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Sproat

Overview

1. Intro to Chinese Morphology: What is a Word?

2. Statistical Methods: Word Frequency Distributions, Measures of
Productivity, Measures of Association

3. Applications

Most of the material in this tutorial is based on lectures given at the 2001
LSA Summer Institute in Santa Barbara. The course notes for that course
are available:

http://ww.research. att.com ~rws/ new ndex/ not es. pdf

There are some exercises related to this tutorial:
http://ww.research. att.com ~rws/ exerci ses

Please have a look at these in your spare time.

These slides are:
http://ww.research. att.com ~rws/ new ndex/ col i ng. pdf

Corpus-Based Methods Tutorial Overview



Overview of Part 1: Introduction to Chinese Morphology

e What is a Word?

e Some Chinese Morphological Phenomena

e Segmentation Standards

e Preview: What Corpus-Based Methods Can Do for Morphology;,
What Morphology can do for Corpus-Based Methods

Sproat Corpus-Based Methods Intro to Morphology Overview



What i1s a Word?

e Having a good definition of what is a word seems like a prerequisite
to any study of words in any language.

e In Chinese the problem is exacerbated by the lack of word
boundaries in orthography.

e Human judges disagree: in (Sproat et al., 1996) we only measured
0.76 (out of 1.00) agreement among human judges.

e Proposed segmentation standards don’t even agree.

Sproat Corpus-Based Methods Intro to Morphology What isaWord?



What is a Morpheme?

e At least it is agreed that Chinese words are made up of morphemes,
but: what is a morpheme?

e Morpheme = single syllable, single character?

e Problems:

— Polysyllabic morphemes such as B Fg dongxi (east west) ‘things’;
55 _E mashang (horse on) ‘immediately’

— Borrowed morphemes: EEE:#1H bajisitan ‘Pakistan’

Sproat Corpus-Based Methods Intro to Morphology What isaWord?



Sproat

A Clear Class of Disyllabic Morphemes

Orthography

Analysis

Pronunciation

Gloss

b 3

< foot+cuotuo >

< foot+liangcang >
< foot+réulin >

< foot+shouzhu >
< foot+zhéngshu >
<L grass+guaju >
< grass+hanxian >
< grass+jianjia >
< grass+musu >

< heart+congydng >
< heart+niuni >

< heart+yingin >
< insect+bianfu >
<insect+fayou >

< insect+qgiuyin >

cuotud
langgiang
réulin
chouchd
zhizhi
woju
handan
musu
sOngydng
nidni
yingin
bianfl
faybu

giuyin

‘procrastinate’
‘hobble’
‘trample’
‘hesitate’
‘hesitate’
‘lettuce’
‘lotus’

‘type of reed’
‘clover’

‘egg on’

‘coy’
‘attentively’
‘bat’
‘mayfly’

‘earthworm’

Corpus-Based Methods

Intro to Morphology

Pairs of characters that only cooccur with each other, and occur at least three times in a 20 million character corpus. Note
that in each case both characters share the same semantic radical. See, for instance, the examples with the foot radical, underlined

in the table above. The second column gives the component analysis following the schema in (Sproat, 2000).

What is a Word?



Packard’s (2000) Notions of Word: |

e Orthographic word: Words as defined by delimiters in written text.
This appears to have no relevance in Chinese since there are no such
written delimiters (apart from punctuation marks, which mark ends
of phrases, not words).

e Sociological word: Following (Chao, 1968, pp. 136-138), these are
‘that type of unit, intermediate in size between a phoneme and a
sentence, which the general, non-linguistic public is conscious of,
talks about, has an everyday term for, and is practically concerned
with in various ways.” In English this is the lay notion of “word’,
whereas in Chinese this is the character (& zi).

e Lexical word: This corresponds to Di Sciullo and Williams’ (1987)
listeme.

Sproat Corpus-Based Methods Intro to Morphology What isaWord?



Packard’s (2000) Notions of Word: |

e Semantic word: Roughly speaking, this corresponds to a “unitary
concept’.

e Phonological word: A word-sized entity that is defined using
phonological criteria. (Yes, that’s circular.) Packard goes on to note
that Chao considers prosodic issues, such as when one can pause in a
sentence, to provide useful tests for phonological wordhood. In many
languages, phonological words are the domain of particular
phonological processes: in Finnish, for example, vowel harmony is
restricted to phonological words. In dialects of Mandarin that have
(stress) reduction, such phenomena are generally restricted to words,
as IS consonant lenition.

Sproat Corpus-Based Methods Intro to Morphology What isaWord?
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Packard’s (2000) Notions of Word: IlI

e Morphological word: following Di Sciullo and Williams’ notion, a
morphological word is anything that is the output of a
word-formation rule.

e Syntactic word: These are all and only those constructions that can
occupy XY slots in the syntax. (The syntactic word is the definition of
word that Packard uses as the basis for the bulk of his discussion.)

e Psycholinguistic word: This is the ““word’ level of linguistic
analysis that is ... salient and highly relevant to the operation of the
language processor” (Packard, 2000, page 13).

To these definitions could be added the extrinsically defined notions of
word that have formed the basis of the various segmentation standards for
Chinese that have been proposed.

Corpus-Based Methods Intro to Morphology What isaWord?
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Reduplication

Affixation

Compounding

Proper names

Morphological Types

Abbreviations (#g% Suoxi€)

Corpus-Based Methods

Intro to Morphology

Morphological Phenomena
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(1)

Verbal reduplication

ot et shuo-shuo (speak speak) ‘speak a little’

r=g =1 kan-kan (look look) ‘have a little look’
7E 7E z0u-z0u (walk walk) ‘have a little walk’
BE Bx mo-mo (rub rub) ‘rub a little’
olcmolsm  taolun-taolun (discuss discuss) ‘discuss a little’
EHENEEEY  gingjiao-gingjiao  (ask ask) ‘ask a little’
M7 yanjiu-yanjia (research research)  ‘research into’

Corpus-Based Methods Intro to Morphology Morphological Phenomena 10
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(2)

(3)

|

IIS
IIS

|

|

EELFIHIMH
E

Verbal reduplication

shuo-yi-shuo
kan-yi-kan
ZOU-yi-zO0u

moO-yi-mo

(say one say) ‘go ahead and say it’
(look one look)  ‘have a look’
(walk one walk)  ‘have a little walk’

(rub one rub) ‘rub a little’

i\  shuo-shuo-kan (speak speak look) ‘talk about it and see’
H£HEF  z0u-zOu-kan (walk walk look) ‘walk and see’
Corpus-Based Methods Intro to Morphology Morphological Phenomena 11



(4)

()

Sproat

44T  hong-hong
21& man-man
EFHR  shufl

B2 ganjing
& hitd

gz kuaile
=5 piaoliang
Corpus-Based Methods

Adjectival Reduplication

(red red) ‘red’

(slow slow) ‘slow’

ETaTARAR  shushu-fufd ‘comfortable’
297 IR gangan-jingjing ‘clean’
HIEIE S hOh0-totd ‘muddle-headed’
Pepegesz  kuaikuai-lele ‘happy’

—t, e,

=Ei{ZE5e5z plaopiao-liangliang  “pretty’

Intro to Morphology Morphological Phenomena 12



(6)

(7)

Sproat

Adjectival Reduplication

Seim liangjing  S&adm liang-jingjing  ‘bright’

Hit Dbaihua  BIEFE  bai-huahua  ‘white’

+ g B B 5H zhongzhong-yaoyao  ‘important’

“BEEXKA  weiwéi-dada ‘majestic’

L4 fenfen-honghong ‘pink’

x?EFEEE  meimeéi-lli ‘beautiful’

*375 375 HH BH toutou-mingming ‘transparent’

Corpus-Based Methods Intro to Morphology Morphological Phenomena
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(8)

)

Measure word reduplication

hELE bangbang ‘every pound’
fEe{ee & tiaotiao yu ‘every fish’
EEPGIE  taotao xizhuang  “every suit’

e IR jianjian yifd ‘every piece of clothing’

«EEEE L 71zhi shou ‘every hand’
it E  ceéceé shu ‘every book’
*}T¥J &  dadadan ‘every dozen eggs’
PEEEE (L] zudzud shan  ‘every mountain’

"YEE]IE  zhizhi i ‘every chicken’

Corpus-Based Methods Intro to Morphology Morphological Phenomena
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Measure word reduplication

(10) FiMrvzk ==& T

women-de j1, zhizhi dou bing le
(our-DE chicken CL-CL all sick ASP)
‘Every one of our chickens is sick.’

(11)

(12)

HH  riri
A tiantian
EAE niannian

‘every day’ (okay in poetic language)
‘every day’

‘every year’

v v gongligongli  “every kilometer’

Corpus-Based Methods

Intro to Morphology Morphological Phenomena
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(13)

7

Faziax

)
Uy 3

(14) w]

ké-  mJ%E

|ao-
Xlao-
di-
chu-

hao-/nan-

t

A[5e

Sproat Corpus-Based Methods

Prefixation

=
Mk
%_
M=

lao wang ‘old Wang’
xiao zhang ‘little Zhang’
diy1 “first’

chu san ‘the third’

IriZ [#EZ  haochi/nanchi  ‘tasty/bad-tasting’

ke-al ‘lovable, cute’
ké-kao  ‘reliable’
Intro to Morphology Morphological Phenomena
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Suffixation

(15) “Diminutive” suffixes:
B -er  EBR  niaoc-er  ‘bird’
+ -zi ¥+ hou-zi ‘monkey’
BE -tou EEHE man-tou ‘steamed bread’

(16) Other deriational suffixes:
£ -XUé O E xinli-xué ‘psychology’

EX -jia VI 2 5% wulixué-jia ‘physicist’

1t -hua 21k méi-hua ‘Americanization’
b4 -1°0 HE R sheng-dan-1'i  ‘egg production rate’

E+ -zhiyi HgliFEE  makesi-zhiyi  ‘Marxism’

Sproat Corpus-Based Methods Intro to Morphology Morphological Phenomena
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17) T -le 7T
@ -guo IZET
i -men T

Corpus-Based Methods

Suffixation

chi-le
chi-guo-le

haizi-men

Intro to Morphol ogy

‘have eaten’
‘have eaten’

‘children’

Morphological Phenomena
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Compounding

(18) location
ZEE ¢b3%  keting shafa  ‘living room sofa’

m 5 héma ‘hippopotamus (river horse)’
i i haigou ‘seal (sea dog)’

(19) used for
& B i zhijia you ‘nail polish’

JL L Ek pingpang qil ‘pingpong ball’
AbEHREE  taiyang yanjing  ‘sunglasses’
T fanwan ‘rice bowl’

(20) material
KEEA ik dalishidibdan  ‘marble (Dali rock) floor’
RER zhilaoh ‘paper tiger’

Sproat Corpus-Based Methods Intro to Morphology Morphological Phenomena
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Compounding

(21) powered by
T diandeng ‘electric light’
B B fengche  ‘windmill (wind cart)’
(22) organization
AE R daxué xiaozhang  ‘university president’

b= K& béijing daxué ‘Beijing University’

(23) coordinate
2% IEIE  pbabamama  ‘father and mother’

JEL 7K feng shut ‘fengshui (wind water)’
HE zhi bt ‘paper and pen’
HE nil yang ‘livestock (cattle sheep)’

Corpus-Based Methods Intro to Morphology Morphological Phenomena
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Root Compounding

(24)
B5 058 mayi ‘ant’ i . T %
yiwang ‘queen ant’ gongyi ‘worker ant’
i+ naozi “brain” s 7K i il
naoshuizhong ‘hydrocephaly’  hounao “hindbrain’
B HE cangying “fly’ 1 B i ik B
yingshi “fly corpse’ dizhonghaiying
‘Mediterranean fly’
BELEL mogu ‘mushroom’ L4 £t
gusan “pileus’ jingu ‘golden mushroom’

(25) e b 2R 2 At ]
yi you yiguo, feng you fengguo
(ant have ant country, bee have bee country)
‘Ants have Antland, bees have Beeland’

Corpus-Based Methods Intro to Morphol ogy Morphological Phenomena
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Resultative Compounding

(26) _E shang ‘up’
T xia ‘down’
it jin ‘enter’
H4 cha “(go) out’
B qilai inchoative
[a] hui ‘return’
8 guo “pass, across, beyond’
BH kai ‘open’
5T wan “finish’
IF hao ‘good, complete’
ZE, si “die’
H jian “see, perceive’
I po ‘break’
&% qingchu “clearly’

Sproat Corpus-Based Methods Intro to Morphol ogy

Morphological Phenomena
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(27)

(28)

Resultative Compounding

result FT U dapo ‘break by hitting’
17 B lakai ‘open’

achievement Eig# xiégingchd  ‘write clearly’
=&z maidao ‘succeed in buying’

direction pky® 2= tiaoguogu  ‘jump across’
EHEAE  zOujinlai ‘come walking in’

pkiS¥@Z%E  tiaodéguoqu  “able to jump across’
Bk @2 tiaobuguoql  “‘not able to jump across’

Corpus-Based Methods Intro to Morphol ogy Morphological Phenomena
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Parallel Verbal Compounds

(29) HKEHE gou-mai (buy-buy) ‘buy’
@z jian-zhu  (build-build) ‘build’
@@ jlan-cha (examine-examine) ‘examine’
8 zhi-liao  (treat-treat) ‘treat (a sickness)’
Corpus-Based Methods Intro to Morphol ogy Morphological Phenomena
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Subject-Verb Compounds

(30) EH¥X tou-teng  (head hurt) ‘(have a) headache’
BETE  zul-ying  (mouth hard)  ‘stubborn’
HE4T  yan-hong (eye red) ‘covet’
OEE  xin-suan  (heart sour) ‘feel sad’
vy ming-ki  (life bitter) ‘tough straits’
(31) FKEEE .
wo tou téeng
(I head hurt)
‘I have a head ache.” (= ‘My head hurts.”)

(32) fREBEHR!
ni zhen zui-ying
(you really mouth hard)
“You are really stubborn!” (= “Your mouth is really hard!”)

Sproat Corpus-Based Methods Intro to Morphology Morphological Phenomena
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(33)

Verb-Object Compounds

tH R chu-ban (emit edition) ‘publish’

fie ‘= shui-jiao (sleep sleep) ‘sleep’

FE bi-yé (finish course of study) ‘graduate’

B JJ kai-dao (operate knife) ‘operate’
Bbr3E  kai-wanxiao  (operate joke) ‘make fun of’
HE R zhao-xiang  (shine image) ‘take a photo’
Corpus-Based Methods Intro to Morphol ogy Morphological Phenomena
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Verb-Object Compounds

(34) A ik T ARAE
tamen chuban-le néibén shu
(they publish-PERF that-CL book)
“They published that book.’

(35) *tP. 4" B 77 O Mk
tamen kaidao xinzang
(they operate heart)
“They are operating on the heart’

Sproat Corpus-Based Methods Intro to Morphol ogy

Morphological Phenomena
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Verb-Object Compounds

(36) FlE T8
wo shui-le jiao
(I sleep-PERF sleep)
‘I fell asleep’

(37) BF—EIt<
kal yige wanxiao
(operate one-CL joke)
‘make fun of’
Hed P ot 152
zhao liangzhang xiang
(shine two-CL photo)
‘take two photos’

Corpus-Based Methods Intro to Morphol ogy

Morphological Phenomena
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Verb-Object Compounds

(38) EklE 7 —1@E/N=
wo shui-le yige xiao jiao
(I sleep-PERF one-CL little sleep)
‘I took a little nap.

(39) FAfhAIDLSE
kai tade wanxiao
(operate his joke)
‘make fun of him’
(40) —EEIRTERAT A
yige bian wo dou méiyou da
(one-CL convenience 1 all NEG have big)

‘I haven’t defecated at all.’
(cf. X{F dabian (big convenience) ‘defecate’)

Corpus-Based Methods Intro to Morphol ogy

Morphological Phenomena
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(41) YREAEPET]?
ni kai shénmo dao
(you operate what knife)
‘What kind of operation are you having?’

Corpus-Based Methods Intro to Morphol ogy

Morphological Phenomena
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Personal Names.

(42) 1 word = name
2 name = 1-char-family 2-char-given
3 name = 1-char-family 1-char-given
4 name =  2-char-family 2-char-given
5 name =  2-char-family 1-char-given
6 1-char-family = char;
7 2-char-family = char; char;
8 1-char-given =  char;
9 2-char-given = char; char;

(Would need to expand this to cover “double-barreled” family names,
which are still commonly used to refer to married women: thus 5& T 4
zhang wang jinlan ‘Mrs. Jinlan (Wang) Zhang’)

Sproat Corpus-Based Methods Intro to Morphology Morphological Phenomena



(43)

(44)

(45)

Sproat

Abbreviations.

g I = o Bk B B2 g FT B
yazhou pingpang qit lianméng ya ping lian
Asian Ping-Pong Association
TEHRFREE THHEE
gongye yanjiu yuan gong yan yuan
Industrial Research Center
IPRCRIISRE 7 RS A F0ER
yiselié balésitan hetan yi ba hétan
Israel-Palestinian discussions
Corpus-Based Methods Intro to Morphol ogy Morphological Phenomena



Abbreviations.

(46) TEEE BiE
taiwan xianggang tai gang

Talwan-Hong Kong

H [ 4 v HH {H
zhongguo shiyou zhong you
China Oil
(47) _LbiEbuHEEes TE i 82 B8
shanghai hangzhou tiélu hu hang tiélu

Shanghai-Hangzhou Railway

Sproat Corpus-Based Methods Intro to Morphol ogy Morphological Phenomena



Segmentation Standards

e Deciding what is a word in Chinese has practical consequences for a
wide variety of applications both “sociological” and technological.

e The sociological applications arose early in the twentieth century in
the context of various attempts to romanize Chinese orthography; see
(Pan, Yip, and Han, 1993):

— [BE# B E &) guoyl lubmazi yundong ‘Mandarin
Romanization Movement’ (Y. R. Chao was involved in this)
- [T {6EE) ladinghua yundong ‘Latinization Movement’

e Technological applications include IR, TTS, and ASR.

Sproat Corpus-Based Methods Intro to Morphology Segmentation Standards 34
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The Moral

The “correct” segmentation depends on the intended purpose of the segmentation

Corpus-Based Methods Intro to Morphology Segmentation Standards 35




Proposed Standards

e Mainland Standard (GB/T 13715-92, 1993).

e ROCLING Standard (Huang et al., 1997).

e University of Pennsylvania/Chinese Treebank (Xia, 1999).

Sproat Corpus-Based Methods Intro to Morphology Segmentation Standards 36
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Mainland Standard

Lots of specific rules or principles, not all of them explained.

e Nouns derived in 28 jia, 3 shou, t xing, § yuan, + zi, 1t hua, &
zhang, 88 tou, & zhe are segmented as one word: F £ 5% kexugjia
‘scientist’

e This seems reasonable enough, but for some reason {f§ men is
segmented separately, except in A 4§ rénmen “‘people’, and words
with erhua: & JL {9 germen *brothers’.

e Personal names are also split: & =¥ ‘Mao Zedong’.

e AABB reduplicants are one word: &S H Il gaogaoxingxing
‘happy’. On the other hand ABAB reduplicants are two words: & H
= H xuébaixuébai ‘snow white’.

Corpus-Based Methods Intro to Morphology Segmentation Standards
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ROCLING Standard: |

The ROCLING standard seeks a standard that is “linguistically felicitous,
computationally feasible, and must ensure data uniformity.” More of a
meta-standard than a standard

e A string whose meaning cannot be derived by the sum of its
components should be treated as a segmentation unit.

e A string whose structural composition is not determined by the
grammatical requirements of its components,or a string which has a
grammatical category other than the one predicted by its structural
composition should be treated as a segmentation unit.

More specific guidelines:

e Bound morphemes should be attached to neighboring words to form
a segmentation unit when possible.

Corpus-Based Methods Intro to Morphology Segmentation Standards
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ROCLING Standard: Il

e A string of characters that has a high frequency in the language or
high cooccurrence frequency among the components should be
treated as a segmentation unit when possible.

e Strings separated by overt segmentation markers should be
segmented.

e Strings with complex internal structures should be segmented when
possible.

A reference lexicon, based on a reference corpus is assumed.

Sproat Corpus-Based Methods Intro to Morphology Segmentation Standards 39



U Penn Standard

The University of Pennsylvania standard is more akin in spirit to the
Mainland standard in that it has less philosophy than the ROCLING
standard, and more detailed rules.

e Sensitivity to phonological criteria: Z g shinéi ‘in the room’ is
considered to be a single word, 4+ LI zhongwd yihou ‘after
noon’ is considered to be two words.

e Internal structure is marked: T3 da-dé-po ‘able to break’ is
tagged as [¥T/V {3/DER #/V]IV

Sproat Corpus-Based Methods Intro to Morphology Segmentation Standards
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Comparison of Standards

Form UPenn Mainland | ROCLING | Example
ABAB ABAB AB-AB | ABAB AW Eat
‘research (a bit)’
AA-F [AA/V kan/V]IV | AAkan | AAkan ST =]
‘talk about it and see’
Pers. Names | One Seg Two Segs | One Seg BT
Shi Lixuan
Noun +4f | One Seg Two Segs | Two Segs | AHA M
‘“friends’
Ordinals One Seg Two Segs | Two Segs | 55—
“first’

Table 1: Some differences between the segmentation standards, from (Xia, 1999).

Sproat Corpus-Based Methods

Intro to Morphology

Segmentation Standards
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Segmented Corpora

e ROCLING Standard: 5 million words

e Penn Standard (Penn Chinese Treebank): 100K Words

Sproat Corpus-Based Methods Intro to Morphology Segmentation Standards 42



Preview: What Corpus-Based Methods can do for
Morphology, and Vice Versa.

e Statistical basis for claims about wordhood.
e Measures of morphological productivity.
e Practical applications in various natural-language processing tasks.

e On the other hand morphological knowledge can help guide or
supplement statistical methods:

cf. Hui et al’s (2002) result that morphological models of unknown
verbs have high precision (91.7%) but fairly low coverage (23.2%).

Sproat Corpus-Based Methods Intro to Morphology A Preview



Overview of Part 2: Statistical Methods

e Properties of Word Frequency Distributions

e Measures of Morphological Productivity and a Case Study

— Mandarin Root Compounds: A Case Study in Productivity

e Measures of Association
— Probability Estimates
— (Pointwise) Mutual Information
— Frequency-Weighted Mutual Information
— Pearson’s y-Square
— Likelihood ratios

— Extracting Non-Binary Collocations

Sproat Corpus-Based Methods Statistical Methods Overview
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(48) f(w) oc 5

Corpus-Based Methods

Zipf's Law

Statistical Methods

Word Freguency Distributions

45
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1995 AP Newswire

freq
1003 10 105 1076

10"2

10M

10”0

1 10 100 1000 10000 100000
rank

Figure 1: Rank (x) plotted against frequency (y) on a log-log scale for the 1995
Associated Press.

Corpus-Based Methods Statistical Methods Word Frequency Distributions
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ROCLING Corpus (Characters)

10000 100000

freq
100 1000

10

1 10 100 1000 10000
rank

Figure 2: Rank (x) plotted against frequency (y) on a log-log scale over characters
for the 10 Million character ROCLING corpus.

Corpus-Based Methods Statistical Methods Word Frequency Distributions
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Important Properties of Word-Frequency Distributions

e Large Number of Rare Events:

For the 1995 Associated Press corpus 40% of the word types occur
just once. (In contrast among the 10 Million character ROCLING
corpus, only 11% of the characters occur once.) For a smaller
corpus, such as the Brown corpus (1 Million words), the amount will
be closer to 50%.

Corollary: words are not normally distributed. Statistical measures
that depend on normality (e.g. mutual information) are suspect.

e Statistical parameters change with sample size:

For increasing corpus N the size of the vocabulary V (V) increases.
So does the mean frequency %

Sproat Corpus-Based Methods Statistical Methods Word Freguency Distributions 48
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Change of Parameters of Vocabulary with Corpus Size

A B
S | 3
¥
— ©
Z 3 <
= Q| >
> 4 S ©
P
<
S |
5000 10000 15000 20000 25000 5000 10000 15000 20000 25000
N N

Figure 3: Vocabulary size V' (IN) (Panel A) and mean word frequency % (Panel
B) as a function of sample size N in Alice in Wonderland, measured at 20 equally
spaced intervals. From (Baayen, 2001), figure and caption kindly provided by
Harald Baayen.

Corpus-Based Methods Statistical Methods Word Frequency Distributions
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Measures of Morphological Productivity

(49) Aronoff’s (1976) proposal: I = %

(50) Baayen’s (1989) proposal: P = %
n1 1S the number of words that have been seen just once — the hapax
legomena.

Sproat Corpus-Based Methods Statistical Methods Measures of Productivity 50



Intuition behind Good-Turing Measure

Figure 4. A collection of balls where all ball types have been seen.

Sproat Corpus-Based Methods Statistical Methods Measures of Productivity 51



Intuition behind Good-Turing Measure

Figure 5: A collection of balls where many ball types have not been seen.

Sproat Corpus-Based Methods Statistical Methods Measures of Productivity 52



Some sample P scores from Dutch and English

(51) Morpheme Gloss P
-ing ‘-lon, -ing” 0.038
-heid “-ity’ 0.114
noun compounds — 0.225

(52) Morpheme P

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

simplex nouns  0.0001

Sproat Corpus-Based Methods Statistical Methods Measures of Productivity 53



Some Measures from Mandarin

(53) Morpheme Gloss P
i -men noun plural 2% = 0.04
3 A i : 330 __
1| -guo experiential -7 = 0.20

See the first lab exercise for this segment.

Sproat Corpus-Based Methods Statistical Methods Measures of Productivity
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Mandarin Root Compounds (Sproat and Shih, 1996)

Some morphological theories, e.g. (Anderson, 1992; Dali, 1992), have a
restrictive notion of what can be a compound: only those words formed
from two or more other words.

(54) 3% )1 hamigua (Hami melon) ‘cantaloupe’

(55) &hg xiangchang (fragrant intestine) ‘sausage’

Corpus-Based Methods Statistical Methods Measures of Productivity
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Mandarin Root Compounds

But bound roots seem to be active in Mandarin morphology:

(56) tEi% mayl ‘ant’
T gongyl “worker ant’

(57) f&+ naozi ‘brain’
fii 7k B naoshuizhdng (brain water swelling) ‘hydrocephaly’

(58) & cangying “fly’
HeHr g dizhonghaiying ‘Mediterranean fly’

(59) EEzEf mogu ‘mushroom’

Corpus-Based Methods Statistical Methods Measures of Productivity
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Mandarin Root Compounds

These formations cannot be an instance of affixation

(60)
Fyl EE Ti%
yiwang ‘queen ant’ gongyi ‘worker ant’
fi§ ndo ik i C3E
naoshuizhong ‘hydrocephaly’ hounao ‘hindbrain’
I ying bifisw b v ihg e
yingshi “fly corpse’ dizhonghaiying ‘Mediterranean fly’
oh QU BEER 74 12
gusan “pileus’ jingu “‘golden mushroom’

Absent another category, these presumably must be compounds. (NB:
Packard (2000) calls them bound root words)
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Mandarin Root Compounds

20 AU 00 JEERE w02 (£

2 4R 16 A et o PBELEL

o Eiih s HhHEBF s Xk

s IR 7 i s Hi

5 Ihie P T P T ]

« EEEEE . Bnd s BB
3 HhEiE 3 IR 3 XZEpf
2 BETE 2 HEAS 2 HELE

2 EERE 2 FRIE : B&E:ph
. BHIE : ®if :  HEnE
:  Hig5H : ZHERIE 1 nEES
T T 7| 1 GhE

1 LG 1 L 1 B

1 taih 1 AERE 1 BB

L Fli 1 ELLEE 1 HAnE

L i 1 BEEnd 1 AR

v AfEnE 1 B v g

Table 2: Distribution for the Mandarin nominal root gu ‘mushroom’ collected from a 40

million character corpus.

Corpus-Based Methods

Statistical Methods

Measures of Productivity
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Mandarin Root Compounds

Root Whole Word Meaning niy N 1% Poax P

E shi E:E, shitou ‘rock’ 75 583 147 57 0.129
ﬁ hé ﬁ?‘ hézi ‘box’ 82 1205 167 257 0.068
% yi *‘%% mayT ‘ant’ 21 322 35 173 0.065
E wa %ﬁ gingwa ‘frog’ 22 407 49 199 0.054
% gut ,% .i wugul ‘turtle’ 21 414 46 137 0.051
ﬁ;x% jiao ﬁf}{_&% jidozi ‘dumpling’ 8 167 19 66 0.048
mﬁ ying %Eﬂﬁ cangying “fly’ 14 325 35 142 0.043
* miéan *%ZE mianhua ‘cotton’ 52 1283 138 147 0.041
5% gu Eﬁ% mogu ‘mushroom’ 19 598 49 224 0.032
7k mu *E;E mutou ‘wood’ 265 8904 617 701 0.030
H% nao H%?‘ naozi *brain’ 34 1077 75 791 0.032
W tuo %E‘E ludtud ‘camel’ 6 210 16 104 0.029
H% chang H’%?‘ changzi ‘intestine’ 62 2268 148 373 0.027
EE% feng %&% mifeng ‘bee’ 23 858 63 104 0.027
H:I: du H:I:?‘ duzi ‘belly’ 36 1434 83 734 0.025

Corpus-Based Methods

Statistical Methods

Measures of Productivity

Table 3: Productivity measures of some Mandarin nominal roots, measured over a 40
million character corpus.

59



More on Good-Turing

See http://www.research.att.com/~rws/exercises/gt-utf8.ntml for some P measures
for other Chinese morphological processes.
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Measures of Association

Probability estimates

Pointwise Mutual Information

Frequency-Weighted Mutual Information

Pearson’s y?

Dunning’s likelihood ratios

Non-binary collocations

Corpus-Based Methods

Statistical Methods

M easures of Association
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Probability Estimates

Basic measure of probability is the maximum likelihood estimate:
f(t)/N. This is quite reasonable for frequent words.

AP92 AP93 AP94

f p f p f p
the 1,659,949 0.039 | 1,451,984 0.039 | 1,311,237 0.039
United 30,883  0.00072 28,336 0.00076 25,456  0.00075
country 21,225  0.00050 18,304  0.00050 15,919  0.00047
night 12,422  0.00029 10,328  0.00028 10,566  0.00031
dog 1,048  2.44e-05 1,045 2.80e-05 992 2.91e-05

Table 4: Maximum likelihood estimates for five common words from three
years of the Associated Press (1992-1994). N is 43,012,596, 37,386,960, and
34,041,151, respectively, for these three years.

Corpus-Based Methods

Statistical Methods

M easures of Association
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Probability Estimates

Maximum likelihood estimate becomes less reliable for infrequent words,
so typically some smooth of the frequency distribution is necessary.

E(nr+1)
E(n,)

(61) Good-Turing estimate: r* = (r + 1)

The estimates F(n,.) and E(n,1) can be made in various ways,
Including using the empirical values:

(62) r* = (r + 1)+
Ny

For frequencies other than zero this will result in a reestimation
downwards. The probabilities will then be reestimated as "“N with the
probability mass =t reserved for unseen items.
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(Pointwise) Mutual Information

Mutual Information was originally proposed as an information-theoretic
measure of channel capacity (Fano, 1961).

p
(63) I(z;y) = log, »

Corpus-Based Methods Statistical Methods Measures of Association
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1995 AP Newswire Collocations

M.1. 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 alma mater
18.1574 115 124 119 SPACE CENTER
18.1480 118 127 120 JUDGE LANCE
18.1275 127 131 127 Phnom Penh
18.1266 124 126 129 Velika Kladusa
18.0901 95 103 124 Ginny Terzano
18.0627 134 136 135 Notorious B.I.G
18.0580 116 119 134 Spiritual Laws
18.0486 123 134 127 Deepak Chopra
18.0271 80 105 107 Myriam Sochacki
17.9417 147 149 147 TEL AVIV
17.8421 96 117 131 Reba McEntire
17.7610 108 152 120 Dollar Spin
17.7551 117 124 160 SALT LAKE

Table 5: Sample of highly associated adjacent word pairs from the 37 million words of
the 1995 Associated Press. Shown are, from left to right: the mutual information (M.1.); the
frequency of the pair f(1,2); the frequency of the first word f(1) and the frequency of the
second word f(2). Note that f(1) and f(2) are both greater than 100 for this sample.

Corpus-Based Methods Statistical Methods Measures of Association

65



1995 AP Newswire Non-Collocations

M.L. 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 determination in
-0.000123791 1 20716 1811 says Hall
-0.000135193 2 567 132335 Building from
-0.000135827 1 6639 5651 water given
-0.000135827 1 5651 6639 given water
-0.000137212 1 8365 4485 programs enough
-0.000137212 1 2275 16491 village children
-0.000144883 2 5283 14203 study most
-0.000151325 1 14452 2596 her includes
-0.000163745 1 645 58167 Delaware this

Table 6: Ssample of poorly associated adjacent word pairs from the 1995 Associated Press.
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Problems with Mutual Information

e |t is unreliable for small counts. (But this is really a problem with the
MLE)

e The second, and more serious problem is that mutual information
relates to estimated probability in a counterintuitive way:

100

I(wy;ws) = logy(——gg 20— = log, (100, 000) = 16.6

10,000,000 10,000,000

1,000

10,000,000
I(wl, w2) — 10g2( 1,000 1,000 ) — 10g2(10, OOO) — 133
10,000,000 10,000,000

Corpus-Based Methods Statistical Methods Measures of Association
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Frequency-Weighted Mutual Information

P(z,y)
(64) Ifw(z;y) = f(z,y)log
d > P(z)P(y)
Corpus-Based Methods Statistical Methods

M easures of Association

68



1995 AP Newswire Collocations

FW.M.L. (1,2) f(1) f(2) pair
469631 174742 708948 1435262 of the
341288 129132 540363 1435262 in the
184196 16797 16816 18733 Associated Press
182881 17287 24135 17564 United States
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 have been
135610 12452 17858 13778 All Rights
134177 28748 144059 294607 he said
133324 11684 13778 11684 Rights Reserved
120476 17592 95448 60003 has been
118810 50201 254405 1435262 for the
114737 17820 69930 110206 will be
109856 15576 261695 16816 The Associated
107843 36922 127433 1435262 at the
97455 9561 10928 28038 White House
96982 15799 76338 110206 would be

Table 7: Sample of highly associated adjacent word pairs from the 1995 Associated Press. Shown are, from left to right: the frequency
weighted mutual information (F.W.M.L.); the frequency of the pair f(1,2); the frequency of the first word f(1) and the frequency of the second word
f(2). Again, f(1) and f(2) are both greater than 100 for this sample.
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Problems with Frequency-Weighted Mutual Information

Main problem is that it tends to over-reward frequency.

Corpus-Based Methods Statistical Methods Measures of Association
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Pearson’s y-Square

e Y-square provides a confidence measure for rejecting an assumption
of independence between events.

e y-square applies to tables:

w1 = New w1 # New

w1 = companies | 8 4,667
(new companies) | (e.g. old companies)
w1y # companies | 15,820 14,287,181

(new machines) (e.g. old machines)

Table 8: A 2 x 2 table showing the distribution of bigrams in a corpus (from (Manning
and Schitze, 1999, Table 5.8, page 169). There were 8 instances of new companies, 4,667
instances of X companies, where X is different from new, 15,820 instances of new Y, where
Y is different from companies, and 14,287,181 instances of XY, where X and Y are different,
respectively, from new and companies.

Sproat Corpus-Based Methods Statistical Methods Measures of Association 71



Sproat

General statement:

Pearson’s y-Square

) 0 =y Qo Fu)

2]

Special case for 2x2 table:

N (011022 — 012021)?

Corpus-Based Methods

)(O11 + 021)(012 + O22)(021 + O22)
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1995 AP Newswire Collocations

x2 f(1,2) f(1) f2)  pair
999319 600 6262 2156 attorney general
996401 47 280 297 Connie Mack
993054 192 552 2522 20th century
991404 36 299 164 OR MUSIC
991243 306 818 4330 atomic bomb
990132 145 1709 466 loan guarantees
986765 18 113 109 Geographic Explorer
985647 375 2599 2058 Catholic Church
985038 67 1540 111 racial slur
984217 84 1379 195 highly publicized
983361 147 284 2902 plead guilty
982709 23 159 127 Justices Antonin
975478 289 7415 433 Sen Arlen
972147 22 116 161 Celtic Journey
970830 322 2808 1426 illegal immigrants
968693 126 2984 206 flight attendant
968378 261 1571 1679 pleaded innocent
968056 20 124 125 Joey Buttafuoco
967695 37 147 361 silicone implants

Table 9: Sample of highly associated adjacent word pairs from the 1995 Associated Press, using chi-square. Shown are, from left to right:
the chi square value; the frequency of the pair f(1,2); the frequency of the first word f(1) and the frequency of the second word f(2). Again, f(1) and
f(2) are both greater than 100 for this sample.
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Problems with y-Square

e Y-square still assumes normality, which can be violated for small

counts.

x-square Is a symmetric measure: it does not distinguish between
events that are much more likely than chance from events that are
much less likely than chance.

tape-recorded conversations — a plausible collocation — you find
that tape-recorded occurs 100 times, conversations 639 times, and
the collocation 7 times, with a high y-square value of 28,752.8.

Similarly for sickening reminder the breakdown is, 17 for sickening,
307 for reminder and 2 for the pair, with a y-square value of
28,747.7.

However a very similar y-square value is obtained for the of, where
the occurs 1,435,262 times, of 708,948 times, the pair exactly once
(due to a typo in the data), yielding a y-square value of 28,744.5.

Corpus-Based Methods Statistical Methods Measures of Association
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Dunning’s (1993) Likelihood Ratios

Hypothesis 1: p(wz|w1) = p = p(w2|~w1)

HypOtheSiS 2: p(wg\wl) = D1 75 Po = p(w2\—|w1)

C C
p=Fp1= 775 p2=

C2—C12

N—Cl

Assuming a binomial distribution: s(x; n, pg) = ( : ) pk (1 = pg)(n—F)

L(Hy) = b(cy2;5¢1,p)b(cg —c12; N —¢c1,p)

L(Hg) = b(c125¢1,p1)b(ce —c12; N —cq1,p2)

L(H,)

log A\ = logL(H2)

= log L(c12,c¢1,p) +log L(co — ¢12, N — ¢1,p)

—log L(c12,c¢1,p1) —log L(ca — ¢12, N — ¢1,p2)

(where L(k,n,z) = z*(1 — 2)"F)

Corpus-Based Methods

Statistical Methods
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1995 AP Newswire Collocations

—2log A 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 Associated Press
387423.99 17287 24135 17564 United States
281913.17 12956 24177 13364 New York
279548.21 12452 17858 13778 All Rights
230483.10 19968 112171 60003 have been
223206.08 66059 258389 1435262 to the
218798.60 31575 447529 110206 to be
211761.70 15576 261695 16816 The Associated
203728.79 17592 95448 60003 has been
200819.84 28748 144059 294607 he said
192063.84 9561 10928 28038 White House
190007.67 17820 69930 110206 will be
173072.45 51336 200524 1435262 on the
161027.74 194 1435262 1435262 the the
157326.20 15799 76338 110206 would be
143998.60 9530 24496 40710 more than
143592.45 10387 19586 89982 did not
142904.19 18933 1435262 24135 the United

Table 10 Sample of highly associated adjacent word pairs from the 1995 Associated Press, using log likelihood ratios. Shown are, from
left to right: the value of —2 log A (which is asymptotically x-square distributed; the frequency of the pair f(1,2); the frequency of the first word
(1) and the frequency of the second word f(2). Again, f(1) and f(2) are both greater than 100 for this sample.
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Problems with Likelihood Ratios

Shares with y-square the problem that it is symmetric

—2log A f(1,2) f(1) f(2) pair

4988.08 340 14203 2247 most powerful

1959.01 420 607952 2247 a powerful

1336.07 131 24496 2247 more powerful

1093.76 89 7967 2247 most powerful
532.11 57 14183 2247 very powerful
527.49 36 2247 1410 powerful earthquake
438.62 285 1435262 2247 the powerful
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 so powerful
237.09 1 2247 1435262 powerful the
225.00 31 15989 2247 as powerful

Tab I e 1 1: Possible collocations of powerful, along with their log likelihood ratios, from the 1995 Associated Press.
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Association Measures for Finding 2-Character Words in
Chinese

See http:/iwww.research.att.com/~rws/exercises/assoc-utf8.ntml for examples from
the ROCLING corpus (10 million characters): 500 most highly associated
collocations according to each measure, where each collocation occurs at

least five times.

Corpus-Based Methods Statistical Methods Measures of Association
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Corpus-Based Methods

Mutual Information
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Weighted Mutual Information

125677
78771.1
75138.6
74098.2
67031
60718
60269.5
59121.7
54095.2
53548.1
53388.6
48128.2
47026.8
45690.5
42142.7

Corpus-Based Methods
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Chi Square

998246 15 137 16 B JH
997035 40 289 54 F i

995487 171 420 680 B
990862 774 2470 2378  AQ B%
990639 29 32 258 g5 32
986131 572 5411 596 it B
984730 120 1185 120 &1 §&

084573 7 22 22 I A
084430 33 326 33 W (|
082982 13 88 19 fin &

082425 2129 4250 10528 HR ¥
081128 5387 34912 8186 E 5
972268 520 664 4071 Sk

071444 32 51 201 P
968743 45 66 308 & H
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Dunning’s Likelihood Ratios

247542.11
144931.99
140756.48
132653.49
128505.03
120992.83
109109.52
104500.02
96486.77
92924.23
92063.38
90385.71
89910.47
85074.76
74228.04

Corpus-Based Methods
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8089
8527
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27179
26206
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9173

13035
10669

20411
24761
12185
33218
10239
8061
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42116
15099
22576
7021
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16822
52139
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And the Winner s ...

Measure Error Rate
Mutual Information 92/500
Chi Square 69/500
Weighted Mutual Information 35/500
Likelihood Ratios 34/500

Corpus-Based Methods Statistical Methods

M easures of Association
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Extracting Non-Binary Collocations

e Can extend approaches for the binary case. For example, mutual
information can be defined for triples (Chang and Su, 1997):

P(z,y, z)

Pr(z,y,2)

I(z,y,z) =log

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

e Or, more commonly, different approaches have been used.

Corpus-Based Methods Statistical Methods Measures of Association
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Smadja’s (1993) Xtract

e Compute a concordance of all instances of a given word w in a
corpus.

e For each w; found in the context of w, a profile is computed of how
often each w; occurs in each position in a window ranging from five
to the left to five to the right of w.

Corpus-Based Methods Statistical Methods Measures of Association
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Smadja’s Xtract

20

15

10

Figure 6: Occurrences of forecast in a window around weather, computed on the
the 1995 Associated Press corpus.

Corpus-Based Methods Statistical Methods Measures of Association
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Smadja’s Xtract

e Remove “uninteresting” words based on property of profile. e.g.: the
profile must show at least one peak. A flat distribution suggests a pair
of words that is only semantically associated, such as doctor and
nurse.

e Once interesting two-word collocates are found, compute further
concordances for each pair of words found in the first phase, for each
relative position. Recurring sequences of words are kept as potential
collocates. For example, a collocation blue. .. stocks discovered
during the first phase would be replaced in the second phase by blue
chip stocks, since chip would occur frequently in this context.

e Fung and Wu (1994) have applied the Xtract system to Chinese.

Corpus-Based Methods Statistical Methods Measures of Association
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Overview of Part 3: Applications

e Segmentation methods

e Linguistic Studies

e Other Applications

Corpus-Based Methods Applications

Overview
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Segmentation Methods

Approaches to Chinese word segmentation fall into three categories:

e Non-stochastic lexicon-based methods.

e Purely statistical methods.

e Methods that combine statistical corpus-based methods with
information derived from lexica.

Corpus-Based Methods Applications Segmentation Methods
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Segmentation Methods: General issues

e Purely statistical methods have been fairly limited.

e TwoO primary ISsues:

— How to deal with ambiguities:

B LERT

(ma-lu-shang sheng-bing le
‘(He) got sick on the road’

ma lu-shang sheng-bing le

“The horse got sick on the road.”
cf. (Gan, 1995)

How to deal with unknown words. Two issues here:

x ldentifying (hence segmenting) unknown words as words
x |dentifying the category of word.

Corpus-Based Methods Applications Segmentation Methods
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Segmentation Methods: General issues

BT



Segmentation Methods: General issues

g2 Ma Kuigian (personal name)



Segmentation Methods: General issues

BRI



Segmentation Methods: General issues

FSAEZ marou gan ‘horsemeat jerky’
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Segmentation Methods: General issues

e Performance is typically reported in terms of precision and recall

e Size of base dictionary is clearly an important predictor of
performance

Corpus-Based Methods Applications Segmentation Methods
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Purely Statistical Approaches: (Sproat and Shih, 1990)

1. For astring of characters ¢ .. . ¢,, find the pair of adjacent characters
with the largest mutual information greater than some threshold
(optimally 2.5), and group these.

2. lIterate 1 until there are no more characters to group.

Corpus-Based Methods Applications Segmentation Methods
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Purely Statistical Approaches: (Sproat and Shih, 1990)

K % % W 2 % Kk B H
MI| O 104 0 42 28 0 TG 21 AT
1 | & |® | HOfE 2 % Kk B H
2 |& BB ®m] W fE 2 o |k B OH
3 |& [ ®m] W 2 % [k H] |H
4 18, B =®Hm B |E|] B O#£ [k H] M
5 |& [ ] B OfEl B O£ K H] [H

Table 12: Stages in the derivation of wo didi xianzai yao zuo hudche huijia. The
second line shows the mutual information between adjacent characters.
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2t

op | 2 M

st

]



Purely Statistical Approaches: Others

e Sun, Shen and Tsou (1998) propose various enhancements of the
(Sproat and Shih, 1990) approach, using various association
measures besides mutual information. They propose a ¢ score for
determining whether to group xyz as Xy z or X yz.

67) ty,.(y) = pel) _piole)
(67) tz.2(y) \/var(p(2|y)> —var(p(y|z))

e Ge, Pratt and Smyth (1999) propose a method based on expectation
maximization.

(EM has also been used in other work: e.g. (Peng and Schuurmans,
2001) who estimate probabilities for words in a lexicon using an
EM-based algorithm, and use mutual information to weed out
proposed words whose components are not strongly associated.)
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Statistically-Aided Approaches: WFST-Based Approach
(Sproat et al., 1996)

e Represent dictionary D as Weighted Finite State Transducer,
mapping from C'hinChar U € to PinyinSyllable U POS. (Note
that since the primary application of the Sproat et al system was to
text-to-speech, the system was not merely a segmenter, but also a
transducer mapping from text into phonemic transcription.)

e \Weights on word-strings are derived from frequencies of the strings
In a 20M character corpus.

e Represent input I as unweighted acceptor over the set ChinChar

e Choose segmentation as BestPath(I o D*)

Corpus-Based Methods Applications Segmentation Methods
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Statistically-Aided Approaches: WFST-Based Approach

Dictionary D
eps:nc/5.000

D:d/0.000

C:c/0.000 @ D:d/0.000
A:a/0.000

eps:vb/5.000
eps:.nc/4.000

B:b/0.000

eps:jj/6.000

Input
O O O O O
I o D*

C:¢/0.000 epsijj/6.000 7~ D:d/0.000 Snc/5.000
(3) A@0000 ) Bbl000O - (3) (4 5)_€p 0
2 . o000 12

eps:nc/4.000 C:c/0.000 -~ D:d/0.000 eps:vb/5
@ (&=

BestPath(I o D*)
Q A:a/0.000 C B:b/0.000 @ eps:nc/4.000 @ C:c/0.000 @D:d/0.000 G}eps:vb/S.OOO @
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Statistically-Aided Approaches: WFST-Based Approach

e Estimate probabilities of dictionary words from unlabeled corpus.

e For morphologically derived words:

— Estimate probabilities for examples in the corpus (F%E ']
qingwa+men (frog+PL) ‘(anthropomorphized) frogs’) as for
underived words.

— For unattested formations, use the Good-Turing estimate:

(68) P(Fa/A) = P(unseen())P(FE/R)
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Statistically-Aided Approaches: WFST-Based Approach

€ ‘forget’ ‘not able

_
£ T \g
@ bu4 Oliaos O\npot@

€ ‘enlarge’
OO0

Figure 7: A fragment of the dictionary represented as a WFST.
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Statistically-Aided Approaches: WFST-Based Approach

I forget NEG-POT liberation avenue be-at where

‘ﬁ‘u £ mom| ko

(understand) (enlarge)

o ‘

“I couldn’t forget where Liberation Avenue Is.”

(not) (understand) (enlarge) (street)
A e T ﬁap/\slﬁﬂl Ao M
\])_bu4 \\)_adv 1 Tiao3 \\/ J|e3 A )_vb A /fang4\\/ dad \\)—vb \\/jlel_.\\/
7458 7811 | 11070 \
Il =27 [l L= \
| vb 8\\ nc
€1 (—= = \ e
L \L 1036
t I ¥al P \
FTER S RS AT i N e \
: wang4 : : : liao3 : \npot : : fang4 dad jiel nc
forget NEG-POT liberation avenue
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Statistically-Aided Approaches: WFST-Based Approach

e Personal names handled following (Chang et al., 1992):

(69)

p(name|FG1G3) = p(|fam|=1,|giv]| =2) X p(Fam = F) X
p(Givy = G1) X p(Givy = G3) X p(name)

e Foreign names in transliteration handled with a weighted finite-state
recognizer over characters commonly used to transliterate foreign
words.
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Statistically-Aided Approaches

Corpus-Based Methods

. WFST-Based Approach
0.0383 H  0.0365
0.0334 Hi 0.0267
00218 E  0.0205
0.0187 #J| 0.0178
0.0169 [  0.0151
0.0151 [@  0.0138
0.0134 JI  0.0134
0.0129 #E¥E  0.0125
00125 & 0.0111
0.0102 &  0.0102
0.0089 %  0.0089
0.0089 ¥§ 0.0076
0.0076 f@  0.0071
Applications Segmentation Methods
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Statistically-Aided Approaches: WFST-Based Approach

e Six human judges were asked to segment by hand a test corpus of
100 sentences (4,372 characters total).

e The human segmentations were compared with the algorithm just
sketched (judge “ST”), as well as:

1. A greedy algorithm (or ‘maximum matching’ algorithm) (judge
“GR”): proceed through the sentence, taking the longest match
with a dictionary entry at each point.

2. An anti-greedy algorithm, (judge “AG”): instead of the longest
match, take the shortest match at each point.

e Pairwise comparison between each of the human and automatic
judges, computing the precision and recall in each case, and then

computing the arithmetic mean between the two:
Precision + Recall

(70) Similarity = 5

Sproat Corpus-Based Methods Applications Segmentation Methods
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Statistically-Aided Approaches: WFST-Based Approach

Judges AG GR ST |M1 M2 M3 T1 T2 T3

AG 0.70 0.70 | 043 042 060 0.60 0.62 0.9
GR 099 | 062 064 079 082 081 0.72
ST 0.64 067 080 084 082 0.74
M1 0.77 069 0.71 0.69 0.70
M2 0.72 073 0.71 0.70
M3 0.89 0387 0.80
T1 0.88 0.82
T2 0.78

Table 13: Similarity matrix for segmentation judgments

Corpus-Based Methods

Applications
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Statistically-Aided Approaches: WFST-Based Approach
|
3 |+
o + antigreedy
s X greedy R
S 3 o current method
~ © O dict. only
c .
_% o | ] Talyvan .
c O ¢ Mainland g
S
5 2
>0
3 o
ol' | T T T T |
-0.3 -0.2 -0.1 0.0 0.1 0.2
Dimension 1 (62%)
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Transformation-Based Learning

Transformation-based Error-driven Learning (TBL), due to Brill (1993)
has been applied to Chinese word segmentation by Palmer (1997) and
Hockenmaier and Brew (1998).

e Start with a reference corpus (e.g. a segmented corpus of Chinese),
and an initial tagger.

The initial tagger can be simple: e.g. identify every character as a
separate word.

Corpus-Based Methods Applications Segmentation Methods
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Transformation-Based Learning

e Give the system an inventory of possible transformations. E.g.:
— Insert — place a new boundary between two characters
— Delete — remove an existing boundary between two characters

— Slide — move an existing boundary from its current location
between two characters to a location 1, 2, or 3 characters to the

left or right

e lterate, at each stage choosing a transformation that gives the greatest
local improvement according to some defined error function, until no
further improvement is obtained.
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Transformation-Based Learning
For example, if the current segmenter gives:
K £ Iz @ A
and the reference segmentation is

R = IZ Al
wo ai chi xigua
‘I like to eat watermelon’

the system might learn that it should delete a boundary between Fg and JIi
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Transformation-Based Learning

“Character as Word”: initial £'-measure? of 40.3, increased to 78.1
after learning 5,903 transformations.

Maximum matching: the initial /' score was 64.4, increased to 84.9
after acquiring 2,897 transformations.

: : : . 1 PR
aF' is defined in terms of precision P and recall R as follows: F' = (L+5)
BP+ R
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Gan et al’'s (1996) “Statistically Emergent Approach”

A simulated annealing approach

e Large pot of associations between words/characters linked into
conceptual network. Relations include: character ‘affinity’, affix
relation, classifier relation, demonstrative relation, agent relation,

... These have associated guanties, which is the number of codelets
posted to the coderack (dependent on the length of the sentence).

Corpus-Based Methods Applications Segmentation Methods
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Gan et al’'s (1996) “Statistically Emergent Approach”

e Each relation is associated with a codelet which builds a relation of
the specified type. Probability of selecting a codelet C'; at
temperature ¢ Is given as:

Pt(Cj) = Uj,tQj/Z(Ui,tQi)
=1

where U; ; Is the urgency of the jth codelet at temperature ¢, and @) ;
IS the quantity of the jth codelet, and n is the number of codelet

types.

e Strengths of competing structures are updated by a formula that
minimizes differences in strengths at high temperatures and
maximizes them at low temperatures:

S, = S(120 — ¢) /40
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Yao and Lua (1998) ‘Splitting-Merging’ model

1. Split C'into C} x, and C41 », using the minimum mutual information
between adjacent characters

2. Stop on C'y i or Ck1 ., If can be found in the dictionary.
3. Else do merging operation on C'y ; to form C ;_1C; j41C42 &
where C; ;11 has the highest mutual information; similarly for

Ck—l—l,n

4. If C; ;41 1s In the dictionary repeat process on Cy ;1 and C j41;
else repeat process on C'; g

Error rate on “outside” dataset with 8% OOV is 10.6% by sentence.
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Yao and Lua: Unknown Word Detection

e Use a probabilistic morphological model to detect new words,
training probability of a character being independent, word-final,
word-initial or word medial. E.g.:

P(independent|&) = 0.7893
P(head|Z) = 0.0275
P(tail|£) = 0.1789
P(middle|Z) = 0.0043

e Method includes heuristics to group reduplicated characters

Error rate on “outside” dataset drops to 1.2% by sentence.
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More on Unknown Words

e Wang, Li and Chang (1992) propose a method for dealing with

names based on titles (e.g. 554 xiansheng ‘Mr.’) and other key
words. They also use “adaptive dynamic word-formation”

Chen and Chen (2000) use a lexicon of known organizations along
with Chinese texts spidered from the WWW.

Process the lexicon to find common suffixes: e.g. ZLEHE = n'l
gingnian hui “Women’s Youth Assocation’

Texts from the WWW in particular topic domains are collected; high
frequency key words extracted following (Smadja, 1993).

Check key words for suffixes that match the organization suffixes
collected in the first phase. If the prefix of the name is not an ordinary
word and if the suffix is found with at least »n distinct prefixes in the
corpus, then the prefix-suffix combination is assumed to be a name.

Precision between 90% and 100%, for n = 2 or 3, respectively.
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More on Unknown Words: (Chang and Su, 1997)

e Initial segmentation.
— Start with dictionary augmented with all n-grams in a corpus up
to a given length that occur some specified minimum number of
times.

— Segment corpus using augmented dictionary with n-gram
probabilities from the corpus.

e Feed found words into “Likelihood Ratio Ranking Module” to
remove unlikely words:

— Compare estimate of the likelihood of the n-gram being in the
word class, versus the likelihood of its being in the non-word

class:
\ = L@W)p(W)
f(z|W)p(W)
(x = feature vector associated with a given n-gram; f(z|W) and

Sproat Corpus-Based Methods Applications Segmentation Methods
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f(z|W) are the density functions for z being in the word class,

versus the non-word class; p(W) and p(W') are of words and
non-words)

— Features used are n-way mutual information between characters,
and the average entropy (H = —X7_;p(x;) log(p(x;)))

— The density functions are modeled as mixtures of multivariate
Gaussian distributions.

e Repeat process with remaining words.

Yields approximately 80% recall and 70% precision for new
two-character words.
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Segmentation and Information Retrieval

What are the effects on IR of no segmentation, bad segmentation, better
segmentation ... ?

e Peng et al (2002) show that, broadly speaking, better segmentation
correlates with better precision and recall on TREC tasks.

e Chen (2001) argues more broadly that identifying noun phrases is
useful in IR.
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Tradeoff between Segmentation Performance and IR
Performance (from (Peng et al., 2002))

Relation of segmentation performance and retrieval performance on TRECS (ll’.d=1 0)

045
041 e
035

0.3F

025

(Peng et al., 2002) speculate that a weaker segmenter may tend to break
long words, which can be better for IR
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Linguistic Studies

e Properties of morphological constructions

e Suoxie

e Historical morphological change
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Properties of Morphological Constructions: (Huang,
1999)

e Character-based mutual information is a good indicator of wordhood.

e Mutual information also correlates with morphological type:

$a45 jlgong  ‘to bow’ 17.15
g chouch(  ‘to hesitate” 20.30
ik zhizhu ‘spider’ 18.25
THL  nihdong  ‘neon’ 15.66

Table 14: Monomorphemic words and their mutual information.
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Properties of Morphological Constructions

B mdgin ‘mother’  9.78
g jiaohui ‘to teach” 9.63
#ik  youydong ‘toswim’  11.77

Table 15: Non-versatile polymorphemic words and their mutual information.

g— diyl “first’ 5.11
gk mianzhi  ‘to dismiss’  3.29
Mgk changge ‘tosing’ 8.42

Table 16: Versatile polymorphemic words and their mutual information.

Corpus-Based Methods Applications Linguistic Studies
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Properties of Morphological Constructions
FHE  kanyl ‘look at fish’ -1.27

—% vyidi ‘one PREFIX’  -4.40
MEA xingrén “-ityhuman’  -1.44

Table 17: Phrases and non-words.
Non-Versatile

)11 kafei ‘coffee’  14.86
BH kdobéi  ‘copy’ 12.77
\ersatile

N flte ‘volt’ 4.99
S shéshi  ‘Celsius’ 9.43

Table 18: Some borrowed words, and their mutual information.
See http://www.research.att.com/~rws/exercises/huangmi-utf8.html
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Analysis of Suoxie: (Huang, Ahrens, and Chen, 1994;
Huang, Hong, and Chen, 1994)

e Why is JbZE X £ béijing daxué abbreviated to k% béida and not
A jingda?

e S/t gaoxiong ‘Kaohsiung’
— & gao (&% gaoxian ‘Kaohsiung County’)
— K xiong (EEH xidngzhong ‘Kaohsiung High School’)

e “Informativeness criterion” can’t explain this

e “Morphological blocking”: & A gaozhong ‘high school’ exists as a
word and so blocks its use in for ‘Kaohsiung High School’
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Analysis of Suoxie: (Huang, Ahrens, and Chen, 1994;
Huang, Hong, and Chen, 1994)

Huang et al propose a mutual-information based model. for a
two-character word A B, to form a suoxie compound with X from one
element of AB:

1. If Aand B are both associated with X (e.g., as measured on a corpus
with a 5-character window to the left of X) then pick A (the lefthand
member) to form AX. As in (Huang, 1999) a pair of characters are
assumed to be associated if the mutual information exceeds 2.

2. Otherwise pick the character that is least associated with X .
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Results on 20 Million Character AS Corpus

Full Suoxie M|(Cly%%) Ml(C2,%“é)
HI_(, Taoyuan HE% 4.39 3.32
E-ﬁﬁ Yilan E%&% 3.11 3.86
Eﬁ% Miaoli Eﬁ%—rfz 4.40 5.37
%’[t Changhua ﬁﬁ%ﬁ’ﬁ 4.48 2.13
EE%-** Yunlin g%ﬁ% 3.78 2.13
3538 Chiay = s 2.43
@ﬁﬂ Penghu @E}% 3.33 1.92
?E% Hualian ?EE}?} 0.95 4,08
%Z!:E Kaohsiung %%&% 133 3.21
E% Pingtong J;‘?:%Yfe 1.00 1.29
ﬁjt Taipei jt%}% 2.64 0.81
%ﬁT’j_ Hsinchu T{f% 0.67 0.66
zﬁ? ':P Taichung FP%;% 2.64 0.19
mi{ﬁ Nantou a{%%&% 0.58 0.29
ﬁﬁ Tainan ﬁﬁfﬁ 2.64 0.58
zﬁ?% Taitong %%}fé 2.64 1.29

Corpus-Based Methods

Applications

See http://www.research.att.com/~rws/exercises/suoxie-utf8.html
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Historical Morphological Change

e Feng (1997) claims that there was a dramatic increase in the number of
disyllabic compounds between Chinese of the pre-Han period and Han
Chinese. He compares the text of Zz Mengzi (Mencius, c. 372-289 BC)
and the text of his main Han commentator ## I Zhao Qi (c. 107-201 AD),
noting many cases where Zhao Qi uses two character words to gloss single
character words in Mengzi: e.g. ¥ guo ‘mistake’ glossed as g2 g% mitwu
‘mistake’. Feng argues that this commonly observed increase in the
disyllabicity of Chinese words was for prosodic reasons, related to
syllable-structure simplification and the minimal prosodic word.

e Is this a claim about types or tokens?

— Feng talks about tokens in the corpus of Mencius and Zhao Qi

— But the theoretical claim seems relate to the structure of the
vocabulary — hence types

We’ll assume it’s types.
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Was there an Increase in Disyllabicity?

See http://www.research.att.com/~rws/exercises/historical-utf8.html

e Compare disyllabic terms in texts from the pre-Han, Han and later
(Jin/Song/Ming) periods to see if there is a general increase of
disyllabic forms over time. (See the website for the list of the texts
from the Academia Sinica historical corpora.)

e How to estimate the number of disyllabic types:
— Use Good-Turing estimate: but you’d need a large sample to have
a robust estimate of P.
— Use an association measure to generate lists of highly associated
forms and compare the “yield” across different periods.

NB: either of these approaches need to be done on equivalent-sized
samples.
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Most Associated Terms Using Likelihood Ratios:
pre-Han Period

32287.75 2853 6668 6940 A T
17801.29 870 9004 1422 & 18
16298.28 931 1641 1444 g &
15275.01 2238 27105 5299 A~ HJ
+11096.48 983 1175 16421 ¥ H
10155.46 647 720 4406 #8 4%
984058 613 1156 1728 I T
+9817.85 1849 10888 16421 F+ H
9551.15 1485 27105 3885 | HE
9535.83 724 784 10888 == f
19202.19 982 1728 16421 F H
+9130.62 2900 22889 27105 i1 A
+8903.81 2101 46720 6762 2 Fh
8691.55 509 2433 604 B ¥
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Most Associated Terms Using Likelihood Ratios: Han

79890.48
+58603.83
21301.79
18157.66
16579.27
13692.44
13388.57
10802.83
10611.92
9936.40
8441.76
+8296.61
7808.62
7352.19

Corpus-Based Methods

5090
5078
1537
1592
738
1243
1097
661
816
582
549
862
503
362

Period
6666 5949
5949 18719
4148 2804
4456 5275
768 917
6822 2987
2587 4753
975 2307
3953 1773
740 2294
821 2968
1821 12363
541 5275
929 432
Applications

il &
=
i
AT
1 I
A K
S
B 2
XA
85T
7K 1H
E_.
BT
=
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Most Associated Terms Using Likelihood Ratios:

Jin-Song-Ming Period

19859.07
12242.32
11465.54
10329.42
8073.00
+7685.49
7576.58
6881.40
6782.76
5969.37
5723.30
5717.88
5497.58

Sproat Corpus-Based Methods

1577
839
827
542

1063
456
422
721
714
334
359

1036
395

4567 3651
1645 2778
3720 1524
624 1520
12537 3977
2109 624
835 943
3516 4831
3191 5365
427 1667
366 5365
10373 9137
1724 1305

Applications

B
=
N §
il 58
— &
H
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= 5
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Cilp:S
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Yield Across Periods

Period Number of Words | % Yield | % of Corpus
Pre-Han 318/500 64% 5%
Han 401/500 80% 6%
Jin-Song-Ming | 430/500 86% 5%

Sproat Corpus-Based Methods

Applications
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Inferring Word Classes: (Chang and Chen, 1995)

Find a class assignment ¢ for words that maximizes the probability
of a corpus. A bigram approximation of this would state that the
estimated probability of the text T of length L — p(7T") — is modeled
as the product over each word w; of the probability of w; given the
Inferred class ¢(w; ), along with the probability of ¢(w;) given the
previous ¢(w;_1):

p(T) = Hp(wilcb(wi))p(dﬁ(wz’)\aﬁ(’wi—l))

A sensible group: [, K38, ¢, 2k, 7, %, 24, 15, B, Bx5, &,
fi=, i, 38, @8 ...

An odd group: ALy, HRIE, AR, =K, B, K, &, L, TR 1T
B, B4, B ...
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What we've Covered

1. Introduction to Chinese Morphology:
(a) What are words in Chinese?
(b) What are some of the morphological operations of Chinese?
(c) Proposed segmentation standards.

2. Some statistical methods:
(a) Word frequency distributions.
(b) Measures of productivity.
(c) Measures of association.

3. Applications of statistical methods:
(a) Segmentation.
(b) Properties of some morphological constructions.
(c) Historical morphological change.
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Future Work: Some Examples

e Segmentation standards:

How to incorporate the reality that different tasks may require
different segmentations (cf. (Peng et al., 2002)).

Unknown words in segmentation:

Several good methods for dealing with known words. There are some
promising methods for detecting unknown words. Some work on
classification (e.g. in named entity extraction), but more is needed.

Historical morphology:

Linguistic discussions of the “monosyllabicity” of Ancient Chinese,
and the transition to polysyllabic words are often imprecise.
Historical corpora are now available (e.g. Academia Sinica historical
corpus), so it should be possible to improve these discussions.
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