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MT for Patents among Asian LanguagesMT for Patents among Asian Languages

• Shift i i t• Shift in society
– From Labor‐based Industrial Society to Knowledge‐based Industrial 

Society
Shift i th ld• Shift in the world
– Globalization
– From the Economies in the Atlantic‐rim to  the Economies in the 

ifi iPacific‐rim
– Translation among (Asian Languages + English)

• Difficulties in MT 
– Translation among European languages to Translation among (Asian 

Languages + English)
• Structural and Lexical differences
• Sentence‐oriented languages and Context‐oriented languages

• SMT with great enhancement of semantics‐based processing
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NaCTeM
www.nactem.ac.uk

Fi h i h ld• First such centre in the world 
• Funding: JISC, BBSRC, EPSRC
• Consortium investment

• Chair in TM (Prof. J. Tsujii, Univ. Tokyo)

• Location: Manchester Interdisciplinary Biocentre 
(MIB) www.mib.ac.uk funded by the Wellcome Trust

• Initial focus: biomedical academic community
• Extend services to industry
• Extend focus to other domains (social sciences) 
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ConsortiumConsortium

U i iti f M h t Li l• Universities of Manchester, Liverpool
• Service activity run by MIMAS (National Centre for 
Dataset Services) within MC (ManchesterDataset Services), within MC (Manchester 
Computing)

• Self‐funded partnersSelf funded partners
– San Diego Supercomputing Center 
– University of California, Berkeley 
– University of Geneva 
– University of Tokyo
St i d t i l & d i t• Strong industrial & academic support
– IBM, AZ, EBI, Wellcome Trust, Sanger Institute, Unilever,  
NowGEN, MerseyBio, …
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Semantics based fine grained information accessSemantics‐based fine‐grained information access



From surface diversities and ambiguities 
to 

conceptual invariants

Non‐Trivial 
Mappings

Terminology
Parsing

Language Domain Knowledge Domain

g
Paraphrasing

g g

Concepts and Relationships 
among Them

Linguistic expressions
among Them 

Motivated 
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Independently of language 



[A] protein activates [B]    (Pathway extraction)

Full‐strength Straufen protein lacking this insertion is able to assocaite
with osker mRNA and activate its translation but fails to

Since …….,  we postulate that  only phosphorylated
PHO2 protein could activate the transcription of PHO5 gene

Transcription initiation by the sigma(54)‐RNA polymerase holoenzyme requires 
an enhancer‐binding protein that is thought to contact sigma(54) to activate
t i tiwith osker mRNA and activate its translation, but fails to  …..PHO2 protein could activate the transcription of PHO5 gene.transcription.

[ ] ([ 1 i ] [ i ])
Retrieval using

[sentence] > ([arg1_activate] > [protein]) Regional Algebra

Non‐trivial 
Mapping

Same relations
i h diff

Language Domain Knowledge Domain

with different
Structures
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Independently motivated of 
Language



D P iDeep Parsing
Parser based on Probabilistic HPSG (Enju)
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p53     has     been    shown     to     directly   activate     the   Bcl‐2  protein
arg2



述語/項構造述語/項構造
確率ＨＰＳＧ解析器 (Enju)の出力

s

vp

s Semantic Retrieval System

Using Deep Syntax

vp
MEDIE

Passive

np pparg1arg2
d

Passive and Infinitival Clause

dt np vp vp pp np

arg1
mod

DT          NN        VBZ   VBN    IN     PRP

dt            np           vp       vp       pp      np
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The      protein        is   activated  by      it
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D P iDeep Parsing
Parser based on Probabilistic HPSG (Enju)
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Results on PTB WSJ

P A S d

Results on PTB‐WSJ

Parser grammar Accuracy Speed

MST parser dependency
90.02%
(LAS) 4.5 snt/sec(LAS)

Sagae’s parser dependency
89.01%
(LAS)

21.6 snt/sec

Berkeley parser CFG
89.27%
(LF1)

4.7 snt/sec

Ch i k’ CFG
89.55%

2 2 t/Charniak’s parser CFG
(LF1)

2.2 snt/sec

Charniak’s parser
reranker

CFG
91.40 %
(LF1) 1.9 snt/sec

reranker (LF1)

Enju parser HPSG
88.87%
(PAS‐LF1)

2.7 snt/sec

Mogura parser HPSG
88.07%
(PAS‐LF1)

22.8 snt/sec
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Fine-grained tree-to-string 
translation rule extractiontranslation rule extraction

(presented in ACL 2010)(p )

Xianchao Wu (呉先超)Xianchao Wu (呉先超)

Takuya Matsuzaki, Jun’ichi Tsujii

The University of Tokyo

2010.07.23
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OutlineOutline
PCFG parsers

Fine‐grained

p
bias slow

Tree‐to‐string rules
Fine grained

Typed feature Predicate argumentTyped feature 
structures

Predicate argument 
structures

An HPSG parser
20

An HPSG parser



Minimal rule extraction : GHKMa  u e e t act o  : G
(Galley+, 2004)

S span:0‐4 NO overlappingS p

NP0
2‐4

VP2‐4
0 Admissible nodes

NO overlapping
complement_span:

NX VX NP

2 4 0
0
2‐4

Admissible nodes

S
John killed

t1 NX
t0

S

X0:NP X1:VP
X0 ha X1

Mary

ジョン は マリー を 殺した

t2

NPジョン は マリー を 殺した 。

0 1 2 3 4
gloss: John Mary killed . X0:NX

NP
X0 
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HPSG for syntax based SMTHPSG for syntax-based SMT
S

NX VX NP

NP VP

John killed NX

M

nodes features

Non CAT  XCAT  

Mary

Non-
terminal

CAT, XCAT, 
SCHEMA, HEAD, 
SEM_HEAD

terminal CAT, POS, BASE, 
TENSE, ASPECT, 
VOICE, AUX, 

22

VOICE, AUX, 
LEXENTRY, 
PRED, ARG<n>

Typed‐feature structure 
(TFS)



Additional comparisonAdditional comparison

Systems En2Jp Jp2En

Joshua (Li+, 2009) 21.79 19.73

F b d ** 6 **Forest-based 24.75** 22.67**

**=p<0.01
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Remove the ambiguous alignmentsRemove the ambiguous alignments
c2c0 c1

c23 c3

c6 c11c20 22
c23

c8

13

c5
c17

c3

c7

c9 c103
c16 c22 c45‐7 c215‐7 c125‐7

c18 c19 c14 c15

c13

c103‐4 c45‐8 c125‐8
c215‐8

the result was verified by the experiments

t3 t1 t4 t8 t10 t7 t0 t6 t5 t2 t9

実験0 によって1この2 結果3 が4 さ6 れ7 た8検証5

C1 C2 C C4
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1 C2 C3 4



Remove the ambiguous alignmentsRemove the ambiguous alignments

Systems En2Jp

b d lForest-based rules (Wu+, ACL 2010) 24.75

+ forest-based decoder 25 83+ forest-based decoder 25.83

+ function words  28.44**44

**=p<0.01

25

p 0 0



Plan of the TalkPlan of the Talk

k d• Backgrounds
• Shifts in Society 
S ti b d i f ti t t t d MT• Semantics‐based information access to text and MT

• NLP and Semantics‐based information access
D i d i / b d• Deep parsing and entity/event‐based access

• Efficient deep parsers

• MT with Deep Parsing• MT with Deep Parsing 
• Structural Differences: Predicate‐Argument Structures  
• Lexical Differences: Terms and OntologiesLexical Differences: Terms and Ontologies

• Concluding remarks and future work 



From surface diversities and ambiguities 
to 

conceptual invariants

Non‐Trivial 
Mappings

Terminology
Parsing

Language Domain Knowledge Domain

g
Paraphrasing

g g

Concepts and Relationships 
among Them

Linguistic expressions
among Them 

Motivated 

27

Independently of language 



Annotation of GENIA corpus Term&POSAnnotation of GENIA corpus – Term&POS

Part-of-speech
annotationannotation

2,000 abstracts

Term (entity)Term (entity)
annotation
2000+400
abstracts
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Event Annotation ExampleEvent Annotation ‐ Example


