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Introduction

 Hybrid system combining rule—based
MT (RBTM) and statistical post editing
(SPE) may make MT more accurate.

e Several improvements are
implemented.



Basic system architecture
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Tools

» RBMT part: commercial based systems

» SPE part: phrase-based Moses
(Rev. 4343, distortion limit = 1)

» LM training tool: SRILM (ver.1.5.5)
»TM training tool: GIZA++ (v1.0.3)



Translation model adaptation (1)
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Translation model adaptation (2)
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Translation selection
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Language model adaptation
(zh—ja task)
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Evaluation results

Task BLEU RIBES HUMAN

ja—en 19.86 (9/27) | 0.7067 (5/27) | 22.50 (7/16)

zh—ja 33.53 (12/19) | 0.8114 (6/19) [ 15.00 (5/11)

Numbers in parentheses :
( EIWA’ s rank / number of all evaluated systems
up to September 14th )




Example of EIWA’ s win case

COFERITAEOHBIZH -5 IRIZE

EWA g2 ez tEz 0N 3,

base line COREICKYEZLONDHEZALND
st B D HE B D = OIZFTLLY,

ference D EITABTTOHERZFh -T2 B %
5EZ25tLDEEZLND,

cource | P EMAZIIX D RINXS A B RS
T RIAR 1 o




Example of EIWA’ s loss case (1)
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Example of EIWA’ s loss case (2)
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DIFF_RIBES

o
o

o
>

o
[N

o

S
N

o
>

S
[e)}

Correlation between HUM and
DIFF RIBES and DIFF IMPACT
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HUM: average value of scores of three human annotators
DIFF_RIBES: difference of RIBES scores of EIWA’s output and baseline output
DIFF_IMPACT: difference of IMPACT scores of EIWA’s output and baseline output
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HUM < 0 and DIFF_RIBES > 0
case
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HUM > 0 and DIFF_RIBES < 0
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Conclusion and future works

e System architecture, experimental setting and
evaluation results of EIWA are described.

* We are in the middle position in human and
automatic evaluation.

 To iImprove parsing accuracy in the RBMT
part.

* To combine rule—based technique and

statistical technique more tightly beyond
RBMT plus SPE method.



