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How many languages are there in the world? - -

As of 2009

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

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

- 393 languages have more
than 1M speakers.- UL
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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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- 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)

R LA
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Data Scarcity

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

Data Scarcity will be a problem for NLP forever.

R
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Human Annotation

Advantages Disadvantages

e High quality e Labor intensive
e Time consuming
e Expensive
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Crowdsourcing

Advantages Disadvantages

e L ow cost e Management
e Short development e Low Consistency
period e Possible low quality

e Public engagement

L ETA
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Unsupervised Learning

Advantages Disadvantages

e Low cost e Low performance

e Good consistency e Does not comply with
human intuition

R
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Machine-Assisted Annotation by Active Learning

Advantages Disadvantages

e High Quality e Labor Intensive
e More Efficient e Time Consuming
e Expensive

&
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Adaptation

NLP Technology

T T

Scenario A Scenario B
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Adaptation

NLP Technology

Scenario A Scenario B

1) 1)
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Resource Rich Resource Poor
LR LA
ABRAL G &

15 | |




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 data
scarcity problem.

Adaptation has recently attracted increasing

attention.

However, it is still insufficiently researched.
Wi,




Existing Adaptation \Work

Domain Adaptation

— Machine Translation I nte n S IVE Iy
- Parsing Researched

— Word Segmentation
Cross-standard Adaptation

— Word Segmentation

— Parsing

Cross-lingual Adaptation Deve I Oplng

— Parsing

— POS tagging
— Sentiment Analysis

Cross-modal Adaptation E me rgl N g

Cross-cultural Adaptation
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Representative Work on Domain Adaptation

- Domain Adaptation for Statistical Classifiers.
Hal Daum e Ill and Daniel Marcu. In JAIR 2006

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

- Dependency Parsing and Domain Adaptation with LR Models and Parser
Ensembiles.
Kenji Sagae and Jun’ichi Tsujii. In CoNLL 2007

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

- Domain Adaptation for Machine Translation by Mining Unseen Words.

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

- 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

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

« CCGbank: a corpus of CCG derivations and dependency structures
extracted from the penn treebank.
Julia Hockenmaier and Mark Steedman. In Computational Linguistics, 2007

- R
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Representative Work on Cross-lingual Adaptation

- Bootstrapping parsers via syntactic projection across parallel texts.
Rebecca Hwa, Philip Resnik, Amy Weinberg, Clara Cabezas, and Okan
Kolak. In Natural Language Engineering, 20056

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

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

« 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, Chengqing Zong and Keh-Yih Su
7. Enriching Wikipedia’s Intra-language Links 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 ¥ 6 # i ¢
£9Y

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 /@l Cross-standard Adaptation

Decomposed Projection 8 Cross-lingual Adaptation
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Problem

Cross-Standard Word Segmentation

Adaptation

Cross-Lingual Dependency Parsing
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Chinese Word Segmentation

Output:

> SR EM=1.

L ETA




Chinese Word Seg. by Character Annotation

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

> % [B KR/E &[S B/BHWI/M =/E. /S
= B: The first character in a word

= M: The middle character in a word

= E:The last character in a word

= S: The single character is a word

> WA




Chinese Word Seg. by Character Annotation

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

p(t|C, s=C,C,...C,), i =1,...,n, t, {B,M,E,S}

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

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

> WA




Chinese Word Seg. by Character Annotation

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

- Classification algorithms: ME, Perceptron, CRF,

- Features: current character: C,, predicted label: T,
— C,T)(n=-2,-1,0,1, 2): current character
- CC,,;To(n=-2,-1,0,1): character bi-gram
— C_,C,; T,: neighbor characters
— D(C,)T, : if the current character is a digit
— A(C,)T, : if the current character is a Latin letter

— P(C,)T, : if the current character is a punctuation -

R LA
AR LB 5
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Dependency Parsing

R LA
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Dep. Parsing by Maximum Spanning Tree

32

between all the word pairs:

p(w;2w;| ssw,w,...w,), i, j=1,...,n

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((ij )eT ) p(w; 2w;| s=w,w,...w,)) !
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Dep. Parsing by Maximum Spanning Tree

- Thus the dependency parsing problem is converted to
a word pair classification problem

- Classification algorithms: ME, Perceptron ,

- 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+1,Cpos-1, Cpos
Ppos-1, Ppos, Cpos-1, Cpos
Ppos, Ppos+1, Cpos, Cpos+1
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AR LB 5




Outline

Introduction

Cross-Standard Adaptation
Cross-Lingual Adaptation

Experiments on Irish Processing

Conclusion

&
34 - - LA




Outline

Introduction

Cross-Standard Adaptation Conditional Mapping

Cross-Lingual Adaptation Word Segmentation

Dependency Parsing

Experiments on Irish Processing

Conclusion

.05
35 ki

a4 4 2




Conditional Mapping

for Gross-standard Adaptation
B
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Cross-standard Adaptation
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Cross-standard Adaptation

Annotation Standard 1 Annotation Standard 2

e - =F - . :
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Cross-standard Adaptation

Annotation Standard 2

T = = 0 - PR == o - i
- x
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Cross-standard Adaptation

Standard 1 Classifier 1
Normal Training
= | = K

Standard 2 o Classifier 2

Z £
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Cross-standard Adaptation

Adapted Classifier

(Source Standard)

Source Standard Adaptive
i’[ Training__ )

Target Standard

Text 2

@
0 &
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Cross-standard Adaptation

Adapted Classifier

Source Standard i [ Adaptive ]ﬁ

Textl Training (Standard 1)
-/ Target Standard

ABRAL G &
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Cross-standard Adaptation

: Conditional Mapping

Adapted Classifier

Source Standard i [ Adaptive ]‘

Text 1 Training (Standard 1)
-/ Target Standard

ABRAL G &
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Conditional Mapping Classifier

input text normal target target annotation
classifier

input text

conditional mapping IREIEIIISELIV I

source annotation classifier

P(target annotation | context, source annotation)

4 S




Conditional Mapping Classifier

text of target corpus

N | Traini normal target
target annotation ormat fraining classifier

text of ta rget Corpus

conditional mapping
classifier

target annotation Adaptive Training

- R




Conditional Mapping Classifier Training

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

Build a noisy one automatically

target target
annotation text

.
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Conditional Mapping Classifier Training

47

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

normal training

Build a noisy one automatically

target target
annotation text
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Conditional Mapping Classifier Training

48

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

normal training

Build a noisy one automatically source classifier

target source
annotation annotation

R LA
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Conditional Mapping Classifier Training

- Unfortunately, a parallel annotated
corpus with gold annotations will [ source corpus |
not exist ]

normal training

- Build a noisy one automatically source classifier

(
! target source
¥ annotation annotation

conditional mapping
classifier
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Problem

Cross-Standard Word Segmentation
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B
: 51 . " ik . R e ..- Lo T s I e e ﬂ ‘E




Cr,Q_S_Sf_Sf[?Ddardg Adaptation for Word Segmentat on

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

Penn Chinese Treebank
Un:vers:ty of Pennsylvania

Sinica Corpus

People’s Daily Corpus Academia-Sinica TY ST

50 Peking University «%ﬁ&xﬂ‘ié




Cross-standard Adaptation for Word Segmentation

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

(2=, (Bla) (B3 884) (Vis e Peopfles
U.S. Vice President visited-China Daily

!

(2%, ) (Bl B3 S84 (Vis) (HB6) Penn
U.S. Vice-President visited China

.05
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Previous Work

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

error-driven

designing templates learning for template

for transformation

application
Date
////////T\\\\\\\\ Year Mon Day
Prefix  Stem Suffix ///\\\ ///\\\
Dig Y Pre Y Dig M Pre M Dig D Pre_ D
Condition: ‘Affixation’ Condition: ‘Date’
Actions: Insert a boundary Actions: Insert a boundary between
between ‘Prefix’ and ‘Stem’.. ‘Year’ and ‘Mon’ ..

transformation
model

PersonName

N

FamilyName GivenName

Condition: ‘PersonName’

Actions: Insert a boundary be-
tween ‘FamilyName’ and ‘Given-
Name’ ...



Previous Work

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

error-driven :
learning for template transr;oorgé?tlon

application

designing templates
for transformation

Date

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

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 — Traditional Classifier

traditional Traditional
classifier training classifier

text:

target anno:




Our Solution — Conditional Mapping

SIelgeeElalaleE o source-to-target
target anno. _ s conditional
mapping classifier

source anno.

text:

target anno:




Features

Templates | Instances ____

C-2 C-2=3%

C1 C-1=H

Co Co=/ Features follow (Ng & Low 2004]

C1 C1=4t
n-gram C2 C2=1j

C-2C1 C-2C-1=3EHll

C-1Co C-1Co=H| /=

CoC1 CoC1=4.5¢

C1C2 C1C2=4VJj

C-1C1 C-1C1=Hl| 4t
function Pu(Co) Pu(Co)=true

L ETA

T(C-2:2) T(C-2:2)=4444 =
AERFUGL G
58 ' :




Features

Templates | Instances ____

n-gram

function

C-2
C1
Co
C1

C-2=3%
C-1=Fl
Co=Jz
C1=4
C2=1jj
C-2C-1=3EH|
C-1Co=H| /=
CoC1=Jict 4¢
C1C2=4 Vi
C-1C1=H 4t
Pu(Co)=true

T(C-2:2)=4444

n-gram

Function

C-2
C1
Co
C1

Templates | Instances ____

C-2=3&
C-1=Hll
Co=Jz.
C1=4;
C2=v)j
C-2C-1=3EH|
C-1Co=F| &
CoC1=/ 5%
C1C2=4V)j
C-1C1=8%t
Pu(Co)=true
T(C-2:2)=4444



Experiment Setup

Target corpus:
Penn Chinese Treebank 5.0 ® (25,) (@ls s i) (Vis) (Be)

U.S. Vice-President visited China

Source corpus:

People’s Daily
(2%,) (R2) (B3 &4) (s 6
U.S. Vice President visited-China
Classifier:
Averaged perceptron Y T




Baseline Models

100 -

95

90

85

80

Test on CTB

est on PD

Test on PD

Test on CTB

Train on CTB

Train on PD




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
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Our Work vs. Non-adaptation \Work

Representatlve
mm

(Jiang et al., 2008) Cascaded Local + Non-local

(Zhang and Clark,

2010) Single Local + Non-local No
(Sun, 2011) Cascaded Local + Non-local No
Our Work Single Local Yes

&
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Our Work vs. Non-adaptation \Work

98.5 - ( )

98.3 -
98.1 -
97.9 - wF1%
97.7 -
97.5 -

(Jiang et al., (Kruengkrai (Zhang and (Sun, 2011} PD-->CTB
2008) etal., 2009)Clark, 2010) . J

@ &
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Performance wrt #sentence

9
& -
>
(&)
E -
3
(&)
Q
< -
o2 -
o r Target corpus only ---+--- 7
Annotation Adaptation ——
90 | | 1 |
1000 2000 4000 8000 16000 I g i f ‘i th 4
65 Scale of target corpus (# of sentences) A .




Our Work vs. Previous Adaptation Work

(Gao et al., 2004) Rule-based + statistical Semi-automatic

Our Work Statistical Automatic

.05
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Publications

67

Wenbin Jiang, Liang Huang, and Qun Liu. 2009. JAutomatic Adaptation of

Annotation Standards: Chinese Word Segmentation and POS Tagging -- A
Case Study. [JIn Proceedings of ACL-IJCNLP 2009, Singapore, August.

Wenbin Jiang, Yajuan LU, Liang Huang and Qun Liu. 2014. [JAutomatic
Adaptation of Annotations. [1To appear in Computational Linguistics.
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Problem

Cross-Standard Word Segmentation
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Cross-standard Adaptation for Dependency Parsing’

There are also several popular grammatical theories for Chinese
dependency parsing

@ @ Semantic Dependency Treebank

Chinese Penn Treebank Tsinghua Treebank  Harbin Institute of Technology
University of Pennsylvania  Tsinghua University LT
AERLGBL G
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Cross-standard Adaptation for Dependency Parsing

Cross-standard adaptation for dependency parsing aims to
transform a treebank from one annotation style to another

VT N
R 9?735( %4 s Penn

!

VAR HIT

HE W A TR R DR
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Previous Work

. Hand-crafted rules for tree transformation
(Cahill et al., 2002; Hockenmaier and Steedman, 2007)

designing rules for :
[ tree transformation tree transformation

/S'A\ dom(a,B), dom(a,c), & SIPsSI\NP, = NP\NP
np:B  vp:C dom(C,D), .. “workers [exposed to it]”
| | => pre(B,C), b. S[adj]\NP, = NP,\NP,
John v:D cat(A,s), cat(C,vp), “a forum [likely to bring attention to the problem]”
| cat(D,v), .. c. S[ng]\NP, = NP,\NP,
left “signboards [advertising imported cigarettes]”

dom(X,Y), dom(X,Z), pre(Y,2) d. S[ngl\NP; = (S\NP))\(S\NP)
cat(x:s): cat(y:np;' cat(é,v;,) “become chairman, [succeeding Ian Butler]”
==> e. S[dcl]/NP; = NP;,\NP,

subj(X,Y), eq(X,Z) “the millions of dollars [it generates]”



Previous Work

. Hand-crafted rules for tree transformation
(Cahill et al., 2002; Hockenmaier and Steedman, 2007)

designing rules for :
[ tree transformation tree transformation

/S'A\ dom(a,B), dom(a,c), & SIPsSI\NP, = NP\NP
np:B  vp:C dom(C,D), .. “workers [exposed to it]”
| | => pre(B,C), b. S[adj]\NP, = NP,\NP,
John v:D cat(A,s), cat(C,vp), “a forum [likely to bring attention to the problem]”
| cat(D,v), .. c. S[ng]\NP, = NP,\NP,
left “signboards [advertising imported cigarettes]”

dom(X,Y), dom(X,Z), pre(Y,2) d. S[ngl\NP; = (S\NP))\(S\NP)
cat(x:s): cat(y:np;' cat(é,v;,) “become chairman, [succeeding Ian Butler]”
==> e. S[dcl]/NP; = NP;,\NP,

subj(X,Y), eq(X,Z) “the millions of dollars [it generates]”




Our Solution — Traditional Classifier

t
tr.a.dltlon?ﬂ. traditional classifier
classifier training

text: FE XN AN R SR 'R

target anno:




Our Solution

SIelgeeElalaleE o source-to-target
target anno. _ s conditional
mapping classifier

source anno.

text: FE XN AN R SR 'R

target anno:




Conditional Mapping Classifier

il S TR ST R

P(W;->W; | context(i,j) )

-~
o £




Conditional Mapping Classifier

SN~

h 1 )jzgﬁ

W. W.

| J

P(W;->W; | context(i,j), a(i,j)=up-down-down)

e
2 £




Features — Traditional Classifier Training

' mm

= WiPi WiPi=X]-P PiPi+1Pj-1Pj PiPi+1Pj-1Pj=P-NN-BEG-NR
Wi Wi=Xf Pi-1PiPj-1Pj Pi-1PiPj-1Pj=NR-P-BEG-NR
unigra m Pi Pi=P PiPi+1PjPj+1 PiPi+1PjPj+1=P-NN-NR-P
WjPj WjPj=H [E]-NR Pi-1PiPjPj+1 Pi-1PiPjPj+1=NR-P-NR-P
Wj Wij=H Pi-1PiPj-1 Pi-1PiPj-1=NR-P-BEG
Pj Pj=NR Pi-1PiPj+1 Pi-1PiPj+1=NR-P-P
WiPiW;Pj WiPiW;Pj=X]-P-H1 [E-NR PiPi+1Pj-1 PiPi+1Pj-1=P-NN-BEG
WiW;P; WiW;Pi=%i-H [E-NR context  ppi.ipjs PiPi+1Pj+1=NR-P-P
PiW;P; PiW;Pj=P-1 [E-NR Pi-1Pj-1Pj Pi-1Pj-1Pj=NR-BEG-NR
bi WiPiW;j WiPiW,=Xf-P-1 Pi-1PjPj+1 Pi-1PjPj+1=NR-NR-P
Igram WiPiP;j WiPiPj=%J-P-NR Pi+1Pj-1Pj Pi+1Pj-1Pji=NN-BEG-NR
WiW;j WiWj=Xf -1 Pi+1PjPj+1 Pi+1PjPj+1=NN-NR-P
WiPj WiPj=%}-NR PiPj-1P;j PiPj-1Pj=P-BEG-NR
PiWj PiWj=P-H1 PiPjPj+1 PiPjPj+1=P-NR-P
PiPj PiPj=P-NR Pi-1PiP;j Pi-1PiPj=NR-P-NR

PiPi+1Pj PiPi+1Pj=P-NN-NR .



Features — Conditional Mapping Tralnlng

' mm

= WiPi WiPi=X]-P PiPi+1Pj-1Pj PiPi+1Pj-1Pj=P-NN-BEG-NR
Wi Wi=Xf Pi-1PiPj-1Pj Pi-1PiPj-1Pj=NR-P-BEG-NR
unigra m Pi Pi=P PiPi+1PjPj+1 PiPi+1PjPj+1=P-NN-NR-P
WjPj WjPj=H [E]-NR Pi-1PiPjPj+1 Pi-1PiPjPj+1=NR-P-NR-P
Wj Wij=H Pi-1PiPj-1 Pi-1PiPj-1=NR-P-BEG
Pj Pj=NR Pi-1PiPj+1 Pi-1PiPj+1=NR-P-P
WiPiW;Pj WiPiW;Pj=X]-P-H1 [E-NR PiPi+1Pj-1 PiPi+1Pj-1=P-NN-BEG
WiW;P; WiW;Pi=%i-H [E-NR context  ppi.ipjs PiPi+1Pj+1=NR-P-P
PiW;P; PiW;Pj=P-1 [E-NR Pi-1Pj-1Pj Pi-1Pj-1Pj=NR-BEG-NR
bi WiPiW;j WiPiW,=Xf-P-1 Pi-1PjPj+1 Pi-1PjPj+1=NR-NR-P
Igram WiPiP;j WiPiPj=%J-P-NR Pi+1Pj-1Pj Pi+1Pj-1Pji=NN-BEG-NR
WiW;j WiWj=Xf -1 Pi+1PjPj+1 Pi+1PjPj+1=NN-NR-P
WiPj WiPj=%}-NR PiPj-1P;j PiPj-1Pj=P-BEG-NR
PiWj PiWj=P-H1 PiPjPj+1 PiPjPj+1=P-NR-P

PiP;j PiPj=P-NR Pi-1PiPj Pi-1PiPj=NR-P-NR
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Experiment Setup

- Target corpus:

80

Semantic Dependency Treebank

TN,

ROOT #E X 4 Fl H& FAR

Source corpus:
Penn Chinese Treebank 5.0

Classification:

A
Averaged perceptron ROOT il X A TR AB %k
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Baseline Models

100 -
80 - Test on SDT

Test on DCTB

60 - Test on DCTB

Test on SDT

20 -

Train on SDT Train on DCTB




Cross-standard Adaptation for Dependency Parsing

80 - - 20
79 - - 15
78 - - 10 W Accuracy (F%)
M Decoding Time (s)

77 5

76 0

Baseline Model 1 Model 2 Model 3
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Our Work vs. Non-adaptation \Work

m_

Zhijun Wu-1  Single local + non-local

Zhou Qiaoli-3 Single local + non-local No
HJU-Parser-1 Cascaded character, non-local, multilevel label No
Our Work Single local Yes
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Our Work vs. Previous Work

uP%

TR
HBRLEY




Performance wrt #sentence

Accuracy (P%)

71 Target corpus only ---+--- -
Annotation Adaptation —_—
70 a 1 1 1
500 1000 2000 4000 8000 ¥ & & i &
3 Scale of target corpus (# of sentences) ALAh LT &
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Our Work vs. Previous Adaptation Work

Representative Automatic/Man
Previous Work ual

(Cahill et al. 2002) Manual Rule-based Transfer
(Hockenmaier and

Steedman 2007) Manual Rule-based Transfer
Our Work Automatic Statistical

- B
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Publications

- Wenbin Jiang, Yajuan LU, Liang Huang and Qun Liu. 2014. [JAutomatic
Adaptation of Annotations. [1To appear in Computational Linguistics.
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Outline

Introduction

Cross-Standard Adaptation
Cross-Lingual Adaptation

Experiments on Irish Processing

Conclusion
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Outline

Introduction

Cross-Standard Adaptation

Cross-Lingual Adaptation { Decomposed Projection

Experiments on Irish Processing Word Segmentation

Conclusion [ Dependency Parsing
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Decomposed Projection

for Cross-lingual Adaptation
e




Cross-lingual Adaptation

English

Data




Cross-lingual Adaptation

English
Data Irish data




Cross-lingual Adaptation

English
Data Irish data

Ve : : | |
v.‘ English Processor Irish Processor —~




Cross-lingual Adaptation

English
Irish data

DD
) English Processor =) [rish Processor '\/




Language Adaptation

Normal Training

NLP Processor for
Source Language

1

[ Normal Training ]

Corpus for
Source Language

S) = = R = —— - - - — - ﬁi E
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Language Adaptation

Cross-lingual Adaptation Training

NLP Processor for Adaptive NLPIT?r%SeC;c?gr for
Source Language Training Target Language

[ Normal Training ]

Bridge

Corpus for
Source Language

- R
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Language Adaptation

Cross-lingual Adaptation Training

NLP Processor for Adaptive NLPIT?rrch?ec;fgr for
source language Training Target Language

[ Normal Training ]

Parallel Corpus
Bridge Bilingual Dictionary
Transfer Rules

Corpus for
Source Language

@
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Direct Projection




Direct Projection

>

e
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Direct Projection




Decomposed Projection




Decomposed Projection

Element
projection




Decomposed Projection

Element
projection




Decomposed Projection

source corpus target corpus

Input:
source corpus and target corpus correspond to
source and target languages

AER&




Decomposed Projection

source corpus target corpus

| | 1 | ]
word alignment

/ processed / / word-aligned /
source corpus bilingual corpus

Step 1:

- process the source corpus with the existing
NLP processor

- perform word alignment between source and
target corpora

B
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Decomposed Projection

source corpus target corpus

| | ¥

processor word alignment

/ processed / / word-aligned /
source coipus b?ngual corpus

element projection

Step 2:
/ - stance extraction / extract atomic instances, e.g. character
classification instances for word segmentation,

and word-pair dependency instances for
dependency parsing

.05
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Decomposed Projection

source corpus target corpus

| | ¥

processer word alignment

/ processed / / word-aligned /
source coipus b?ngual corpus

element projection

Step 3:
[ instance extraction | train a classifier which is the final projected
| processer

classifier training

107 ABRAL G &
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Outline

Introduction

Cross-Standard Adaptation

Cross-Lingual Adaptation { Decomposed Projection

Experiments on Irish Processing Word Segmentation

Conclusion [ Dependency Parsing
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Problem

Cross-Standard Word Segmentation

Adaptation

Cross-Lingual Dependency Parsing

L ELA
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Cross-lingual Adaptation for Word Segmentation _

. English is naturally segmented

Can we use word boundary

information from English text manually
to learn a Chinese segmentation annotated
algorithm, by using an bitext — P
English-Chinese bilingual corpus sl

as a bridge? English

—
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Cross-lingual Adaptation for Word Segmentation

Cross-lingual adaptation for word segmentation aims to learn or
improve a word segmenter resorting to bitext aligned to a language

with natural word boundaries (or segmented)

x ‘@l 2 % 5 1 ﬁ x BlI2% 175 &
Ly | 7 1 I DT S S
NPN ,/”f I I NN‘ \\ \
1 70 I ¢S~ N
LS S N S
SN, I I S, ~ N

Vice-President of U.S. Visited China Vice- Pre5|dent of U.S. Visited China
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Cross-lingual Adaptation for Word Segmentation

- ltis not always possible to project an English sentence to a Chinese
word segmentation because of the noisy word alignments:

£ 8 B % W % ﬁ ?
~~<7 v N1

r~ v 1S 1

1 el) AN
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Previous Work

Bilingually optimized word segmentation by word packing
(Ma and Way, 2007)

original . . better
Chinese-segmented Iterative Chinese-segmented
word packing )
bilingual corpus bilingual corpus

EXE
V word packing L
. ore e | vee ere
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Previous Work

Bilingually optimized word segmentation by word packing
(Ma and Way, 2007)

original . . better
Chinese-segmented Iterative Chinese-segmented
word packing )
bilingual corpus bilingual corpus

X E
V word packing L
° e re eeoe l LN e re
Structure Projection T
AEREGET A
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Our Solution

character-word aligned __element element
Chinese-English classification instance classification
bilingual corpus extraction Instance set

Vice-President of U.S. Visited China

character-word aligned bitext character classification instances
- IR




Our Solution

character-word aligned __element element
Chinese-English classification instance classification
bilingual corpus extraction Instance set

Vice-President of U.S. Visited China

character-word aligned bitext character classification mstances
- BREELEER

Decomposed Prolectlon el T4



Instance Extraction Criterion

- Only when:
— A English word is aligned to several adjacent Chinese characters
— None of these Chinese characters is aligned to other English word

- Then these Chinese characters can be extracted as training
instances for the training of Chinese word segmentation

X 5 B 4 35 ﬂ Only 3€ and k& can be

~_ 1 ) > N T 1
~r~~ ,\"’ I \\ I extracted as instances
1 SO\ I \ ]
L-" ™o I J

Vice-President of U.IS. Visited China

@
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Decomposed Projection for Word Segmentation

Structure Word Sequence Vice-President of U.S.=>%& BE|& %

Character + Boundary |  Vice-President of U.S.=>3% Bl & 4t

EJEmE: Annotation S B M E

@
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Experiment

Training Data:
Bilingual corpus: FBIS Chinese-English Corpus
— # of Chinese words: 6.9M
— # of English words: 8.9M

— # of sentence pairs: 239K

> M
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Our Work vs. Unsupervised Work
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Comparison with Previous Adaptation Work

Representative Language Similarity | Alignment Error
Previous Work Requirement Tolerance

Structure

M W

(Ma and Way, 2007) Projection Low Low

Our Work Dec.om!oosed Low High
Projection

@
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Outline

Introduction

Cross-Standard Adaptation

Cross-Lingual Adaptation { Decomposed Projection

Dependency Parsing

Experiments on Irish Processing [ Word Segmentation
Conclusion [
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Problem

Cross-Standard Word Segmentation
Cross-Lingual Dependency Parsing

L ELA
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Cross-lingual Adaptation for Dependency Parsing

- English parsing achieves good performance

For many languages, there is no manually

annotated corpus, or the size manually

is very small, however usually annotated
treebank

there are comparatively large-sized Bitaxt Bt
bilingual corpora with English with
English

—
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Cross-lingual Adaptation for Dependency Parsing _

Cross-lingual adaptation for dependency parsing aims to learn or
improve a dependency parser resorting to bitext aligned to a
language with better parsers

China ‘s opening-up progresses greatly

\ SN \ /-\
~ \
\ ~ \ W\N

HE W A TR R éwﬁnh@ %4 TR RS R
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Cross-lingual Adaptation for Dependency Parsing

- Itis not always possible to project an English dependency tree to a
Chinese dependency tree because of the noisy word alignment

China ‘s opening-up progresses greatly
1 A D \ 1

‘v/ \ s, \ \
HE X 4 TR RS AR ?
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126 T | AIRERE




Previous Work

- Direct projection of dependency structures (Hwa et al., 2005)

| got a gift for my brother
|

=

English dependencies
English sentence
Alignment

Foreign language sentence

Projected dependencies

bilingual corpus
-1l

/\Engh sh\“\Non-]%?é'/\/i

-

A ar " Projected Non—E}E;\
\ - Dependency Treebanl
English Word B Train
Dependency Alignment
Parser Model —
N Dependen AN
ependency Non-Eng
r—— T .~ —° Parser /
. Projection | \\g@ntenc§§/_ /
S i o
' Transformation PSS -
,,,,,,,,,,,,,, : / dependency treeh
. Filterin I fi t
L SHemRe L inewsenisnces >




Previous Work

. Optimized projection for dependency with quasi-synchronous
grammar (Smith and Eisner, 2009)

(a) parent-child (b) child-parent (c) same node
seche -~ see schwimmt likes Voelkerrecht ------ law
ich I gern ‘ swimming international
(d) siblings (e) grandparent-grandchild () c-command
bekommen answer Wahlkampf - campaign sagte bought
auf Antwort .' to von 2003 Was. dass What



Previous Work

. Optimized projection for POS with graph propagation (Das and
Petrov, 2011)

NOUN NOUN
[ enactment ] [ imprisonment ]

I -7

! [suo incarceramento , ] ,'

1
1

[ al fidanzato e ]
] \
[ suoiter, ]

[ suo fidanzato , ]

[ il fidanzato , ]
\

[ chara,cter] . \
NOUN [ del fidanzato , ]

[ suo carattere | ]
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- A collection of universal dependency treebank covering 6 languages

(McDonald et al., 2013)

Automatic Conversion

: universal
/ a set of treebanks Manual Annotation / treebank /
Harmonization

#@ﬂi&
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Our Solution

character-word aligned __element element
Chinese-English classification instance classification
bilingual corpus extraction Instance set

+ FFE->FH ..
+ RG> T ...
China ‘s opening-up progresses greatly + RG> ER ...
- FFR>ER ...
- P E > S ...

FE X A R ST ER

word-word aligned bitext




Structure Mapping vs. Decomposed Projection

VT

Structure | Dependency Tree FE N A T kg EER
o é"v
Elements Word Pairs with ﬁ}iéﬁ %572& EP ﬁ}?,éﬁ XT ﬂ:fﬁ(

Edges

PR sR 2R Lok
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Instance Extraction Criterion

~« Only when:
— A dependency exists between two English words E1 and E2;
— There are one-to-one alignment between E1$<—>C1 and E2<—>C2;
« Then
— we can extract C1 and C2 as a instance for Chinese parser training

2HHE>HE-
China ‘s opening-up progresses greatly +}3fééﬁ%3:|:ﬁjl
' A S \ 1 + RG> ER ...
VN RO U - FERD>EA ..
hE X 4N TP RS R AR
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Experiment

Training Data:
Bilingual corpus: FBIS Chinese-English Corpus
— # of Chinese words: 6.9M
— # of English words: 8.9M

— # of sentence pairs: 239K
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Experimental Results

60 -
55 ~

50 - uP%

40 -
(Klein and (Hwa et al., (McDonald (Naseem et] Bilingual

Manning, 2005) et al., al., 2012) |Projecti giﬂ;i%a
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Further Improvement

Source Parser

Cross-lingual Adaptation

Target Parser




Further Improvement

Source Parser

Cross-lingual Adaptation

Target Parser

EM Training

Target Parser




Experimental Results

60 -
55 -
50 - wP%
45 -
40 -
(Klein and (Hwa et al.,(McDonald (Naseem | Bilingual Bilingual
Manning,  2005) et al., et al., Qajectlon Py 1l PPIE
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Our Work vs. Non-adaptation Work

Representative Annotation
Time Cost
Previous Work Requirement

(Klein and Manning, 2004) Unsupervised

139

(McDonald et al., 2011)

(McDonald et al. 2013)

Our Work

Delexicalized
Multi-source Transfer

Universal Grammar

Decomposed Projection

High

Low No
Low Yes
Low No
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Our Work vs. Previous Adaptation Work

Representative Language Similarity | Alignment
Previous Work Requirement Error Tolerance

Direct correspondence

(Hwa et al., 2005) . High Low

assumption
(Smith and Quasi-synchronous :
Eisner, 2009) Grammar Low High
(Das and Petroy, :
2011) Graph propagation Low Low
Our Work Dec-omposed Low High

Projection

LR FEA
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Publications

. Wenbin Jiang and Qun Liu. 2010. [JDependency Parsing and Projection
Based on Word-Pair Classification. [1In Proceedings of ACL 2010, Uppsala,
Sweden.

- Kai Liu, Yajuan Lu, Wenbin Jiang and Qun Liu. 2013. [Bilingually-Guided
Monolingual Dependency Grammar Induction. [JIn Proceedings of ACL
2013, Sofia, Bulgaria.
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- Irish Dependency Treebank with POS tags: 1022 trees
— Test set: top 100 trees

— Development set: next 100 trees
— Training set: other 822 trees

- Irish-English parallel corpus: 65005 sentence pairs
— Irish: 1,257,153 tokens
— English: 1,102,908 tokens

I




Baseline Irish POS-Tagger

822 Irish sentences
With Gold POS Tags

Normal Training

Baseline Irish POS Tagger
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Projected Irish POS Tagger

Stanford English POS Tagger

Cross-lingual
Adaptation

3000 sentence pairs

Projected Irish POS Tagger
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Final Irish Parser

Projected Irish POS Tagger Baseline Irish POS Tagger

Cross-standard Adaptation

Final Irish POS Tagger
L ELA




Results of Irish POS Tagging Adaptation

Irish POS Tagger

0.905
0.9
0.895
0.89

0.88 -

Rule-based Tagger Baseline Tagger Final Tagger
w83
ﬂﬁ&xﬂﬁé
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Baseline Irish Parser

822 Gold Irish Trees

Normal Training

Baseline Irish Parser
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Projected Irish Parser

Stanford English Parser

Cross-lingual
Adaptation

65K sentence pairs

Projected Irish Parser

L ETA
s 149 s ‘:‘ - e : aie ow sow ; Dt - - e e A o
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Final Irish Parser

Projected Irish Parser Baseline Irish Parser

Cross-standard Adaptation

Final Irish Parser
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Experiments — Standard Settings

Irish Parser

75
74
73

71.96 71.88
72
71

70 - -

Baseline Parser Final Parser
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Experiments — Standard Settings

Irish Parser

75

74

73

- 71.96 71.88 = P%
1 _

70 I |

Baseline Parser Final Parser

Coverage of word in test set by parallel corpus: 75%

[
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Improvement vs. Test Data Coverage

85

w Baseline Parser

w Final Parser

75 79.4 84 100

We re-splitted the training set and test set to make the test set

R EER
has a higher word coverage by the parallel corpus. qﬁ&fiﬁa
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Summary on lrish Experiments

We conducts joint cross-lingual adaptation and cross-standard
adaptation on Irish POS tagging and dependency parsing

Our results outperform the state-of-the-art Irish POS tagger and
parser

- The improvement of adaptation dependents on the coverage of the
words in the test set by the bilingual corpus

- Question: is it possible solve the word coverage problem by using
domain adaptation technology?
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Conclusion

- Data scarcity is a problem for NLP forever
- Adaptation is a promising technology to alleviate the data scarcity problem
« We proposed two novel technologies:

— Conditional Mapping for Cross-standard Adaptation

— Decomposed Projection for Cross-lingual Adaptation

- These two technologies are used to solve the adaptation for Chinese word
segmentation and dependency parsing and our results outperform the stat-
of-the-art work.

- Latest experiments on Irish POS tagging and dependent parsing also show
significant improvements on very strong baselines.
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Conclusion

Let’s Adapt!
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