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How many languages are there in the world?

As of 2009

Ethnolodue A At least a portion of the bible
had been translated into
2,508 different languages

A The Ethnologue detailed
classified list included 6,909
distinct languages.

A 393 languages have more
than 1M speakers.- L L
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Google Translation Supports 80 Languages

Google

Translate
English  Spanmigh French Detect language -~ "'., Chinese (Simplified) English 5Spanish -~
| Detect language Catalan Finnish Hmong Kaorean Mepali Somali Welsh

Afrikaans Cebuano French Hungarian Lao Morwegian Spanish Yiddish
Albanian Chinese Galician Icelandic Latin Persian Swahili Yoruba
Arabic Croatian Georgian Igbo Latvian Polish Swedish Zulu
Armenian Czech German Indonesian Lithuanian Portuguese Tamil
Azerbaijani Danish Greek Irish Macedonian Punjabi Telugu
Basque Dutch Gujarati Italian Malay Romanian Thai

Type text or a website address or translate a df i . ) )
Belarusian English Haitian Creole Japanese Malteze Russian Turkish
Bengali Esperanto Hausa Javanese Maori Serbian Ukrainian
Eosnian Estonian Hebrew Kannada Marathi Slovak Urdu
Bulgarian Filipino Hindi Khmer Mongolian Slovenian Vietnamese
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A Human-annotated gold standard data is necessary for
many NLP tasks:

" Word Segmentation

Morphological Analysis

POS Tagging

Parsing

Word Sense Disambiguation (WSD)
Semantic Role Labelling (SRL)
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Data Scarcity

To build sufficient corpora for all NLP task for all the
languages is an impossible mission.

Data Scarcity will be a problem for NLP forever.

R
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Human Annotation

Advantages Disadvantages

wHigh quality wlLabor intensive
wTime consuming
wEXpensive
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Crowdsourcing

Advantages Disadvantages

wLow cost wManagement
wShort development wLowConsistency
period wPossible low quality

wPublic engagement
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Unsupervised Learning

Advantages Disadvantages

wlLowcost wLow performance

wGood consistency wDoes not comply with
human intuition
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Machine-Assisted Annotation by Active Learning

Advantages Disadvantages

wHigh Quality wlLabor Intensive
wMore Efficient wTime Consuming
wEXpensive
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Adaptation

NLP Technology
N

Scenario A

T

Scenario B
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Adaptation

NLP Technology

Scenario A

Scenario B
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Adaptation

NLP Technology
AN

Scenario A Adaptation Scenario B

Resource Rich Resource Poor
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Adaptation

Adaptation is an efficient way to alleviate da
scarcity problem.

Adaptation has recently attracted incraag

attention.

However, it Is still insufficiently researched.
waia




Existing Adaptation Work

Domain Adaptation

I Machine Translation |ﬂt€ﬂSIV€|y
I Parsing Researched

I Word Segmentation
Cross -standard Adaptation

I Word Segmentation

I Parsing

Cross -lingual Adaptation Deve I O p | N g

i Parsing

i POS tagging

I Sentiment Analysis
Cross -modal Adaptation
Cross -cultural Adaptation
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Representative Work on Domain Adaptation -

A Domain Adaptation for Statistical Classifiers.
Hal Daum e'llll and Daniel Marcu. In JAIR 2006

A Reranking and Self-Training for Parser Adaptation.
David McClosky, Eugene Charniak, and Mark Johnson. In ACL 2006

A Dependency Parsing and Domain Adaptation with LR Models and Parser
Ensembles.
Kenji Sagae and J u n OTisugiihin CoNLL 2007

A Experiments in Domain Adaptation for Statistical Machine Translation.
Philipp Koehn and Josh Schroeder. In Second Workshop on Statistical
Machine Translation, 2007

A Domain Adaptation for Machine Translation by Mining Unseen Words.

Hal Daume Il and Jagadeesh Jagarlamudi. In ACL 2011 - CLEL
FEATGT G
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Representative Work on Cross-standard Adaptation

A Automatic annotation of the penn treebank with Ifg f-structure information.
Aoife Cahill, Mairead McCarthy, Josef van Genabith and Andy Way. In
Proceedings of the LREC Workshop, 2002

A Adaptive chinese word segmentation.
Jianfeng Gao, Andi Wu, Mu Li, Chang-Ning Huang, Honggiao Li, Xinsong
Xia, and Haowei Qin. In Proceedings of ACL, 2004

A CCGbank: a corpus of CCG derivations and dependency structures
extracted from the penn treebank.
Julia Hockenmaier and Mark Steedman. In Computational Linguistics, 2007
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Representative Work on Cross-lingual Adaptation

A Bootstrapping parsers via syntactic projection across parallel texts.
Rebecca Hwa, Philip Resnik, Amy Weinberg, Clara Cabezas, and Okan
Kolak. In Natural Language Engineering, 2005

A Parser adaptation and projection with quasi-synchronous grammar features.
David Smith and Jason Eisner. In Proceedings of EMNLP, 2009

A Unsupervised part-of-speech tagging with bilingual graph-based projections.
Dipanjan Das and Slav Petrov. In Proceedings of ACL, 2011

A Dependency grammar induction via bitext projection constraints.
Ganchev, Kuzman, Jennifer Gillenwater, and Ben Taskar. In Proceedings of
ACL, 2009
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COLING 2014 Adaptation Papers

1. Cross -lingual Coreference Resolution  of Pronouns
Michal Novak and Zdenek Zabokrtsky
2. Cross -lingual Discourse Relation Analysis  : A corpus study and a semi -supervised classification system
Junyi Jessy Li, Marine Carpuat and Ani Nenkova
3. Cross -Topic Authorship Attribution  : Will Out -Of-Topic Data Help?
Upendra Sapkota, Thamar Solorio, Manuel Montes, Steven Bethard and Paolo Rosso
4.  Rediscovering Annotation Projection  for Cross -Lingual Parser Induction
Jorg Tiedemann
5.  Soft Cross -lingual Syntax Projection  for Dependency Parsing
Zhenghua Li, Min Zhang and Wenliang Chen
6. Dynamically Integrating Cross -Domain Translation Memory into Phrase -Based Machine Translation during
Decoding
Kun Wang, Chengging Zong and Keh-Yih Su
7.  Enriching Wi ki pedi dadgsage Linksr By their Cross -language Transfer
Takashi Tsunakawa , Makoto Araya and Hiroyuki  Kaji
8.  Global methods for crosslingual semantic role and predicate labelling
Lonneke van der Plas, Marianna Apidianaki and chenhua chen P ﬂzf‘i

9. Predicting Machine Translation  Quality Estimation Across Domains !*T% AL &

José G. C. de Souza, Marco Turchi and Matteo Negri
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Our Contribution

Conditional Mapping /@ CrossstandardAdaptation

Decomposed Projection Crosslingual Adaptation
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Problem

CrossStandard Word Segmentation

Adaptation

CrossLingual Dependency Parsing
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Chinese Word Segmentation

A Input:

A Output:

R LA
ﬂﬁ&xﬂﬁé
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Chinese Word Seg. by Character Annotation

A Instead of directly inserting delimiters between words, we annotate
each character with a label indicating the position of the character in

a word:
U /B /E IS /B IM:/EAIS

A B: The first character in a word

A M: The middle character in a word
A E: The last character in a word

A S: The single character is a word

R LA
AR LB 5
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Chinese Word Seg. by Character Annotation

1. Calculate the probability of all the characters to be annotated as
each of the labels:

0(t |C,, s=C,C,6 C.),i=1, ét"{B,M,E,S})

2. AViterbi algorithm is used to find the best legal path and the
segmentation is generated.

argmax(t,é t.) product(i) p(t |C;, s=C,C,é C,)

@
C £




Chinese Word Seg. by Character Annotation

A So the segmentation problem is converted to
a character classification problem.

A Classification algorithms: ME, Perceptron, CRF &

A Features: current character: C,, predicted label: T,

I G To(n=62Z%0,1,2) currentcharacter

I GG To(n=b2X10,1) characterbi-gram

I G G T, neighborcharacters

I D(Q)T," if the currentcharacteris a digit

I A(G)T," if the currentcharacterisaLatinletter

I P(G&)T," if the currentcharacteris a punctuation =

R LA
AR LB 5
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Dependency Parsing

L ETA




Dep. Parsing by Maximum Spanning Tree

1.

32

between all the word pairs:

pw, A w;| s=w,we wy),i,j=1,re,

Calculate the probability of if there is a dependency relation

~

p-1 p p+1...r...c-1...c c+1

A Viterbi algorithm is used to find the best legal path and the

segmentation is generated.

argmax(any spanning tree T )

pruduct((i, )N T ) p(w; A w; | s=w,w,e W) !
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Dep. Parsing by Maximum Spanning Tree

A Thus the dependency parsing problem is converted to

a word pair classification problem
A Classification algorithms: ME, Perceptron é

A Features: | Pword, Ppos
Pword

Ppos
Cword, Cpos
Cword

Cpos

~ N

p-1 p p+1...r...c-1...c c+1

Pword, Ppos, Cword, Cpos
Ppos, Cword, Cpos
Pword, Cword, Cpos

Pword, Ppos, Cpos

Pword, Ppos, Cword
Pword, Cword

Ppos, Cpos

Pword, Bpos, Cpos

Ppos,Ppos#,Cpos-1, Cpos
Ppos-1, Ppos, Cposl, Cpos
Ppos, Ppos4, Cpos, CposH
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Conditional Mapping
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Cross-standard Adaptation
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Cross-standard Adaptation

Annotation StandardlL Annotation Standard?
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Cross-standard Adaptation

Annotation Standard 1 Annotation Standard 2
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Cross-standard Adaptation

Standard 1 " Classified
e ﬁ[ Normal Trammg]ﬁ (Standard 1)
Standard 2 " Classifie2
— ﬁ[ Normal Tralnlng]ﬁ (Standarc)
W
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Cross-standard Adaptation

Source Standard ﬁ Adaptive ﬁ Adapted Classifier
Taining (Source Standard)

L)

Target Standard
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Cross-standard Adaptation

Adapted Classifier

Source Standard ﬁ[ Adaptive ]

Text 1 Training (Standard 1)
-/ Target Standard

ABRAL G &
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Cross-standard Adaptation

. Conditional Mapping

Adapted Classifier

Source Standard | [ Adaptive ] |

Text 1 Training (Standard 1)
-/ Target Standard

ABRAL G &
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Conditional Mapping Classifier

input text normal target targetannotation >
classifier

input text

v eiENER ) targetannotation |

sourceannotation classifier

Ptarget annotation| context, source annotatiol
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Conditional Mapping Classifier

45

text of targetcorpus

NormalTrainin normal target
targetannotation g classifior

text of targetcorpus

targetannotation

Adaptive Training Cond't(':?;gi&?pp'”g

R LA
AR LB 5
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Conditional Mapping Classifier Training

46

Unfortunately, a parallel annotated
corpus with gold annotations does [ source corpus |
not exist

Build a noisy one automatically

target target
annofation text
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Conditional Mapping Classifier Training

47

Unfortunately, a parallel annotated
corpus with gold annotations will [ source corpus |

not exist 1 ]
normal training

Build a noisy one automatically

target target
annofation text
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Conditional Mapping Classifier Training

48

Unfortunately, a parallel annotated
corpus with gold annotations will [ source corpus |

not exist 1 ]
normal training

Build a noisy one automatically source classifier

target source
annotation annotation
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Conditional Mapping Classifier Training

A Unfortunately, a parallel annotated
corpus with gold annotations will [ source corpus |

not exist 1 ]
normal training

A Build a noisy one automatically source classifier

source
annotation

conditional mapping
classifier
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Problem

CrossStandard Word Segmentation
CrossLingual Dependency Parsing
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CFQS_S_-_S@DQ@!’ d Adaptation for Word Segmentation

A There are several annotation schemes for Chinese word segmentation,
corresponding to different corpora

Penn Chinese Treebank
UnlverS|tyof Pennsylvania

Smlczf
t $2LX $Qa 51 Ate AR PIdza YT
PekingUniversity aﬁ&m*m

52




Cross-standard Adaptation for Word Segmentation

A Cross-standard adaptation for word segmentation aims to transform
a word segmentation corpus from one annotation style to another

(2%, (Bla) (B3 &4) (Vs %6 t 8_2 LJt S
U.S. Vice President visited-China Dalily

!

[%1] [E'.Jz K3 %4] [ﬁi5j [i,b.ﬁj Penn
U.S. Vice-President visited China
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Previous Work

A Hand-crafted templates with error-driven learning (Gao et al., 2004)

i error-driven :
designingemplates learningfor template transformation

for transformation app||cat|on

model

Date

Affixation ,,//////////[\R\\\\“\\\\ PersonName
////////T\\\\\\\\ Year ///////\\\\\\\\

FamilyName GivenName
Prefix Stem Suffix

Dig Y Pre Y Dig M Pre M Dig D Pre D

Condition: ‘Affixation’ Condition: ‘Date’ Condition: ‘PersonName’
Actions: Insert a boundary Actions: Insert a boundary between Actions: Insert a boundary be-
between ‘Prefix’ and ‘Stem’.. ‘Year’ and ‘Mon’ .. tween ‘FamilyName’ and ‘Given-

Name’ ...



Previous Work

A Hand-crafted templates with error-driven learning (Gao et al., 2004)

i error-driven :
designingemplates learningfor template transformation

for transformation app||cat|on

model

Date

Affixation ,,//////////[\R\\\\“\\\\ PersonName
////////T\\\\\\\\ Year ///////\\\\\\\\

FamilyName GivenName
Prefix Stem Suffix

Dig Y Pre Y Dig M Pre M Dig D Pre D

Condition: ‘Affixation’ Condition: ‘Date’ Condition: ‘PersonName’
Actions: Insert a boundary Actions: Insert a boundary between Actions: Insert a boundary be-
between ‘Prefix’ and ‘Stem’.. ‘Year’ and ‘Mon’ .. tween ‘FamilyName’ and ‘Given-

Name’ ...



Our Solution i Traditional Classifier

it Traditional
fierrain casstier

text:

targetanno:




Our Solution i Conditional Mapping

=Sliect=llaler i source-to-target
targetanno. ) . conditional
text mappingclassifier

sourceanno. S
text:

targetanno:




Features

Templates

C2 Co=
C1 Ci1=¢
@ Q= Features follow (Ng & Low 2004
C Ci=
N-gram Q Q=
C2C1 C2C1= «
C1@» C1M=«
CL Ci=
o162 CC=
cica C1C1=¢
function  PU®) ALY
T(G2:2) T(C2:2)=4444 A
=a BRF GG
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Features

Co= Co=

C1 C1=« C1 C1=«

(@) Q= (@3] =

CL Ci= 6] Ci=
N-gram (6] C= N-gram Q C=

CaC1 C2C1= « CaC1 Ca2C1= «

C1@» C1(=¢ C1 C1(=¢

Q1 QCi= €:]0] Q1=

cac CiC= cac CC=

Ci1a C1C1=¢ CiCt C1Ci=¢
function  PU@) PU@)=true Function PU®@) FLEEIE

T(C2:2) T(C2:2)=4444 T(C2:2) T(C2:2)=4444
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Experiment Setup

‘‘‘‘‘‘‘‘‘

I

A Target corpus:
Penn Chinese Treebank 5.0 (1) (Bla  Bs  Dia) Urs) (%Be)
U.S. Vice-President visited China

A Source corpus:
Peopl eobs

(2%,) (R2) (B3 &4) (s 6
U.S. Vice President visited-China

A Classifier:
Averaged perceptron -

e,
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Baseline Models

100 TestonCTB
Teston PD

TestonCTB

95 -

90 -
eston PD

85 -

80 -

Train on CTB Train on PD FORIE
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Annotation Adaptation for Word Segmentation

98 -5
97.8 4
97.6 3
w Accuracy (F%)
97.4 "2 Decoding Time (s
97.2 1
97 0

Baseline Model 1 Model 2 Model 3




Our Work vs. Non-adaptation Work

Representatlve
(Jianget al., 2008 Cascaded Local + Notlocal
(Zhangand Clark,

2010 Single Local + Nottocal No
(Sun, 2011) Cascaded Local+ Nonrlocal No
OurWork Single Local Yes
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Our Work vs. Non-adaptation Work

64

98.5 -
98.3 -
98.1 -
97.9 -
97.7 -

97.5 -

wF1%

(Jiang et al(Kruengkra(Zhang andSun, 201{L)PD-->CTE
2008) et al., 2009CIark, 2010) J
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Performance wrt #sentence
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