantto bearin mind thatnot all FST’s can
bedeterminized.All acyclicFST’s15 arecertainlydeterminizable,but for cyclic transducersthe

15An acyclic automatonor transduceris onein which thereareno cycles,meaningthatonceoneleavesany state,
thereis no paththatwill leadbackto thatstate.
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0	 1	
a:c

b:d

Figure13: A transducerthatcomputesa:c (b:d)¹ .

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

Thetermcompositionhasits normalalgebraicinterpretation:if Ã � and Ã � areregularrelations,
thentheresultof applying Ã �×ð Ã � to aninputexpressionû is thesameasapplyingfirst Ã � to û and
thenapplying Ã � to theoutputof this first application.Considerthetwo transducersin Figure14
labeledm � and m � . m � computestherelationexpressableas(a:c (b:d)¹ ) � ((e:g)¹ f:h). m � computes
g:i © :j h:k, wherethe © : ü term insertsa ü .16 m �~ð m � computesthe trivial relation,e:i © :j f:k. In
this particularcase,thoughboth m � and m � expressrelationswith infinite domainsandranges,the
resultof compositiononly mapsthestringef to ijk.

Theinverseof a transduceris computedby simply switchingtheinput andoutputlabels.The
fact that regular relationsareclosedunderinversionhasan importantpracticalconsequencefor
systemsbasedon finite-statetransducers,namelythat they are fully bidirectional (Kaplan and
Kay, 1994).Onecanfor exampleconstructa setof rewrite rulesthatmapsfrom lexical to surface
form; and then invert the resultingtransducerto useit to computepossiblelexical forms from
surfaceforms.

Onenotion that we will make useof from time to time is the notion of projectiononto one
dimensionof a relation. For example,for a 2-way relation Ã , ý � q Ãós projects Ã onto the first
dimensionand ý � q Ãós projectsonto the seconddimension. ( ý � and ý � arealsosaidto compute,
respectively, the domainandrangeof the relation.) The analogof the projectionoperationfor
2-way FST’s producesanFSA correspondingto onesideof thetransducer. Sothefirst projection
( ý � ) of thetransducerin Figure13 is theacceptorin Figure12.

3.4.3 Weightedregular X and weightedfinite-stateX

Wehavesofar spokenof automataandtransducerswherethearcsarelabeledwith elementsfrom
analphabet.It is alsopossibleto addto thesearcsweightsor costs, whichmayin generalbetaken
from thesetof realnumbers.Let usconsiderherethemostgeneralcase,namelythatof aweighted
finite-statetransduceror WFST. An exampleWFSTis givenin Figure15. ThisWFSTacceptsany

16Here,andelsewhere,we adopttheUnix regular-expressionconventionwhereby‘ þ ’ denotesdisjunction.
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m �
0	

b:d

1	

e:g

2	

f:h3	

a:c

e:g

f:h

m �
0	 1	

g:i
2	

   ε  :j 
h:k

m ÿ
0	 1	

e:i
2	

   ε  :j 
3	

f:k

Figure14: Threetransducers,where
� ÿ�� � ��� � �
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0	/0

c:f/0.3
c:h/0.7

1	/0

c:d/12	

a:e/0.4

a:b/0.6

Figure15: An exampleof aweightedfinite-statetransducer. Here,andelsewhere,thenumberafterthe‘ � ’
is theweight.

stringthatmatches«ÙS ¹ , andtransducesit to severalpossibleoutputs.Considerasa concretecase
theinput «ÙSúS . Thepossibleoutputsfor this input are:bdd, eff, efh, ehf, ehh. Theweightsallow us
to ranktheseoutputs,but therankingwill dependuponhow theweightsareinterpreted.Themost
commoninterpretationsof theweightsin practicalapplicationsare:

¿ As probabilities: in this casetheweightsalongapatharemultiplied, thecostof aparticular
analysisis thesumof theweightof all pathshaving thatanalysis,andthebestanalysishas
thehighestweight.

¿ As costs, or negative log probabilities:in this casetheweightsalongapatharesummed, the
costof a particularanalysisis theminimumof theweightof all pathshaving thatanalysis,
andthebestanalysishasthe lowestweight.

Of thesetwo, thecostinterpretationis by far themorecommon(sinceusingrealprobabilitieswill
leadto underflow problemson large examples),andit is the onethat will be assumedhere;for
thepurposesof this discussion,then,weightandcosthave thesamemeaning,andwe will freely
interchangetheseterms.On thecostinterpretation,theweightsof thepossibleoutputsof «ÙS S are
asfollows: bdd� 2.6� , eff � 1.0� , efh� 1.4� , ehf� 1.4� , ehh� 1.8� . Here,andelsewherewe will
denoteacostonanexpressionwith anumberin anglebrackets.Of thisset,eff hasthelowestcost,
andis thereforethebestanalysis.In subsequentdiscussion,whenwereferto thebestpath,wewill
alwaysmeanthepathwith thelowestcost,andwhenwe referto computingthebestpath,we will
presumeanalgorithmfor finding this lowest-costpath.

The closurepropertiesof WFST’s are identical to thoseof FST’s. For WFSA’s, the closure
propertiesareidenticalto thoseof FSA’s,exceptthatthey arenotclosedunderdifferenceor com-
plementation.On propertiesfor determinizableWFSA’s,andalgorithmsfor computingdetermin-
istic equivalentssee(Mohri, 1997).
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4 CorpusMethods for Mandarin Phonology

In casual,conversationalspeech,many changesoccurandthespeechstreamdeviatesconsiderably
from thespeaker’s intendedwords.This is aniceproblemto work on for thissectionof thecourse
because:

¿ Thetaskis clearlydefined:Casualspeechphenomenoncanbetreatedasanoperationcon-
vertinganinput phoneto anoutputphonesequence.

¿ Whendefinedin this way, automaticlearningof casualspeechrules becomesa problem
of string alignment. Thereareestablishedsolutionsfrom works on sequencecomparison
(Sankoff andKruskal,1983).

¿ Thereareotherautomaticrule learningmethodssuchasClassificationAndRegressionTree
(CART) (Breimanet al., 1984) that aresuitablefor the taskof learningcontext-sensitive
rules.

¿ Theproblemrequiresusto expresslinguistic intuition in termsof costs(for stringalignment)
and factor or attribute coding (for CART). In general,being able to formulate linguistic
intuition in mathematicalandlogical formshelpsusto improveor evento designautomatic
trainingmethods.

¿ This problemis directly applicableto speechtechnologiessuchasautomaticspeechrecog-
nition (ASR) (Liu andFung,2000)and text-to-speechsynthesis(TTS) (Shih andSproat,
1996b).

In this section,we will investigatethephenomenonof Mandarincasualconversationalspeech
with a small database.The focushereis to survey the terrainso asto have a goodcoverageof
the problem. In later sectionsandin lab sections,we will experimentwith corpusmanagement
methodsandautomaticlearningproceduresin orderto extendtheinquiry to largecorpus.

Casualspeechphenomenonis at leastpartially conditionedby prosody(Fosler-Lussierand
Morgan,1999).It is areasonablehypothesisthatmany changesoccurbecausethespeechtempois
fastandarticulatorygesturesoverlap(BrowmanandGoldstein,1990).Thereforeit will beuseful
to think aboutprosodyanalysismethods,suchastheestimationof duration(vanSantenandOlive,
1990;ShihandAo, 1997)andprosodicstrength(KochanskiandShih,2001a),andconsiderhow
to integratetheseinformationinto amodelpredictingcasualspeechpronunciationvariations.

4.1 CasualSpeechPhenomenon

Thefollowing exampleillustrateswhatmight happenin casualspeech.Thefirst line andsecond
line give the characterandpinyin transcriptionof what the speaker said,respectively. From the
pinyin transcriptionwe derive the ideal phonesequence,oneascii letterperphone(seeTable22

68



for themappingtable).Thisis givenonthefirst indentedline. Theactualspeechoutputis obtained
by labelingthespeechphoneby phone.This is givenonthethird indentedline. Thecasualspeech
phenomenoncanbe definedasthe differencebetweenthe input, the ideal phonesequence,and
theoutput,theactualphonesequence.Themappingcanberepresentedasphonesubstitution(s),
deletion(d) andinsertion(i). Theseoperationsaregivenon thesecondindentedline. Whitespace
is usedwhennochangeoccurs.	�
�
�


wo xiang3xiang3ao0.”Let methink.”

woxyaGxyaG W*
s d di

wAxyaG ya ?W*

A few thingshappenin thissimpleexample,whichpoint to interestingdirectionswhenweask
whatmightbetheconditioningfactorsof phonechangesin casualspeech.

First,thewordwo3“I” is pronounced[wA] (equivalentto pinyin wei). Wenotethatthefollow-
ing syllable[xyaG] xiangcontainsa palatalglide [y]. Thehigh, front tonguegestureof [y] may
contributeto thefrontinganddiphthonizationof thevowel. If this is thecase,wecouldcategorize
thechangeasphoneassimilation,oneof themostcommonphenomenonin fastor casualspeech.
However, notethat if [y] is the likely triggerof the [o] � [A] assimilation,thenthetrigger is, in
theory, onephoneaway from the target. We needto keepa mentalnoteof this fact so that later
on we canmake informeddecisionon the optimal window sizeof phonecontext for automatic
rule training.At thesametime,keepin mind thatin reality, thetriggeris probablymuchcloserto
thetarget: fricativesin generaltendto show strongco-articulationeffectwith thefollowing sound
and[x] in Mandarinin particularis pronouncedwith strongpalatalcoloring. If the articulatory
gestureof thepalatalsoundwith highandfront tonguepositionstartsabit earlierthanthesyllable
boundary, it couldaccountfor thechangeof [o] � [A].

Thereis a reduplicatedverbform xiangxiang“think (tentatively)”, wheretheinitial consonant
[x] of the secondsyllable is deleted. Sincethe ideal phonesequencesof the two reduplicated
syllablesarethesame(xiangequalsxiang),it is temptingto hypothesizethatsomethingaboutthe
secondsyllablecontributesto thedeletion.Is thedeletionrelatedto themorphologicalstructure?
Couldit bethatthesecondsyllableis prosodicallyweakandthatthedeletionis a lenition process
relatedto the weak position? But also note that the larger phonecontext of the two [x]’ s are
different.Thefirst [x] is in thecontext of [o] [y], andthesecond[x] is in thecontext of [G] [y].
Is it likely thattheprecedingcontext is thecauseof thedeletion?It is alsopossiblethatall of the
aforementionedfactorsareresponsiblefor thedisappearingof the[x]. Perhapsthephonecontext,
themorphologystructure,andprosodyareall relevantfactors.

Thereis one caseof insertionin the first example. Generally, insertionisn’t a fast speech
phenomenon.Intuitively we think thatspeakersaretrying to saylessratherthanmorein orderto
speakfast.But thereareotherfactorsinvolved.First,notethatwhatis beinglabeled“f astspeech”
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is usuallynot uniformly fast. Conversationspeechor casualspeechhasa wider rangeof speed
thanreadspeech.Thereareregionswherespeechis fasterandregionswherespeechis slowerthan
normal.

Thequestionsweshouldkeepin mind is whatkind of insertionsoccurin speech,whetherthey
arepredictable,andwhetherinsertionservesacertainfunction.Herewehaveacaseof glottalstop
insertionafter [G] (pinyin ng), andin front of a low vowel [W] (pinyin ao). Thequestionswe’d
like to askis whetherthereareothertypesof insertion,andwith regardto glottal stopinsertion,
whetherit is conditionedby phonecontext, by lexical property, or both? If the phonecontext is
involved,areboth left andright phonecontexts relevant? Is the insertionconditionedby phone
classes(nasalcoda,vowel, or low vowel)?

Giventhissingleexample,all wecanconcludeis thatwedon’t haveenoughdatato supportone
hypothesisover theother. Weneeda reasonablesizedcorpusto answerinterestingquestions.In a
largedatabase,thereis alsoabetterchancefor usto find variedcontextsto estimatethedistribution
patternsof eachof thephenomenonwehaveseensofar.

Anotherpropertyof casualspeechis variationfromutteranceto utterance.Any of thedescribed
changesmaynot happenevenif thesamespeaker wereto repeatexactly thesamematerials.One
interestingquestionis to find out how likely eachchangeis, and whetherthe changescan be
predictedby otherfactorssuchasspeakingrateandprosody. To geta overall pictureof thephe-
nomenon,oneneedanexhaustive analysisof thedatabase,ratherthanciting anecdotalevidence
like we aredoingnow. In otherwords,anuninterestingcasewherenothinghappensto [x] is just
asimportantasan interestingcasewhere[x] is deleted.

In thefollowing sections,wewill testsomeof thehypotheseson DatabaseK, asmall,oneand
half minuteconversationaldatabase.We startwith a small,manageabledatabasein orderto have
a detaileddocumentationon what occursin the database,their distribution and frequency. The
goal hereis to understandwhat happensandwhat are likely factorsthat condition the changes.
The lessonslearnedfrom dataanalysiswill be helpful to find the beststrategies for automatic
proceduresthatarenecessaryto analyzea largecorpus.

4.2 DatabaseK and Transcription

DatabaseK is aoneandhalf minutespeechdatabasethatwasrecordedduringafieldwork session
for an unrelatedexperimentwherethe subjectwasbeingpromptedto talk aboutspecifictopics.
Only thesubject’svoiceis recordedclearly, andis transcribedandanalyzed.

Thedatarepresentationformatis thesameastheexampleshown in Section4.1.
Table22 lists themappingbetweenpinyin representationsandthephonetranscriptionsystem

whenthetwo systemsdiffer. Therearetwo importantconsiderationsto adoptsomethinglike the
currentrepresentationfor our purposes:First, we useoneascii symbolto representeachspeech
sound. This arrangementallows us to simplify string processingoperations. Secondly, pinyin
phonerepresentationsmaybeambiguousandit is to our advantageto avoid asmany unnecessary
ambiguitiesaspossible.Theconsonantrepresentationsareverysimilarto thepinyin transcriptions,
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Pinyin (sh)i (d)e j(u) (s)i er ou ei ai a(n)
Our Symbol % ˆ U $ R O A I @

Pinyin ao (d)i(e) (d)u(o) yu(e) sh ch zh (i)n ng
Our Symbol W y w Y S C Z N G

Table22: ConversionChartof Symbols

with theexceptionof retroflex soundswhereweusecapitallettersZ, C, S insteadof thetwo-letter
pinyin representationszh, ch, sh. The vowel mappingadmittedlylooks weird to humaneyes. It
grew out of theneedto find anunambiguousrepresentationfor eachvowel soundswith oneascii
symbolon thekeyboard.

A reasonablereconstructionof the speaker’s intentionis obtainedby transcribingthe speech
into text. Thatis, weobtainthelistener’s impressionof whathasbeensaidwordby word. Thefirst
two linesin thefollowing examplesaretranscriptionsof thesentencesin charactersandin pinyin,
respectively. Thefirst indentedline show the ideal phonestringgivenour reconstructionof what
thespeaker intendedto say. The last indentedline givestheactualspokenphonestringwhich is
obtainedby labelingthespeech.Whenoneexaminesthespeechstreammorecarefullyandlooks
for phones,oneoftenfindsthattheintendedphonesaremutatedor sometimesnoteventhere.The
middleindentedline show theoperationsthattransformtheinput,or theidealphonestring,to the
output,or thespokenphonestring, in termsof substitution(s), deletion(d) andinsertion(i). We
will seein Section4.4.1that thesethreeoperationsarethe basicoperationsusedin many string
comparisonalgorithms.They areusedto definestringdistance,which in turn is usedto align texts
andin automaticrule learning(Kruskal,1983).
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( � ) ��M����������
(gang1c)ai2 shuo1 na4 yi2 da4 dui1 hua4,

ISwonaidadwAhwa*
s d d

ISwonAidad Ah a*

��� ���
gen1 ni3 nei4ge0,

gˆNninAgˆ*

gˆNninAgˆ*

���������
dou1 mei2 guan1xi0 a0.

dOmAgw@Nxia*
s

dOmAgw@Nsia*


��� 
o3 shi4 h0.

oS%h*
i
?oS%h*	�
�
�


wo xiang3xiang3 ao0.

woxyaGxyaG W*
s d di

wAxyaG ya ?W*

!�" N�#�$
shang1ye4zhong1xin1 ya0.

SaGyeZoGxiNya*
s

SaGyeZoGsiNya*% P�& !�" N�#
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mei3guo2 de0 shang1ye4 zhong1xin1.

mAgwodˆSaGyeZoGxiN*
s

mAgwoDˆSaGyeZoGxiN*

% P�& !�" N�# � M�'
mei3guo2 de0 shang1ye4 zhong1xin1 ni3 shuo1 zhi3,

mAgwodˆSaGyeZoGxiNniSwoZ%*
d s ds

mAgwo ˆSaGyeZoGhiNniS %Z%*

� ' §�(���)���*�+��
shi4 zhi3 di4qu1 a hai2shi4 cheng2xiang1 a.

S%Z%diqU ahIS%CˆGxyaGa*
i d

S%Z%diqUyahI %CˆGxyaGa*!�" N�#
shang1ye4 zhong1xin1.

SaGyeZoGxiN*

SaGyeZoGxiN*	�,�-
wo3 jue2 de,

wojYedˆ*
dss

woj UDˆ*

§�( &�� 	�,�-�.
di4qu1 de0 hua4 wo3 jue2de jiu4,

diqUdˆhwawojYedˆjyO*
s ds d dd

diqUDˆh Wwoj e jyO*

/�0�1�2�e�3�4�5�6
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en zhu3yao4 zai4 dong1xi1 liang3an4 le.

ˆNZuyWzIdoGxilyaG @Nlˆ*
i d s s di d
?ˆNZu WzˆdoGsilya ?@ lˆ*

/ NRP�& !�" N�#�7 0�1�2 �����
en zhong1guo2 de shang1ye4 zhong1xin1 ne zhu3yao4 zai4 nei4ge da4,

ˆNZoGgwodˆSaGyeZoGxiNnˆZuyWzIn Agˆda *
s s s ss s
eNZoGgwoDˆSaGyeZoGyiNnˆZ%rWzIn igˆda *

��N *�8�)�9�:�;
da4zhong1 cheng2shi4 hai2you3 yan2hai3.

daZoGCˆGS%hIyOyeNhI*
ds

daZoGCˆGS%hI ˆyeNhI*

<�	�

e wo3 xiang3,

ˆwoxyaG*

ˆwoxyaG*

<���� M 2 N�P )���2�% P�7
e ni3 shi4 shuo1 zai4 zhong1guo2 hai2shi4 zai4 mei3guo2 ne.

ˆniS%SwozIZoGgwohIS%zImAgwonˆ*
d ds d s d dd

ˆni %S ˆzIZoG wahI % mAgwonˆ*

4�= 7�>
liang3bian1 ne ha.

lyaGbyeNnˆha*
d s

l aGbyeNnaha*

<�	�,�-�2�% P�7�?�@�A
e wo3 jue2de zai4 mei3guo2 ne wu2suo3wei4.

ˆwojYedˆzImAgwonˆ uswowA*
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d s i d s
ˆwojYe ˆzˆmAgwonˆwus ovA*

B�C ���
yin1wei4 nei4ge,

iNwAnAgˆ*
i ds
yi vAnAgˆ*

%�D�E�F ��G�H §�( G�H ��*�+ G�H ��I�J
mei3guo2 ta1 zhe4ge cha1bie2 di4qu1 cha1bie2 gen1 cheng2xiang1
cha1bie2 dou1 bu2 tai4,

mAgwotaZˆgˆCabyediqUCabyeCˆGxy aGCabyedObutI*
s s ds s

mAgwotaZAgˆCabyediqUCabyeCˆGny aGCab $dOb$tI*

I���K H�L
bu2shi4 te4bie2 da4.

buS%tˆbyeda*
s

bur%tˆbyeda*

/�M���N
en dan4shi4 ne,

ˆNd@NS%nˆ*
s s
eNd@Nr%nˆ*

	�O�P�Q�R�S�T�U�V &�W�X
wo3 ke3neng2 bi3jiao4 xi3huan1 nuan3huo2 de di4fang.

wokˆnˆGbijyWxihw@Nnw@Nhwodˆdif aG*
d s d s dsd s

wokˆ ˆNb jyaxihw@Nn a hwoDˆdifaG*

Y�Z�[�\�D�]�^
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yao4shi4 zai4 zhong1guo2 de hua4.

yWS%zIZoGgwodˆhwa*
sd s

ya %zIZoGGwodˆhwa*

_�`�Q�R�a�b�c�[
wo3 jiu3 bi3jiao4 qing3xiang4 yu2 zai4,

wojyObijyWqiGxyaG UzI*
i

wojyObijyWqiGxyaGyUzI*

d�e�f�g�h X
nei4ge yan2hai3 nan2fang1.

nAgˆyeNhIn@NfaG*

nAgˆyeNhIn@NfaG*

i�j�i�j�k�l�m�k
guang3zhou1 guang3zhou1 a shen1zhen4 a.

gwaGZO gwaGZOaSˆNZˆNa*
i

gwaGZOagwaGZOaSˆNZˆNa*

n�o�Z�[�p�q
huo4zhe3 shi4 zai4 bei3jing1.

hwoZˆS%zIbAjiG*
s

hwoZ%S%zIbAjiG*

M�Z�_�r�[�p�q�k
dan4shi4 wo3 jia1 zai4 bei3jing1 a1.
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d@NS%wojyazIbAjiGa*
sd ds

de r%wojya %bAjiGa*

O�s�t�u�v�w�_�x�y
ke3yi3 jing1chang2 qu4 kan4 wo4 ma1 ha.

kˆijiGCaGqUk@Nwomaha*
s d s sdd

keiji CaGq$ka omaha*

z�{�_�|�}�~�]����
en deng3 wo3 you3 tiao2jian4 de shi2hou4.

ˆNdˆGwoyOtyWjyeNdˆS%hO*
ds d

ˆNdˆG uyOtyWjyeN ˆS%hO*

_�`����������
wo3 jiu4 xiang3 jie1 ta1 chu1lai0.

wojyOxyaGjyetaCulI*
ds d s

woj $xyaGj ehaCulI*

_�����������_�x
wo3 xiang3 xiao4jing4 xiao4jing4 wo3 ma.

woxyaGxyWjiGxyWjiGwoma*
ds

woxyaGxyWjiGxyWjiG uma*

�
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e.
ˆ*

ˆ*

��I�����`�Z
hao3 bu4 rong2yi4 jiu4shi.

hWburoG ijyOS%*
s i ds

hWvuroGyij uS%*

O�Z�_���[�I��
ke3shi4 wo3 xian4zai4 bu4xing2 .

kˆS%woxyeNzIbuxiG*
dd ds s

k %wox iNzIb$xiG*

��[�d�������I�����d�e�t�������I����
xian4zai4 nei4 shi2jian1 ye3 bu4 yun3xu3 nei4ge
jing1ji4 shang4 ye3 bu4 yun3xu3.

xyeNzInA S%jyeNyebuUNxUnAgˆjiGjiSaGyebu UNxU*
i s d s

xyeNzInAˆS%jyeNyebuUNxUnAgˆjiG niSa yeb$UNxU*
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4.3 Analysis of DatabaseK

In this sectionwe will analyzesomefrequency informationtrying to (asmuchasthesizeof the
databaseallows) quantify thesequestions:How different is casualor conversationspeechfrom
readspeech?Whatkindsof phenomenonoccurin conversation,andhow frequently?Whatfactors
affect thechanges?How dowe modelthechanges?

In DatabaseK, thereare 708 phonesfrom pinyin/word transcription(The total numberof
phonesfrom the first indentedlines) and 674 phonesfrom manuallabeling (The total number
of phonesfrom thethird indentedlines). A simpleway to quantifythedifferencebetweencasual
speechandideal speechis to countthe numberof operationsit takesto convert the input phone
sequenceto theoutputphonesequence.In DatabaseK, it takes113changes(thenumberof [s]’s,
[d]’s,and[i]’ s in thesecondindentedlines)to completesuchconversion.In otherwords,roughly
16%of soundshave beenchangedoneway or theotherin this process.Out of the113changes,
thereare 56 phonesubstitutions,46 deletions,and11 insertions. The percentageof changeis
low comparedto the30%changereportedfor theEnglishSwitchboardspeechdatabase(Godfrey,
Holliman,andMcDaniel,1992;Greenberg andFosler-Lussier, 2000).

What arethe changesthen? We startwith an investigationof the most frequentlyoccurring
phenomenon.Thepinyin transcriptionof DatabaseK reflecta humantranscriber’s annotationof
word segmentation.Basedon thesesegmentations,we calculatedthat thereare198word tokens
and105 uniqueword typesin the database.The mostfrequenttypesaregiven below. The first
columnshows the frequency. Note that thesearefrequency countby pinyin representation.Ho-
mophoneswill belumpedtogether, andthesamecharacterwith differentwordsegmentationswill
becountedseparately. Wordsegmentationvariationalsoaffectsthecount.But this is sufficient for
thecurrentpurpose.

14 wo
8 zai
7 de
6 a
5 shi
5 meiguo
5 bu
4 zhongxin
4 shangye
4 ne
4 en
4 e

We alsolist every changethatoccurredmorethanonce,again,rankedby frequency. Thefirst
columngives the frequency count of the rule. (0 representsnull. Following phonologicalrule
writing conventions,0 occurringin theoutputof the rule (right handsideof thearrow) indicates
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deletion,and0 occurringin the input of the rule (left handsideof thearrow) indicatesinsertion.
Othersarecasesof substitution.

10 w -> 0
8 y -> 0
6 S -> 0
5 d -> D
4 d -> 0
4 0 -> y
3 x -> s
3 u -> $
3 ˆ -> e
3 N -> 0
3 G -> 0
3 0 -> ?
2 z -> 0
2 w -> v
2 o -> u
2 ˆ -> 0
2 Y -> 0
2 W -> a
2 S -> r
2 I -> ˆ
2 @ -> a

The frequency informationsuggeststhat we shouldpay specialattentionto [w], [y], [S], [d]
andthewordswo, zai, de, shi (a is excludedbecauseit representssentencefinal particlesor filled
pauses,wherethe identity of the input phoneis not clear) . It may not be coincidentalthat the
frequentlychangedsoundsseemto becontainedin thefrequentlyoccurringwords. We now turn
to examineseveralhigh frequency cases.

4.3.1 A casestudy of [S]

Thesound[S], thevoicelessretroflex fricative (pinyin sh), occurs25 timesin DatabaseK. Among
them,17 casesareunaffectedand8 casesarechanged.Amongthechanges,thereare6 deletions
and2 substitutions.Both substitutionsinvolve voicing, namely, [S] is substitutedby its voiced
counterpart[r].

Are thesechangesgovernedsimply by phonecontext or by lexical information? We might
expectthatsay, fricativesarelessstable,andvoicelesssoundstendto getlenitedin theintervocalic
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context. First,we will seeif thedistributionof [S] changeswith regardto lexical distribution. For
this wegatherall the[S%] (pinyin shi) in thedatabase:

� (� )� cheng2shi4, “city”. (1 occurrence.No change)

� ��� /
���

shi2hou4/shi2jian1“time”. (2 occurrence.No change)

� Z : shi4, “be” (4 occurrence,1 change)

–
Z��

(nochange)

–
Z�� W�� k (no change)

–
n�o�Z�[�p�q

(no change)

– � Z�� (S delete)[niS%Swo] � [ni%Ŝ ]

� Secondmemberof compounds.(7 occurrence,6 changes)

– � Z [hIS%] � [hI%] hai2shi4“still” (S delete)

– � Z [hIS%] � [hI%] hai2shi4“still” (S delete)

– � Z [buS%] � [bur%] bu2shi4“not” (S � r, voicing)

–
M�Z

[d@NS%] � [d@Nr%] dan4shi4“but” (S � r, voicing)

–
M�Z

[d@NS%] � [der%] dan4shi4“but” (Sdelete)

–
Y�Z

[yWS%] � [ya%] yao4shi4“if ” (S delete)

–
O�Z

[kˆ S%] � [k%] ke3shi4“but” (Sdelete)

–
`�Z

jiu4shi4“so” (nochange,sentencefinal)

The picture hereis relatively clear. This changeis lexically governedin the sensethat all
the changesinvolve the character

Z
, “be”. So far, noneof the [S%] soundrepresentedby other

charactersshowsany change.Giventheconventionof Chinesewriting system,theusageof distinct
charactersstronglysuggeststhattheseother[S%] camefrom etymologicalsourcesthataredistinct
from

Z
. However, wenotethat3 caseshardlyregisteron thescaleof corpusanalysis.

Whatis moresuggestivearethecaseswhere
Z

is usedasthesecondmemberof a compound.
In thosecases,6 outof 7 casesinvolved[S] deletionor lenitionin theform of voicing. Wealsonote
thatthesewordsaresentenceconnectivessuchas“still”, “but”, and“if ”. It lookslike lexical class
andthesyllablepositionin theword aregoodpredictorsof thesoundchange.Theonly exception
in thisgroupoccurssentencefinally. Perhapsthespeedslow down or theword is emphasized?We
cancheckin a largedatabasewhethersentencefinal positioninfluencespronunciation.

81



4.3.2 A casestudy of [zI]

Wenext investigatethesound[I]/[zI]. There19 instancesof thesound[I] in thedatabase,of these,
11 arefrom thecharacter

[
, “locatedat”. We document4 changesinvolving thesound[I], all of

themarefrom theword
[

. Thereis onecaseof syllabledeletion([zI] � 0), two casesof vowel
changesto mid vowel ([zI] � [zˆ ]) andonecaseof vowel changeto highvowel ([zI] � %). In all
threevowel changes,thediphthongis simplifiedto monophthong.

� ��[ xian4zai4, “now”. (2 cases.No change)� [ zai4, “locatedat” (9 cases,4 changes)

–
z� �Y�[�¡�¢�£�¤�¥

[zI] � [zˆ ]

–
 �Y�[�d�e

(no change)

–
� � Z���[�\�¦ � Z�[�§�¦�N (no change)... [zI] � 0

–
��_�¨�©�[�§�¦�N�ª�«�¬

[zI] � [zˆ ]

–
Y�Z�[�\�¦�]�^

(no change)

–
_�`�Q�R�a�b�c�[

(no change)

–
n�o�Z�[�p�q

(no change)

–
M�Z�_�r�[�p�q�k

[zI] � [%]

Again, we seelexical usagebeingrelevantasa factorconditioningthechange.In contrastto
thecasesof

Z
shi4, herethemonosyllabicword tendto changewhile thetwo syllablewordsare

morestable.
Weshouldalsonotethatthevowelchangesof

[
accountfor all thechangesinvolving thesound

[I].

4.3.3 Casestudy of de

Theparticle
]

is typically themostfrequentcharacterin largemodernChinesetext databases.It
ranked the third in the small corpuswe areusinghereonly becauseword frequency distribution
in a small corpusis stronglyaffectedby the conversationtopic. The high frequency of ­¯® \±°
“businesscenter”is agoodexample.

High frequency wordstendto carrylessinformationcontent,consequentlytheirpronunciations
tendto besloppy andshow morevariability in casualspeech.This is whatwefind with

]
, aswell

asits variantform
©

. In 9 outof 10caseswe find consonantdeletionandlenition.

� ] [dˆ ] � [Dˆ ]/[ ˆ ] departicle(7 cases,2 deletions,4 lenitions,1 unchanged)� (̈ )
©

[dˆ ] � [Dˆ ]/[ ˆ ] de“feel, think” (3 cases,2 deletion,1 lenition)

82



The 5 casesof lenition [d] � [D] and4 casesof [d] deletionaccountfor all the [d] deletion
and[d] lenitionwehave in thedatabase.

The consonantchangesof [S] and [d], and the vowel changeof [I], thereforeappearto be
lexically conditioned,andthecausearerelatedto thehigh frequency of

Z
“to be”,

]
, particleand[

“locatedat” andtheir usageasfunctionword.

4.3.4 Casestudy of [w]

Thedistribution of deletionandlenition amongglidesandcodaconsonantssuggeststhatthey are
notrestrictedto specificlexical items.Thecauseof thechangeis mostlikely relatedto articulatory
gesturesandthesyllablestructure.

Thereare39 casesof [w] in the database,of which 27 casesarenot changed.Thereare10
casesof deletion,2 caseswhere[w] changesto [v], andalsoonecaseof [w] insertion.

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

Thesound[w] maybeusedasaninitial consonant,asin thecaseof
_

[wo] wo3“I”, ² [wA]
wei4“for”, or

¬
[wA] wei4“say”, or it canbeusedasapost-consonantalglide,asin

¦
[gwo] guo

“country”,
�

[Swo] shuo“say” andsoon. Both casesof [w] � [v] occuron thesyllableinitial
[w], andin particular, on thesyllable[wA] andnoton [wo]. At thesametime,bothcasesof [wA]
in thedatabaseshow upwith the[v] alternation.This is acommonlyreportedphonologicalchange
in northernMandarin,andwe expectto seeit given that the speaker is from the north of China.
Most likely thischangereflectsregionalaccentratherthancasualspeechphenomenon.

We list theenvironmentwhere[w] occurin thedatabase:

� Syllableinitial glide

–
_

[wo] wo3“I” (14cases,3 [w] deletion)

– ² [wA] wei4“for” (1 case,1 [w] � [v] )

–
¬

[wA] wei4“say” (1 case,1 [w] � [v] )

� Syllablemedialglide

–
¦

[gwo] guo2“country” (8 cases,nodeletion)

–
^

[hwa] hua4“speech”(3 cases,2 deletion)

–
�

[Swo] shuo1“speak”(3 cases,2 deletion)

–
i

(
j

) [gwaG]guang3zhou1“Canton” (2 cases,no change)

–
«

[swo] suo3“with” (1 cases,1 deletion)

83



–
U

(
V

) [nw@N] nuan3“warm” (1 case,1 deletion)

– (
U

)
V

[hwo] huo“warm” (1 case,nochange)

–
n

(
o

) [hwo] huo4zhe3“or” (1 case,no change)

– ³ (́ ) [gw@N] guan1xi“relations” (1 case,no change)

– (
S

)
T

[hw@N] xi3huan1“lik e” (1 case,no change)

– µ [dwA] � [dA] dui “pile, measureword” (1 case,1 deletion)

In sum,7 out of 23 casesof medial[w] glide aredeleted,while 3 out of 14 casesof initial [w]
glide aredeleted.The changesof the syllablemedial [w] aredistributedin a numberof lexical
itemsratherthanbeingrestrictedto specificwords.

Also notethatnoneof theplacenames(10 occurrences)involve [w] deletion. Therearetwo
occurrencesof

i¯j
guang3zhou1“Canton” and8 occurrencesof

¦
guo2 “country”, which are

usedin contrastingplacenames
§�¦

mei3guo2“America” and
\¶¦

zhong1guo2“China”. Noun
phrasestend to be the focal point of the sentence.The information contentis high and their
occurrenceslesspredictablefrom context. We expectthatunderthesecircumstances,thespeaker
is motivatedto speakclearly.

Theonecaseof [w] insertionoccursbeforethevowel [u]. Thestatusof this rule is subjectto
interpretation:Onemaychooseto representthe input as[wu] andthereforeconsiderthecurrent
caseasno changeandtreatcaseswithout the[w] glideascasesof deletion.Alternatively, it could
be theresultof uncertaintiesin thephoneme’s classificationduringsegmentation.Specifically, it
is notastraightforwardtaskto separateaglide from ahomoganicvowel. Most likely thereis little
formantshift from [w] to the following [u], andthe primary acousticcuethat could be usedto
segmenta [w] away from the[u] is just achangein amplitude.

4.3.5 CaseStudy of [y]

We now turn to [y], anothercaseof glide. [y] occurs45 timesin the database.8 of the [y] are
deleted,and1 is fricatedandturnsinto an[r]. In addition,thereare4 casesof [y] insertion.

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

We find 2 casesof deletionamong15 syllableinitial [y]’ s and6 casesof deletionamong30
syllablemedial[y]’ s.

The[y] insertionalsohasexactly thesameinterpretationproblemas[w] insertion.

� Syllableinitial glide

– ­�® \�° [ye] ye“businesscenter”(5 cases,no change)
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– (
 

)
Y

[yW] � [W]/[rW] yao“mainly” (2 cases,1 deletion,1 lenition)

– (� )
|

[yO] � [ · ] you“still” (1 case,1 deletionwith vowel change)

–
Y

(
Z

) [yW] yao“if ” (1 case,nodeletion,vowel change)

–
f

(
g

) [yeN] yan“along thecoast”(1 case,no change)

–
|

[yO] you“have” (1 case,no change)

–
�

[ye] ye“also” (2 cases,nochange)

� Syllablemedialglide

–
���

[xyaG] “think, tentative” xiang(1 case,no change)

– (
�

)
�

[xyaG] � [ya] xiang“think, tentative” (1 case,1 deletion)

–
�

[xyaG] “think” xiang(3 cases,nochange)

– (� ) ¸ [xyaG1] “town” xiang(2 cases,no change)

– (
a

)
b

[xyaG] “inclined to” xiang(1 case,no change)

–
£

(
¤

) [lyaG] � [lya] liang “both shores”(1 case,no deletion,vowel change)

–
£

(¹ ) [lyaG] � [laG] liang “both sides”(1 case,1 deletion)

– (
£

) ¹ [byeN] “both sides”bian (1 case,no change)

– (º ) » [bye] � [b$] bie “dif ference”(3 cases,1 deletionandvowel change)

– (
K

) » [bye] “special”bie (1 case,no change)

– (
Q

)
R

[jyW] � [jya] jiao “compare”(3 cases,nodeletion,1 vowel change)

–
`

[jyO] � [j$] jiu “then” (3 cases,1 deletionandvowel change)

–
`

(
Z

) [jyO] � [ju] jiu “just so” (1 case,1 deletion)

–
r

[jya] jia “home” (1 case,no change)

–
}

(
~

) [tyW] tiao “condition” (1 case,nochange)

– (
}

)
~

[jyeN] jian “condition” (1 case,nochange)

–
�

[jye] � [je] jie “fetch” (1 case,1 deletion)

–
�

(
�

) [xyW] xiao “be filial” (2 cases,no change)

–
�

(
[

) [xyeN] � [xiN] xian “now” (2 cases,1 deletion)

– (
�

)
�

[jyeN] jian “time” (1 case,nochange)

Thedistribution of [y] deletion/lenitionis similar to thepatternof [w] deletion/lenition.Both
changesaffecta largenumberof lexical items.
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4.3.6 Caseof study of nasalcoda

Mandarinallows limited syllablestructures.Syllablecodaconsonantsarerestrictedto nasals[N]
n and[G] ng. Thereare29occurrencesof [N] and45occurrencesof [G] in thedatabase.Roughly
10%of themaredeletedor lenited.

We list thecaseswherethecodanasalswent throughsomechanges,andomittedcaseswhere
no changeoccurs.It appearsthatthedeletionis not restrictedto specificlexical items.

� AlveolarNasal[N]

– ¼ (² ) [iN] � [yi] yin “because”

– (
£

)
¤

[@N] � [?@] an “both shores”

–
U

(
V

) [nw@N] � [na] nuan“warm”

–
M

(
Z

) [d@N] � [de] dan“but”

–
w

[k@N] � [ka] kan“see”

–� Velarnasal[G]

– (
�

)
�

[xyaG] � [ya] xiang“think tentative”

– (
£

)
¤

[lyaG] � [lya] liang “two”

– (
O

)
P

[nˆ G] � [ˆ N] neng“maybe”

–
t

(
u

) [jiG] � [ji] jing “often”

– (
t��

)
�

[SaG] � [Sa]shang“on”

4.3.7 Summary

We seetwo distinctpatternsof phonechangesin casualspeech.Oneis representedby
Z

,
]

and[
, wherethesoundchangesarerestrictedto specificlexical itemssuchashighfrequency function

words.Deletionandlenitionarebothcommon.Thecommonsoundchangesassociatedwith these
wordstypically do notgeneralizeto otherlexical itemswith similar soundcombinations.

Anotherpatternis representedby thechangesof glides[y] and[w], andof thenasalcodas[N]
and[G]. The changesseemto be relatedto the soundor soundstructure,ratherthanto specific
lexical items.Both nasalcodadeletionandglide deletioncanbeviewedasprocesseswhich sim-
plify thesyllablestructure,wherecomplex syllablestructuresCGV, CVN, andCGVN becomeCV
(C, G, V, N representconsonant,glide,vowel andnasalrespectively). In generalthepercentageof
tokensaffectedis lowererthanthelexically conditionedcases.Whena soundchangeis observed
in a broadrangeof environments,informationsuchasthe phoneidentity andthe left andright
phonecontextsmaybeusefulin predictingtheirpronunciationvariationsin casualspeech.
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Weusethesecasestudiesto illustratehow onemight learnfrom acorpus,eventhoughthesize
of thecorpusis small. We emphasizethat it is importantto have a broadvarietyof environments
for eachsound,andthenanalyzingall thedata,ratherthanjust reportinginterestingbut anecdotal
observations.Frequency informationandarepresentativelist of context quickly provideanoverall
picture of what is going on, and this information is useful when we try to formulatea model
to predict pronunciationvariationsin a different corpus. We will next investigatemethodsof
automaticrule learningsothatwecanextendour knowledgebaseto a largecorpus.

4.4 Automatic rule learning

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

A � B / C If A is averb
Wecanseparatethelearningtaskinto threesteps,at leastconceptually:Thefirst stepis to learn

thecontext freerewrite rule A � B. Thesecondstepis to learntheconditioningcontext C. The
third stepis to learnthe restrictionthat the rule only appliesto verbs. In actualimplementation,
it is possibleto combinethesteps,especiallythe conditioningcontext andthe restrictionof rule
application.

Learningthe context free rules is a string alignmentproblemwherewe have a sequenceof
input sounds(the idealsoundsthat thespeaker intendedto say)anda sequenceof outputsounds
(thesoundsthatthespeakeractuallyproduced).Theproblemis to find thebestalignmentbetween
theinputandtheoutput.Wewill studytheclassicstringmatchingalgorithmandgetfamiliarwith
theconceptof usingweightsto tunetheoutput.

Therearemany machinelearningmethodsthathavebeenusedto learncontext sensitiverules.
Wechoosethedecisiontreefor thiscourse,for it is conceptuallysimple,easyto use,andproduces
acceptable(but certainlynot perfect)performance.Learningrestrictive conditionssuchaslexical
informationandpartof speechinformationis subsumedunderdecisiontreelearning,wherelexical
information,part of speech(POS)information,aswell asphonecontext areusedaspredictive
factors.Prosodicinformationcanbeincorporatedaswell.

4.4.1 Alignment

In previoussections,we consideredthelinguistic aspectof casualspeechphenomenon.This sec-
tion givesa short introductionto sequencecomparison,or string matching,which is the key to
finding correspondencesbetweendifferentsequencesof codes.Thecodesareabstract,andcould
be phones,text, bird songs,or DNA sequences.The casualspeechphenomenonwe aredealing
with is oneof the simplestcasesbecausethe two sequenceswe arecomparingarevery similar.
String matchingalgorithmsallow us to obtain the correspondencesautomatically, andan auto-
matic procedureis necessaryto extendour survey to large database.We needto have a basic
understandingof the algorithm, in particular, to understandhow to useweightsto influencethe

87



outcomeandto obtainbestmatches.For thisexercise,JosephKruskal’sarticle(Kruskal,1983)An
overview of sequencecomparisonis highly recommended.

Hereis asummaryof thebasicconceptsfrom Kurskal’sarticle:

� Theproblemis to find thebestalignmentbetweentwo sequences.

� Therearemany differentpossiblewaysto align two sequences.

� Onecancalculatethedistancebetweenthetwo sequencesif onedefinewhatdistancemeans.
Thisdistancewill dependonhow wealign thesequences.

� Levenshteindistanceis commonlyusedin string matchingalgorithms. It countsthe num-
berof operationsin termsof insertionsanddeletions(andoptionallysubstitutions)thatare
neededto convert onestringinto theother.

� Onecanassignweightsto theoperationsto influencetheoutcome.

� Thepathwith thelowesttotal costis assumedto bethebestsolution.

� Dynamicprogrammingis usedto implementthesearch.

We shallstartwith a few examplesandwalk throughseveralassumptionsthata humanmight
makewhile matchingstrings.Considerthefollowing stringmatchingtask:

abcd
efgh

Givenstringswith equallengthandwhereeverythingdiffers,substitutionseemsto bea good
idea.

In contrast,if thereareidenticalunits in the two strings,we have a strongintuition that they
belongtogether.

woxyaGxyaGW*
wAxyaGya?W*

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

By matchingidenticalunits andmaintainingthe orderof the sequences,we leave gapsthat
mustbeaccountedfor by insertionsanddeletions.If [y] matches[y], then[x] matchesnothing,a
caseof deletion.
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It is not alwaysclearwhat thecorrectalignmentis. Is [G] substitutedby [?] 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 distancemeasure,the
machinecannotevenbegin to decidethebestalignment.For instance,whichof themany possible
alignmentsof thestringsbelow arebest?Onecannotknow withoutadistancemeasure.

abcd
efghi

Theseintuitions, aswell as the commonsensethat distancecannotbe negative, is captured
by the metricaxiomsof distance(Kruskal,1983,page22). Thesepropertiesaretrue for all dis-
tancemeasures,andanything thathasthesepropertiesis a distancemeasure.Below, ½�¾À¿ÂÁÄÃÆÅ is the
distancebetween¿ and Ã .

� Nonnegativeproperty: ½Ç¾À¿ÈÁÉÃÊÅÌËÎÍÐÏ
� Zeroproperty: ½Ç¾À¿ÈÁÉÃÊÅÑÍÒÏ if andonly if ¿�ÍÓÃ
� Symmetry: ½Ç¾À¿ÈÁÉÃÊÅÔÍÐ½�¾ÀÃÕÁÄ¿ÖÅ
� Triangleinequality: ½Ç¾×¿ÂÁÄÃÆÅÙØÚ½Ç¾ÀÃÛÁÉÜÝÅÞËÎÍÓ½Ç¾×¿ÂÁÄÜÊÅ
Nonnegativepropertyandsymmetryexpressesthefundamentalaspectsof distance.Zeroprop-

erty capturesthe intuition thatwe prefermatchingidenticalunits. TriangleInequalitydefinesthe
bestpathto bethedirectandshortestpathbetweentwo points.

Many stringmatchingalgorithmsusesLevenshteinDistanceto calculatethedistancebetween
two strings:this distancemeasuresimply countsthenumbersof insertions,deletions,andsubsti-
tutions.

However, onecanassignweightsto theseoperationsandtunethealignmentresults. If these
threeoperationsareweightedequally, wewill getthefollowing asthealignmentresult:

woxyaGxyaGW*
s d s

wAxyaG ya?W*

If substitutionis weightedmore thanthe sumof 1 deletionand1 insertion,we will get the
following, asa resultof globallysuppressingsubstitution.
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w oxyaGxya GW*
id d id

wA xyaG ya? W*

Thereare inherentambiguitiesfrom the point of view of datainterpretationwhen thereare
adjacentchanges,asillustratedin thefollowing example:ß�Z�_���[ � � “But I can’t do it now.”

ke3shi4wo3 xian4zai4bu4xing2.

kˆS%woxyeNzIbuxiG*
dd sd s

k %woxi NzIb$xiG*

The word ke3shi4“but” is reducedto [k%]. Although the proposedanalysisas two phone
deletionsseemsreasonable,it is also possibleto treat it as one substitutionand two deletions,
wherethesubstitutioncouldreasonablyapplyto [ˆ ] � [%] by vowel raising,or to [S] � [%] by
wayof voicing.

Furthermore,[xyeN] of xian4zai4“now” is changedto [xiN], which canbetreatedaseithera
substitutionof [y] � [i] or [e] � [i] andthenadeletionof theothervowel, or thewholeoperation
is treatedasa merge [ye] � [i]. Again, we caninfluencetheresultof rule labelingby assigning
weightsto thestringmatchingalgorithm,or by includingoperationssuchasmerge.

If our only concernis to build a mappingso that ke3shi4will be convertedto [k%] andxi-
an4zai4will be convertedto [xiNzI] in the appropriatecontexts, how we label the changesmay
not impacttheeventualoutcome.It maynotmatterwhetherthereareinternalambiguitiessolong
asthecasesaretreatedconsistently. But if our goal is to understandthemappingrulesor to de-
scribethe frequency of phoneto phonemapping,thenthe outcomewill be affectedby how the
mappingrelationsarelabeled.By changingweightsof substitutions,deletionsandinsertions,we
cancontrolhow themappingsaredescribed,andwe canchoosetheoptimal representation(i.e.,
thesimplest)for our purposes.

Problemsof this kind exist at all levelsandin all typesof dataanalysis,andthemanagement
of thesekind of problemsis particularlyimportantwhenwewantto draw conclusionsfrom alarge
corpus. It is typically not feasibleto investigateeachcaseindividually–andeven if we do, we
sometimescannotreacha satisfactorysolutionif thephenomenonis inherentlyambiguous.What
we cando is to solve a problemasbestwe canandestimatewhenandhow often the remaining
problemoccurs.

We have linguistic intuitions that someoperationsarecommon,thereforeshouldbe encour-
aged,while someothersarerare,thereforediscouraged.Theseintuition often relatesto specific
soundsor classesof sounds.Therulefrequency analysisin theprevioussectionsuggeststhatglide
deletionandnasalcodadeletionarecommon.We canfavor thoserulesby assigninglow coststo
them,therebyobtainingthefollowing results:
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woxyaGxyaG W*
s d di

wAxyaG ya ?W*

We shouldtake carenot to violateTriangleInequalitywhenassigningweights.Thefollowing
exampleis a violation of TriangleInequalityin thesensethat themostdirectroute(A � C, with
a costof 1.0) is morecostlythantheindirectroute(A � B combinedwith àá� C, with a costof
0.4).

� A � B costs0.2: w(A,B)= 0.2

� B � C costs0.2: w(B,C)= 0.2

� A � C costs1.0: w(A,C)= 1.0

Casespecificweightscanbestoredin amatrixof weightsasshown in (Kruskal,1983,page21).
Weightscanbeestimatedfrom a corpususingvariousmeasurementssuchasweightedfrequency.

DatabaseK uses43 phones(including Ï for deletionandinsertion)in thetranscription,which
meansthat the matrix of weightshasrow and column lengthsof 43 each,and thereare 1849
cells in the matrix. How many of thesecells do we have datafrom DatabaseK for the purpose
of estimatingweights?Exactly100cases,slightly over 5%. Most of thecells representunlikely
soundchangesandthat is why they don’t occur. Whenthedatabaseis small,we have very little
informationto with which to setthestatusof anemptycell: doesit representsanunlikely sound
change,thereforeshouldbeassigneda high cost?Or, is it a likely soundchangein somecontext,
but we just haven’t seenthosecontexts in thedatabase.If so,perhapsit shouldbeassigneda low
cost?

This is a classicproblemof datasparsity:a givendatabasecoversonly a smallportionof the
possiblespace.Somehow we needto build a modelbasedon theobservationswe have from the
trainingsetto predictwhat is goingto happenin a new dataset.How well this modelgeneralizes
to thenew datasetdependson how well theobservedcasescover thepossiblespace.When95%
of thepossiblespaceis unobserved,canwe expectthe lessonslearnedfrom the training setwill
generalizeto new data?

Increasingthesizeof thedatabasewill help,of course,by increasingthecoverage.But there
areothereffective strategiesthatwe canemploy to shrink thespacethatneedsto becovered.As
we observedin DatabaseK, soundsin thesamecategory show similar trends.Both theglides[y]
and[w] tendto bedeleted.If wehaveno dataon anotherglide [Y], wemayguessthatthepattern
of [Y] deletionwill besimilar to [w] or [y] deletion.As it turnsout,wedohave3 tokensfrom the
samelexical itemswith the[Y] glide,andit doesshow a tendency to getdeleted.

Wecaneffectively reducethespaceof possibilitiesbycombiningrowsandcolumnsthatbehave
similarly. Soundclasses(distinctive featureswork fine) andsoundstructure(syllablestructure,
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wordstructureetc.)areusefulguideswhichsuggestpossiblewaysto combinephonesinto broader
classifications.

The default weights(deletion Í insertion Í substitution)of the alignmentprogramalready
work most of the time. We don’t really needto fill a 1800cells matrix of weightsto improve
accuracy. Assigningweightsbasedon broadphoneclassessuchas Ï (for deletionandinsertion),
consonant,glide, vowel, andnasalcodarequiresa matrix with just 25 cells, which is probably
sufficient for thecurrenttask.

Thesimplestringalignmentalgorithmasdescribedin (Kruskal,1983)is implementedin the
programalign (by DanLopresti),anda versionwith weightsis implementedin thePM tool (pro-
nunciationmodel)(by RichardSproat).

4.4.2 CART

Classificationandregressiontree(CART) (Breimanetal.,1984)is averypopularmachinelearning
methodwhich belongsto thefamily of decisiontreeinductionalgorithms.We will useCART to
learntheconditioningfactorsof rule applicationin thelab sections,usingtheMandarinstoriesin
theOGI multi-languagetelephonespeechcorpus(Cole,Muthusamy, andOshika,1992). For this
sectionwerecommandreadingDecisionTreeLearning, Chapter3 of MachineLearning(Mitchell,
1997).

We will usea small datasetS, which containsall the [S] samplesfrom DatabaseK, asa test
caseof decisiontreelearning.

We have seenin Section4.3.1by way of manualanalysisthatsomeinput [S] aredeleted,and
thedeletionseemsto berestrictedto lexical itemsderivedfrom

Z
[S%] shi “to be”. This is most

evidentwhen
Z

is thesecondsyllableof theword. Many of thesewordsaresentenceconjunctions,
including “but”, “still” andsoon. We have not observedany [S] deletionoutsideof this narrow
lexical class.In this section,we will explorehow amachinelearningalgorithmlearnto make this
observation. It shouldbeemphasized,however, that this is anexercisewheretheprimarygoal is
to introduceCART treenotation,concept,andalgorithm. Theattributecodingschemeusedhere
is notatall practical,andthedatasetis toosmall.Wewill returnto this issuein Sections4.4.3and
4.5.1.3.

4.4.2.1 Data Matrix Thefirst stepis to convertthedatainto adatamatrixthatcanbeprocessed
by CART. Needlessto say, thedatamatrix needto containinformationthat is relevantto thetask
at hand. Basedon our previous observations,we includedfour codedattributes: P1 (preceding
phone),F1 (following phone),POS(partof speech),andSyll (syllablepositionin theword). The
valuesof P1andF1aretheidentitiesof theprecedingphoneandthefollowing phone,respectively.
(In latersectionswewill discusstheproblemof thiscodingschemeandsuggestalternatives.)The
valuesof POSaremanuallycodedpart-of-speechtags.Syll is representedby two digits, thefirst
digit is thenumberof syllablesin thewordandtheseconddigit is thesyllablepositionin theword.
Eachdatapoint is representedby oneline. Theinputphoneis always[S], whichthereforedoesnot
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needto becodedexplicitly. Theoutputphoneis givenin the lastcolumn. Therearethreeoutput
possibilities:[S], [r], and0 which representsdeletion.Thenon-finalcolumnscorrespondto coded
factors,or attributes.For example,thefirst line in thedatamatrix representsan[S] which occurs
between[I] and[w]; thePOSof theword is “verb”; theword is monosyllabic,sotheSyll valueis
11. Theoutputvalue[S] indicatesthatno changeoccurshere.

P1 F1 POS Syll Output

I w verb 11 S
o % be 11 S
* a noun 41 S
ˆ a noun 41 S
ˆ a noun 41 S
i w verb 11 S
* % be 11 S
I % conj 22 0
* a noun 41 S
ˆ 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 ˆ noun 21 S
ˆ % be 11 S
N % conj 22 0
ˆ % noun 21 S
O % conj 22 S
ˆ % conj 22 0
0 % noun 21 S
i a prep 11 S

4.4.2.2 The Tree Figure16 is anexampleof a decisiontreemodelwhich learnedthecontext
of [S] deletionfrom Datasetâ . The treecanbeusedasa predictionmodelof [S] pronunciation
in general.Onecansimply drop a new datapoint down the tree,follow the pathdefinedby the
codedattributevalues,andfind theanswerrepresentedby theterminalnodes,which areshown in
squares.
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S.tre

pos:be,conj
pos:noun,prep,verb

17/25

S

nsyl:11
nsyl:22

6/12

0

4
3/4

S

pos:be
pos:conj

5/8

0

10
1/1

r

11
5/7

0

3
13/13

S

Figure16: A CART treemodelof thepronunciationof [S]
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Thereis a pair of numberundereachnode,which show thepopulationsizeandthenumberof
sampleswith thevalueshown insidethenode.For example,17/25undertherootnodereportsthat
thepopulationsizeis 25,and17 of themhave thevalue[S] in theoutput.

The nodeson thepathfrom the root nodeto the terminalnodes(in squares)shouldbe inter-
pretedasconjunctionrelations.Theleft mostbranchmeans:If POSis be/conjAND thesyllable
positionis 11, thenthereis a 75% chancethat the outputis [S]. Dif ferentpathscombinein dis-
junction relations: If POSis be/conjthen thereis a 50% chanceof [S] deletion,OR if POSis
noun/prep/verbthen[S] remainsunchanged.

Themachinelearningendeavor is successful.This treereflectspreviousobservationswehave
madeby manualinspection.Part of Speech(POS)tagis themostimportantattributedetermining
[S] deletion. If the POStag is “noun”, “preposition”, or “verb”, then the predictionis that [S]
remainsunaffected. Thereis no exceptionto this observation from the trainingdata. If thePOS
tagis theverb“be” (

Z
[S%]) or “conj”, then6 outof 12casesshow [S] deletion.Syllableposition

in thewordfurtherpartitionsthepopulationunderthisnode:onetheonehand,[S] in monosyllabic
words(11) arelargely unaffected,on theotherhand,[S] in thesecondsyllableof a two syllable
word (22) is proneto deletionandlenition ([S] � [r] by intervocalicvoicing).

4.4.2.3 How to Grow a Tree Therearemany possibleway to split the data. How doesthe
decisiontreealgorithmchooseamongalternatives?How doesit decideto usePOSratherthanP1
or F1to split therootnode?Oneearlydecisiontreessystem,ID3 (Quinlan,1986)usedinformation
gain to calculatehow well anattributepartitionsthedata.Thismeasureis widely usedin decision
treesystems.

Intuitively, we would like to sort the databy their codedattributesso that the outcomesfall
into homogeneousbins. For example,if we sort DatasetS by F1, the following phone,we will
seethatdividing thedatainto F1 Í [%] andF1 ãÂÍ [%] is kind of helpful in thesensethatwe get
all instancesof OutcomeÍ 0 to fall into the bin F1 Í [%]. That is an improvement. Insteadof
sayingthat thereis a 24%chanceof [S] deletion,we now cansaythat thereis a 40%chanceof
[S] deletionif thefollowing phoneis [%], andbetteryet, if thefollowing phoneis not [%], weare
very surethatnothinghappensto [S]. Likewise,we cansort thesamedatasetby POSor by Syll
andseethat thedivisionshelp to explain thedata.Also revealingis thatP1 is NOT helpful. The
questionis, how canwe evaluatetherelative meritsof P1,F1, POS,Syll numericallyso thatwe
know whichoneworksbest?

To solve this problemweneedto know entropy, themeasurementof theimpurity of adataset,
from informationtheory(Shannon,1948). Theentropy of a probabilitydistribution ä is defined
as

åçæÇèêéìëÄíÂî ¾×äçÅðï ñò ó
ô�õÂö í

óø÷ ëÕùûú ¾ í
ó
Å (1)

where Ü is thenumberof possibleoutcomes,and
í ó

is theprobabilityof the üÀýÿþ outcome.Now,
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if we have a dataset� , we canestimatetheentropy of theprobabilitydistribution from which it
is drawn. To do this, we estimateÜ by the numberof differentoutcomeswe observe in � , and
we estimate

í ó
by the proportionof � thatgivesoutcomeü . Then,bearingin mind that we will

havejustanapproximatevaluewhich is accurateonly for largedatasets,wecanwrite anestimated
entropy for � basedonour estimatedÜ and

í ó
.

Wecanthencomparetheentropy of themothernodewith thesumof weightedentropy values
of thedaughternodes(weightedby thepopulationsize)andmeasurehow muchwe have learned
by lookingat agivenattribute.This is theintuition behindinformationgain, which is definedas:

� ¿ ü æ ¾�� Á�� ÅÑï åçæÇèêéìëÄíÂî ¾���Å ö
ò

���	��

�������������
� � � �� � � åçæÇèêéìëÄíÂî ¾�� � Å (2)

where� is adataset,� is thesetof attributes,and � � is thesubsetof � with attributevalue � .
Decisiontreealgorithmswork top-down, startingfrom theroot node,evaluatingthe informa-

tion gainedby dividing the datasetby variousattributes. Thebestattribute is chosento split the
data,thenthesamestepis appliedrecursively to divideeachdaughternode.

At the root node,the populationto be divided is datasetS. We canestimatethe Entropy of
S following Equation1. For an input phone[S], therearethreeobserved outcomes:[S], [r], or
0 (deletion). ThereforeÜ Í�� . The populationsize is 25 andthe frequency distributionsof the
outcomesare17 [S]’s,6 deletions,and2 [r]’ s. Theentropy of DatasetS is thefollowing (which is
really ourestimateof theentropy of theprobabilitydistribution from which â is drawn).

åçæÇèêéìëÄíÂî ¾ âÑÅðÍ ö � �"!"#%$ ¾
÷ ëÕùìú � �"!"#"$ Å ö &'!"#"$ ¾

÷ ëÛùûú &"!"#"$ Å ö #%!"#"$ ¾
÷ ëÕùûú #"!"#%$ ÅÔÍ �"()�*& �"+%+

We now cancomparethevaluesof informationgainobtainedby dividing Sby any attribute.
If wedivideS into two populationF1 Í [%] andF1 ãÖÍ [%], wegettwo subsetswherethefirst

oneincludes3 possibleoutcomes,7 [S]’s, 6 deletions,and2 [r]’ s. Theestimatedentropy of this
subsetiså æ�èêéûë íÂî ¾�, �*- ÅÑÍ ö �"!.� $ ¾

÷ ëÛùûú �"!/� $ Å ö &'!/� $ ¾
÷ ëÕùìú &'!.� $ Å ö #"!.� $ ¾

÷ ëÛùûú #%!.� $ ÅÔÍ �%(102# + 02� �
Thesecondsubsethasuniformoutcome[S]. Theentropy of auniformpopulationis 0. Plugin

thenumbersto Equation2, theinformationgainof dividing Sby , �*-
is:

� ¿ ü æ ¾×â Á3, �	- ÅÔÍ �"()�*& �%4"4 ö ¾ �*$"!"#"$657�"(802# + 02� � ØÚÏ ÅÔÍÓÏ ( � Ï &9� + &'#
If we divide thepopulationby POS Í be/conjandPOS ã Í be/conj,thenthefirst subsethas6

deletions,4 [S]’s,and2 [r]’ s. Theentropy of thispopulationis

å æ�èêéûë í î ¾Àä;:�â=< �
> ñ@?�A3B ÅÑÍ ö &'!.� # ¾
÷ ëÛùûú &'!.�*# Å ö 02!.�*# ¾

÷ ëÕùìú 02!.� # Å ö #"!.� # ¾
÷ ëÛùûú #"!/� # Å

Í �%(102$ + �	0 4
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Thesecondsubsetis againuniformly [S], thereforetheentropy is 0. Theinformationgainof
this division is:

� ¿ ü æ ¾ â ÁÄäC:�â=< ��> ñD?�A3B ÅÑÍ �"()�*& �%4"4 ö ¾ � #%!"#"$657�"(10'$ + �	0 4ÌØÚÏ ÅÑÍÐÏ (10'& � 0 4"+
The POSdivision works betterthan the F1 division. Repeatingthis procedurefor all other

attributeswe find thatPOSdivision givesthebestscoresin termsof informationgain. This is the
basisfor usingPOSto make thefirst nodedivision in the[S] treein Figure16.

4.4.3 MiscellaneousIssues

In CART tree training, as well as in everydaylife, an outcomemay be incidentally linked to
multiple attributesthatarenot thetruecauseof theoutcome.Therearesituationswherethemost
intelligentmind,artificial or not,cannotteaseaparttherealcausefrom theincidentalones.When
wrongattributesareusedto grow a tree,thetreemayaccountfor thetrainingdataquitewell but
makepoorpredictionsonnew data.This is referredto astheoverfittingproblem.

Figure17 is anexamplewhich showsseriousoverfittingproblem.
To our knowledge(sincewe have beenexposedto a knowledgepool larger than Database

K), the change[w] � [v] in conditionedby the following phone. In databaseK, however, the
occurrencesof F1 Í [A] happento coincidewith P1 Í [i]/[o] andthemodelcannotseparatethe
true classifierfrom the incidentalones. Similar problemsoccur on many other branches.An
overfittedtreelike this oneis a modelbuilt with wrongattributesandit won’t generalizeto new
situation.Whenwe talk aboutgeneralizingto a new situation,we arereally talking abouttaking
a new sample�FE from theunderlyingprobabilitydistribution ä . Thetreewe build will beuseful
for �FE only asfarastheentropy estimateswegetfrom � arecloseto theentropy of ä .

Therearedifferenttechniquesto controloverfitting. Crossvalidationis aneffectivemethod.A
datasetis dividedinto a trainingsetanda validationset.A modellearnedfrom thetrainingsetis
evaluatedon thevalidationset.Someof errorscanbeput in checkusingthis method.Overfitting
problemis lessseverein largedatabasewheretherearemorenaturallyoccurringvariations.

Figures17and 16bothshow adifferentproblemof trainingtreesonsmalldatabase.Notethat
thetrainingdatais sosmallthattheattributevaluesdonotcoverthepossibleattributespace.Many
possibleprecedingphonesarenot representedin Figure17. Likewise,many possiblePOStagsare
missingin Figure16. Needlessto say, thetreesarenotgoodmodelsof [S] and[w] pronunciations
for this reasonalone.

Attribute coding is crucial to the successof CART tree learning. The algorithm evaluates
availableattributesandcannotdiscover hiddenones.Finding relevantattributesrequiresa good
understandingof the phenomenonat hand. This is oneareawheredataanalysisand linguistic
knowledgeis helpful. Converting knowledgeinto attributesand attribute valuesrequiressome
generalknowledgebuilding predictive models.We will turn to thetopic of prosodicmodelingto
addresssomeof thesequestions.
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Figure17: A badCART treemodelof thepronunciationof [w]
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4.5 ProsodicModels

Prosodicattributessuchasdurationandpitcharecontinuouslyvariablequantities,whicharediffi-
cult to transcribejustby listeningto thespeechsignal,andthatnecessitatestheuseof instrumental
measurementsof speechin orderto gatherreliabledata. It is not surprisingthat corpusmethods
havea long traditionin this field.

This sectionintroducescorpus-basedmethodsfor thestudyof prosody, focusingon themod-
eling of continuousspeech.We will discussthe issuesof attribute/factorcodingandmethodsto
reducefeaturespace,which arealsorelevant to the alignmentissueandto CART treelearning.
Following the establishedterminologiesin the field, we useattribute/attribute-valuesin the con-
text of CART treelearning,andfactor/factor-levelsin thecontext of prosodymodeling(regression
analysis).

Theultimategoalof thissectionis to bringbackmeaningfulrepresentationof prosodythatcan
help us to train pronunciationmodels. As we will see,sometimesonehasto travel far to get a
simpleanswer.

4.5.1 Duration

What aspectof durationinformationis relevant to pronunciationvariations?Researchersin the
field revealtheir intuition by usingthenamefastspeech phenomenon(Dalby, 1984):whenspeak-
ing speedis fast,wedonothaveenoughtimeto articulatespeechsoundsclearly, thereforedeletion
andassimilationoccur. If this intuition is right, thenwe oughtto be ableto improve CART tree
classificationof pronunciationwith an extra columnof attribute, or factor, codingthe speaking
rate.

Thequestionis, how dowe measureslow, normalandfastobjectively?
Slow is slower thannormal,andfast is fasterthannormal. So thequestioncanbereducedto

Whatis normal?
It is easierto show whatit is not. Wehaveadatabaseof 49,624phones,andtheaveragephone

durationis 98.781msec. Could this be usedasthe definition of normal? Not really. Using this
measurewe would classifymostof thevowelsandaffricatesasslow andmostof thenasalsand
stopsasfast.It doesnot tell uswhich vowel andwhich nasalis moresusceptibleto pronunciation
modification. This measureseparatessoundclassesratherthanspeakingspeedbecausespeech
soundshavetheir intrinsicduration.Undernormalcircumstancesvowelsarelongerthannasalsso
it is possibleto havea fastvowel beinglongerthanaslow nasal.

Likewise,meansyllabledurationdoesn’t helpmuch.Fromthesamedatabaseof 19152sylla-
bles,weobtainedthemeansyllabledurationof 256.35msec.Thismeasurementseparatessyllables
with complex syllablestructureandlongerphonesfrom syllableswith simplestructureandshorter
phones.It worksbetterthanmeanphoneduration,but is still far from acceptableasa measureto
separatefastandslow syllables.

Wecanestimatespeakingrateonly if wehaveamodelthatgeneratesafairly accurateestimate
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of normalsegmentalduration.Sonow weturnto thequestionof how to modelsegmentalduration.

4.5.1.1 Factors Thetaskathandis clearlydefined:Giventext, wewantto predicttheduration
of eachphone. The text, or marked text, will provide the factoror attributewe needin orderto
predictthedurationvalues.Our trainingdataconsistsof thesamefactorcodeswith corresponding
observeddurationvalues,measuredfrom aspeechdatabase.

Thedatamatrix is very similar to theonewe have usedin CART treetraining. This is not the
only way to representdata,but it is certainlyaconvenientway.

Basically, this is anextensionof asimplecontrolledexperiment.A controlledexperimentwith
onefactoris representedasamatrixwith two columns,onecolumnis thefactorcodeandtheother
columnis theobserveddata.Thefactorandfactorlevelsarechosenapriori by theexperimentde-
sign. In thisexercise,weconvert theuncontrollednaturalspeechdatainto theformatof controlled
experimentby posteriorinterpretation,codingtheobserveddatawith asmany relevant factorsas
wecanjustify.

Therefore,thefirst steptowardbuilding amodelis to compilea list of possiblefactors.Weget
this list from controlledexperiments,dataanalysis,literatures,intuitions,hypotheses,andasking
aquestionon theLINGUIST list.

Thereseemto befour groupsof factorsthataffect segmentaldurations:

� Phoneandphonecontexts

� Positionalfactors

– Phrasefinal lengthening

– Word boundaryeffect

� Emphasis

� Hierarchicalstructure

Phoneshave intrinsic duration. Low vowels have longerdurationthanhigh vowels, simply
becausethe jaw has longer distanceto travel. The mannerof articulationhasa big effect on
consonantduration.It is easyto seethat,for example,aspirationandtrill bothrequirepreparation
time to build up air pressure.

Precedingandfollowing phonesaffectphonedurationdueto coarticulationeffects.If adjacent
phonessharearticulatorygestures,naturallyit takeslesstime to make thetransition.Somephone
context effectsmay be phonologicalin nature,for example,Englishvowels are longerbeforea
voicedconsonantthanbeforea voicelessoneevenif theconsonantvoicing distinctionis merged
in speech(Lisker, 1957;CrystalandHouse,1988).

Thedurationof a phonevarieswith its positionin a sentence.It is likely thatdurationis used
to convey structuralinformation. For example,a phoneis typically longer in the sentencefinal
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position(Klatt, 1975;CooperandDanly, 1981;Edwards,Beckman,andFletcher, 1991;Berkovits,
1991). A word boundaryeffect hasalsobeendemonstratedperceptually(Cutler andButterfield,
1990).

Durationreflectshow importanta word is. Stressedvowelsarelongerthanunstressedvowels,
andemphasizedwordsarelongerthandeaccentedwords.

Compensatoryeffectsshow that higherorderstructurehasan effect on duration. Thereis a
longtraditionof studyon isochrony (Lehiste,1972).But theclaimthatChineseis asyllable-timed
languageremainscontroversial(CampbellandIsard,1991;vanSantenandShih,2000)

Most, if not all, of theseobservationsarereflectedin the following list of factors,which is a
simplified versionof the oneusedin a durationstudyof Mandarin(Shih andAo, 1997). Other
sourcesof Mandarindurationstudiesinclude(Feng,1985;Ren,1985).

1. Thecurrentphone

2. Thepreviousphone

3. Thefollowing phone

4. Thetone

5. Degreeof discourseprominence

6. Numberof precedingsyllablesin theword

7. Numberof following syllablesin theword

8. Numberof precedingsyllablesin thephrase

9. Numberof following syllablesin thephrase

10. Numberof precedingsyllablesin theutterance

11. Numberof following syllablesin theutterance

12. Syllabletype

Somepositionalfactorsmake a two-level distinctionmarkingoff theinitial/final syllablefrom
therest,somemakeathree-waydistinctionof theinitial/final syllable,thesecondone,andtherest.
The phrase­ ® \ °HG

[SaGyeZoGxiNya*]shang1ye4zhong1xin1ya0. “businesscenterhuh” is
convertedinto thedatamatrix below accordingto this factorlist. Thelastcolumnis theobserved
durationvaluesin seconds.
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1 2 3 4 5 6 7 8 9 10 11 12

S Beg a 1 0 0 2 0 2 0 2 CVC 0.136
a S G 1 0 0 2 0 2 0 2 CVC 0.078
G a y 1 0 0 2 0 2 0 2 CVC 0.044
y G e 4 0 1 2 1 2 1 2 CV 0.090
e y Zcl 4 0 1 2 1 2 1 2 CV 0.074
Zcl e o 1 0 2 1 1 2 1 2 CVC 0.058
Z e o 1 0 2 1 1 2 1 2 CVC 0.034
o Z G 1 0 2 1 1 2 1 2 CVC 0.082
G o s 1 0 2 1 1 2 1 2 CVC 0.106
s G i 1 0 2 0 1 1 1 1 CVC 0.102
i s N 1 0 2 0 1 1 1 1 CVC 0.080
N i y 1 0 2 0 1 1 1 1 CVC 0.026
y N a 0 0 0 0 1 0 1 0 CV 0.050
a y End 0 0 0 0 1 0 1 0 CV 0.156

4.5.1.2 Models We usea model to expressour view on how the effect of individual factors
combineto createthewholepicture.

Dataanalysisis the bestway to find out whatwe shouldexpressin a model. If you have no
clue, startwith simpleregressionmodelssuchasadditive modelsor multiplicative models,or a
simpleclassificationmodelsuchasCART. If theresultsarenotsatisfactory, theproblemscanlead
usto abettermodel.

In an additive model the effect of eachfactoraddsup. The training datais comparedto the
following formula,finding thebestvaluesfor coefficients IKJÆþ ?�AL� , MON�P � NÂþ ?�AL� (Q()( which minimizethe
errors.To usethisasapredictivemodel,simplyreplacethecodedfactorlevelswith corresponding
coefficientsandsumthemup. Theresultis thepredicteddurationvalue.

�SR é ÍTIKJ þ ?�A	� ØUMON�P � NÂþ ?�AL� ØWV.X ��Y ýZNÂþ ?�AL� Ø (Q()(

A multiplicativemodelfits thedatafor thefollowing formula,wherethetermsmultiply.

�SR é Í[I\J þ ?�AL�^] MON�P � NÂþ ?�A	�_] V9X ��Y ýZNÂþ ?�AL�`] ()(Q(

Supposea phoneis 50 mseclong in theunstressedenvironmentandbecomes75 msecin the
stressedenvironment,andanotherphoneis 100msecunstressedand125msecstressed,anadditive
modelworkswell: theeffectof stressis to add25msecto theunstressedphoneduration.If instead
the100msecphonebecomes150msecwhenstressed,thenwe needa multiplicative model: the
effectof stressis to multiply theunstressedphonedurationby 1.5.
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Vowel Fricative Nasal CodaStop & Aff
Burst

Stop & Aff
Closure Sonorant

Speech Database

Figure18: Category treeof Mandarindurationdata.Eachbranchis fitted with aseparatemodel.

A modelis anapproximationof theobservedworld. We measurehow well competingmodels
work by evaluationtheerrors,or thediscrepanciesbetweenthepredictedvaluesandtheobserved
values.Becauseof theoverfittingproblem,we shouldevaluatetrainingresultson thetestingdata,
ratherthanon thetrainingdataitself.

Durationdataworks reasonablywell with multiplicative models(Allen, Hunnicut,andKlatt,
1987). Most of theBell LabsText-to-Speechsystemsusemultiplicative modelsaswell. This is
motivatedby theobservationthatlengtheningandshorteningeffectsin durationareproportionalto
phonelength.More powerful models,suchassums-of-productsmodels(vanSanten,1993)allow
oneto expresscomplicatedinteractionsamongfactors.

4.5.1.3 Managing Feature Space A modelwill havea goodfit if thereis a consistenttrendin
the datathat canbe capturedby the model. Particularly, if we seetrendthat the effectsof each
factor levels apply uniformly to all the datapoints. A datasetthat containsall the phonesin a
languageis too complex to work well within this simplisticframework. Considera few examples.
Englishvowelsarelengthenedbeforea voicedstop(Lisker, 1957),but a stopis shortenedbefore
anotherstop. Stresslengthensvowels,but its effect on consonantsis lessrobust. English[p], [t],
[k] losetheir aspirationafter[s], thereforebecomeshorter, but othersoundclassesareunaffected.
Theseobservationssuggestthat it doesn’t make senseto fit a singlemodelfor theentiredataset.
Minimally, eachmajorsoundclassesshouldbefittedseparately. Figure18showsthedatadivision
treeusedin theMandarindurationmodel(ShihandAo, 1997). Eachbranchof thecategory tree
is fitted with aseparatemultiplicativemodel.

Onewould considerfurther splitting if soundclassesinteractdifferentlywith a major factor.
For example,onsetconsonantsandcodaconsonantsaretypically modeledseparatelybecausethey
interactdifferently with neighboringphonesand with sentenceposition: final lengtheninghas
a strongeffect on codaconsonants.Tensevowels and lax vowels may interactdifferently with
lengtheningfactorssuchasstressandsentencefinal position. If so, onemay considerseparate
modelsfor them.

Splitting a databasehasits cost. Every split increasesthe numberof modelsto be fitted and
reducesthenumberof observationsavailableto fit themodel,hencethemodelwill belessrobust.
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Oneshouldemploy a strategy similar to the oneusedin the splitting of a CART tree: split the
databaseonly if doingsoleadsto asubstantialimprovement.

Wementionedin Section4.4.1thatonecaneffectively reducethefeaturespaceof thematrixof
weightsby combiningphonesinto phoneclasses.Thismethodis applicablehereaswell. In fact,it
is oftennecessaryto collapsesomefactorlevelsjust to haveasolutionto theregressionmodel.For
example,if oneusesstressaswell assyllablepositionin thewordasfactorsto modeltheduration
of a languagewhichstressesword final syllables,andeveryword is stressed,thentherewill beno
solutionbecausethemodelcannotseparatetheeffect of word final positionfrom stress.Onecan
eliminatethestressfactoror to combinethewordfinal positionwith anotherfactorlevel.

Complementarydistribution of soundsin a languageis anothercauseof concern. Suppose
we want to estimatethe effect of the following phoneon Mandarin[x] and[S]. It turnsout that
[x] only occursbefore[y], [Y] and[i] while [S] only occursbeforesoundsother than[y], [Y],
and[i], thereforetheeffect cannotbeestimated.Combining[y], [Y], [w] (all theglides)into one
level and[i], [U], [u] (all thehigh vowels) into anotherlevel will solve this problem.All casesof
complementarydistribution in thedatamatrix shouldbeeliminatedby factorlevel combination.

If we want to model the interactionof factors,the featurespacecanblow up quickly. If we
startby assumingthat thereis no interactionbetweenfactors,thenumberof parametersfor each
modelis the total numberof factorlevelsplus thenumberof factors,or roughly200parameters
asrepresentedin thefactorlist of Section4.5.1.1.On theotherhand,if we assumethatall factors
interact,thenumberof parametersis theproduct,ratherthanthesum,of factorlevels,which turns
out be183billions. Findinga databaselargeenoughto estimatethatmany parametersreliably is
a challengingtask. Even a moremodestattemptof modelingphonedurationwith the tri-phone
context (the phone,the precedingphone,andthe following phone)translatesto a featurespace
with 97,336cells. If we assume,in a even simplermodel,that it is the phoneclass,ratherthan
phoneidentity, of the precedingand following phonethat mattersanduse10 classeseach,the
featurespacewouldbereducedto 4600cells,which is still big but beginsto bemanageable.

4.5.1.4 Coding Relative Duration With a durationpredictionmodel that takes into account
a wide rangeof factors,we can now estimatewhethera sectionof speechis relatively fast or
relatively slow by comparingtheobserveddurationto thepredictedduration.Wecodetherelative
duration,syllable by syllable, of the sentence­ ® \ °aG

shang1ye4zhong1xin1ya0. “business
centerhuh” astheratioof theobserveddurationandthepredictedduration.Largernumbermeans
slowerspeakingrate.

Char pinyin obs. pred relative duration
msec msec

­ shang 258 233 1.11® ye 164 177 0.93
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\
zhong 280 204 1.37°
xin 208 206 1.01G
ya 206 172 1.20

If speakingrateis indeedoneof the factorsconditioningsoundchangesin casualspeech,we
shouldseelocationsof soundchangecorrelatedwith regionsof fastspeech.If timeallows,wewill
testthis hypothesisin thelabsections.

4.5.2 Intonation

In this sectionwe offer somethoughtson how onemight code b Ï informationfor thepurposeof
predictingpronunciationvariations.

Convertingdurationinformationinto codesis relatively easy:therelevantpropertyis speaking
speed,and the phonelengthmeasurementis reasonablyreliableandun-controversial. What is
therelevantpropertyof b Ï contourthat is correlatedwith pronunciationvariations,andwhat is a
reasonablemeasurement?

BrowmanandGoldsteinofferedanexplanationof casualspeech phenomenon(Browmanand
Goldstein,1990): Peoplespendlesseffort in areaof speechthey pay lessattentionto. Themag-
nitudeof articulatorygestureis smaller, andsoundchangesoccurbecausearticulatorygestures
blendandoverlap.

If wecanmeasurearticulatoryeffort fromspeechsignals,thenwecanmakeuseof thisintuition
and predict when pronunciationvariationsis likely to happen. Our recentwork on Mandarin
prosodymodeling(KochanskiandShih, 2001a)doespreciselythis. Given b Ï contoursandthe
locationandtheidentity of lexical tones,we measurehow far b Ï deviatesfrom theexpectedtone
patterns.Theresultis anumericalmeasurementof strength, or articulatoryeffort persyllable/tone.

This work is carriedout with the prosodydescriptionlanguageStem-ML (Soft TEMplate
Mark-up Languages)(KochanskiandShih, 2001b),which is inspiredby Chinesetonedatasuch
asFigure19.

Figure19 shows the b Ï track of the phrasecedafhg fan3ying4su4du4“reactiontime”. The
second,third, and fourth syllablesall have the sameunderlyingfalling tone, but their surface
realizationsarequitedifferent. Thedistortionis mostdramaticon thesecondsyllable,wherethe
falling toneshowsup with a rising shape.Thisphenomenonhappensfrequentlyin conversational
datawhenthesyllableis in a prosodicallyweakposition.Theresultingtoneshapealwaysagrees
with thesurroundingtonal environment. In otherwords,the distortedtoneshapefollows the b�Ï
trajectorydefinedby its neighbors.

It appearsthatthesurfacetoneshapeis theresultof anoptimizationprocess,whereoptimality
is definedby a balancebetweenthe ability to communicateaccuratelyandthe effort requiredto
communicate.Specifically, theoptimalpitchcurve is theonethatminimizesthesumof effort plus
ascalederrorterm.
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Figure 19: Tonesvs. realization. The upper panelsshowshapesof tones3 and 4 taken from
carefully readspeech in a neutral environment,andthe lower panelshowstheactual b Ï contour
of a sentencecontainingthosetones. Thegrey curvesshowthe templates,and the black curve
showsthe bji vs. timedata.

Certainly, whenwespeak,wewishto beunderstood,sothespeakermustconsidertheerrorrate
on thespeechchannelto thelistener. Likewise,muchof whatwe do physicallyis donesmoothly,
with minimum muscularenergy expenditure,so minimizing effort in speechis alsoa plausible
goal.

The error term behaveslike a communicationserror rate: it hasits minimum if the prosody
exactlymatchesanidealtonetemplate,andit increasesastheprosodydeviatesfrom thetemplate.
Thechoiceof templateencodesthe lexical informationcarriedby thetones.Thespeaker tries to
minimize the deviation, becauseif it becomeslarge, the speaker will expect the listenerto mis-
classifythetoneandpossiblymisinterprettheutterance.

Theeffort expendedin speechcanbeapproximatedfrom knowledgeaboutmuscledynamics
(Stevens,1998). Qualitatively, our effort term behaveslike the physiologicaleffort: it is zeroif
musclesarestationaryin a neutralposition,andincreasesasmotionsbecomefasterandstronger.
Accordingly, Stem-ML makesonephysicallymotivatedassumption.It assumesthat bji is close-
ly relatedto muscletensions.Theremust thenbe smoothandpredictableconnectionsbetween
neighboringvaluesof b i becausemusclescannotdiscontinuouslychangeposition.Most muscles
cannotrespondfasterthan150ms,a time which is comparableto thedurationof a syllable,sowe
expectthe intonationof neighboringsyllablesto affect eachother. In this sense,our modelis an
extensionof thoseof (Ö hman,1967;Fujisaki,1983;Xu andSun,2000).

Effort is ultimately measuredin physicalunits, while the communicationerror probability is
dimensionless,so a scalefactor is neededto make the two compatiblefor addition. This scale
factorvariesfrom syllableto syllable,andweidentify it with thelinguisticstrength,or importance
of eachsyllable. If a syllable’s strengthis large, theStem-MLoptimalpitch contourwill closely
approximatethetone’s template,andthecommunicationerrorprobabilitywill besmall. In other
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Figure 20: Variations in b Ï curvesgenerated from the tone sequence3-4-4-4, with different
strengthvalueson thesecondsyllable.
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Figure21: Onestrengthparameterpersyllableis usedto generatethe k=l curvein solidline, which
matchesthenatural k�l contourplottedin “*”.

words,a largestrengthindicatesthatthespeaker is willing to expendtheeffort to produceprecise
intonation.On theotherhand,if thesyllableis unimportantandits strengthis small,theproduced
pitchwill becontrolledby otherfactors:neighboringsyllablesandeaseof production.Thelistener
thenmaynotbeableto reliablyidentify thecorrecttoneonthatsyllable.Presumably, thelisteneris
eitherableto infer thetonefrom thesurroundingcontext or thespeakerdoesn’t careif thelistener
canunambiguouslyidentify thetone.

We thenwrite simpleapproximationsto the effort anderror terms,so that the modelcanbe
solvedefficiently asasetof linearequations.

Figure20 shows thevariationsin surface k=l generatedby theStem-MLmodel.All curvesare
generatedfrom the tonesequence3-4-4-4,whereall tone4 syllablessharethesamefalling tone
template.Thestrengthof thesecondsyllablevariesfrom l to m , while all theothersyllableshave
their strengthfixedat m .
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To matcha natural k=l curve of a Mandarinsentence,we useda setof lexical tonetemplates
andonestrengthparameterper syllable. Figure21 shows that the natural k�l of neohprq shown
abovecanbesimulatedwith strengthvalues1.1,0.2,1.2and0.8for thefour syllables.Thesecond
syllableis notablyweaker thanits neighbors,thereforethe k=l curve over this syllabledeviatesa
lot from whatis expectedof thelexical tone.

Given k=l , lexical toneidentity andtheir locations,Stem-MLmodelcanestimatethestrength
valuesautomatically. Thisstrengthis ameasureof articulatoryeffort, whichwehopewill beuseful
in locatingregionsof phonedistortion.

4.6 Application to SpeechTechnologies

Modelsof pronunciationvariationsaredirectly applicableto somebranchesof speechtechnolo-
gies,suchasText-to-Speech(TTS) systemsandautomaticspeechrecognition(ASR)systems.

A TTS system,asthe namesuggest,convert written text to spoken speech.The systemhas
many components,suchas text analysis,durationprediction, and intonation prediction. Text
analysisconvertswritten text into phonemestring, durationpredictionestimateshow long each
phonemeis, andintonationmodulepredicts k=l contours.All relevant informationaresendto a
speechsynthesiscomponentto producespeechoutput.

The text analysiscomponentsimulatesthe ability of an educatedreader. Written text is an-
alyzedandconvertedinto a representationwith morphologicalinformation, syllable structures,
prosodictags,andphonemestrings.Predictionof pronunciationvariationis oneareathatpresents
interestingpossibilities,but hashardlybeenexploredin theTTSdomain.Thisis primarily because
thecurrentsystemsarestill restrictedto thereadingmode.

Properhandlingof pronunciationvariationswill behelpful in generatingbelievableconversa-
tion speech,aswell assimulatingpersonalcharacteristicsandregionalaccents.

Speechrecognition(ASR) is thereverseprocessof TTS.It takesspeechasinputandcovertsit
into text. TTS is anautomaticreader, andASR is anautomatictranscriber.

Pronunciationmodelingis a crucialcomponentof anASR system.An ASR systemevaluates
acousticsignalsagainsthypothesesof word pronunciation,basedon transcriptionsandpronunci-
ationmodels.Multiple pronunciationsof a word areannotatedor generatedsoasto cover all the
possiblepronunciationvariations. More completeannotationandgoodmodelsof pronunciation
variationscanimprovetheperformanceof aASR system.

Pronunciationmodelingof Mandarincasualspeechis alreadyintegratedin ASRsystems.This
is oneof theresearchtopicat theJohnHopkinsUniversityWorkshop2000(Liu andFung,2000).
Theirresultsandpresentationsareavailablefromthewebsitehttp://www.clsp.jhu.edu/ws2000/groups/mcs/.

4.7 Conclusions

This lecturefocusesonasinglequestion:thepronunciationvariationsof Mandarincasualspeech.
Weusethis problemasavehicleto addressmany methodologicalissues.
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We studiedthe distribution patternsof Mandarinpronunciationvariationsin order to build
predictive models. To do that we needto understandwhat happens, why, in what context, how
oftenandwhynot.

Automaticmethodsimprovesefficiency andenforcesobjectivity, whichmakeit possibleto test
hypotheseson a largecorpus.We studiedstringmatchingalgorithmsanddecisiontreelearning.

We studiedprosodymodelswhich give us ideaon how to integrateprosodyinformationinto
pronunciationmodels.

The most importantmessageof all, I think, is that multi-disciplinary knowledgebroadens
our view to a linguistic problem. We venturedinto many fields andcamebackwith solutions,
from statistics,mathematics,physics,informationtheory, andmachinelearning. Whenwe solve
a linguistic problem, it also hasimpact to other fields. Speechtechnologies,for example,are
benefitedfrom theunderstandingof linguisticphenomenon.
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