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ABSTRACT

In this paper we describe the patent translation system which
was submitted for the NTCIR-8 Patent Translation Task.
Our phrase-based Statistical Machine Translation (SMT)
system is trained on a bilingual corpus (3 million sentence
pairs) and large size monolingual corpora (460 million sen-
tences for Japanese and 350 million sentences for English).
In addition to the normal SMT, we use SVM-based reranker.
According to the experimental results, our baseline system
gives the high BLEU score. However, the reranker gives
negative effects.

Categories and Subject Descriptors
1.2.7 [Natural Language Processing]: [Machine translation]

General Terms
Experimentation

Keywords
SMT, Reranker.

1. INTRODUCTION

Current machine translation (MT) research shows the effec-
tiveness of a corpus-based machine translation framework
[10]. An MT system using a frame work such as Statistical
Machine Translation (SMT) [1] is considered a useful conve-
nient technology because of the rapid and mostly automated
MT system building.
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For SMT research, parallel corpora are one of the most im-
portant components. There are mainly two factors in how
parallel corpora contribute to system performance. The first
is the quality of the parallel corpus, and the second is the
quantity. A parallel corpus that has similar statistical char-
acteristics to the target domain should yield more efficient
models. However, domain mismatched training data might
reduce the model’s performance. And a sufficiently sized
parallel corpus solves the data sparseness problem in model
training.

Meanwhile, from a commercial point of view, it is more im-
portant to create consumer-demanded MTs, considering lan-
guage pair and target domain of MT use rather than parallel
corpus availability.

Considering all of the previously mentioned points, Japanese-
English patent translation is one of the most interesting
SMT research fields which satisfies these points. A large
Japanese-English patent parallel corpus has just been re-
leased by the NTCIR-8 workshop [6]. Commercial demand is
also very high in both directions for Japanese-English patent
translation. In this paper, we describe the system overviews
of our MT system which is based on Phrase-based SMT tech-
nology. Section 2 explains the system framework. Section 3
and 4 detail the experimental setting and results. Section 6
concludes the paper.

2. SYSTEM FRAMEWORK
2.1 Phrase-based SMT

‘We employed a log-linear model as a phrase-based statistical
machine translation framework [9]. This model expresses
the probability of a target-language word sequence (e) of a
given source language word sequence (f) given by:

exp (L, Mihate. 1)
D e €XP (Zi\; Aihi(e, f))

where h; (e, f) is the feature function, such as the translation
model or the language model, X; is the feature function’s

P(elf) = (1)
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Figure 1: Framework of the submitted system (Run 1).

weight, and M is the number of features. \; is tuned by
using the Minimum Error Rate Training (MERT) algorithm
[12] on a development set.

We can approximate Eq. 1 by considering its denominator
as constant. The translation results (é) are then obtained
by

é(f) = arg maxexp {Z Aihi(e, f)} (2

=1

For our system, we use the following 8 features (h;):

e Phrase translation probability from source language to
target language

e Phrase translation probability from target language to
source language

e Lexical weighting probability from source language to
target language

e Lexical weighting probability from target language to
source language

e Phrase penalty
e Word penalty
e Distortion model

e Target language model probability

2.2 Reranker

Our ranking algorithm is based on a ranking approach of
Collins and Duffy [4], but differs in that we employed an on-
line large-margin learning for structured output based on the
margin infused relaxed algorithm (MIRA) [5]. Fig3 shows
the outline of the procedure. We generate large N-best list
e for m input sentences fi---m. For each iteration, we
randomly choose an input sentence f; and its correspond-
ing n;-best list ;. At line 5, we seek a maximum likely
hypothesized translation e;; using the current weight w

h(e;;) - w — b(e;;) (3)
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Figure 2: Framework of the submmited system (Run 2).

where h(e;;) and b(e;;) are a feature vector representation
and BLEU score for e;;, respectively. Then, we update w
by the value of w' which minimizes

A
5 | w' = w ||* +1;; — Ah(e;) - W' (4)

where [;; is a loss incurred by selecting the e;; as the best
translation computed by the difference of BLEU from an
oracle translation e;,

lij = b(ei) — b(ei;) ()

and Ah(e;;) = h(es) — h(es;) . A(> 0) is a constant to
influence the fitness to the training data. Equation 4 is
solved by:

li]' —Ah” w1

/_ ! . iy — =g T W 4
i =w *”““( [B3hy P A

) -Ahy; - (6)

Uunlike the ranking SVM approach for training[7], our learn-
ing algorithm considers only a single pair of correct and
incorrect translations in each iteration using the loss biased
maximization in Equation 3 largely inspired by Chiang et al.
[3]. For the loss function /;; and the underlying BLEU score
b(-), we applied document scaled BLEU which computes
BLEU by replacing one translation e;; to another e;; in a
set of 1-best translations {€;1}i—1...m [16]. Oracle transla-
tions are selected with respect to b(-). When multiple oracle
translations are found, we select the one which maximizes

3. EXPERIMENTAL SETTING

We used the training set from NTCIR-8 workshop Patent
Translation Task [6] for the experiments. As monolingual
corpora, we only used the specification part of the patent
document for language models training. A development set
and a test set were also provided by the workshop. We
divided the development set into two parts and renamed
them development set 1 and 2. Details for these data are
shown in Table 1.
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Table 1: Data set used for the experiments

Corpus # of sentences Usage
Monolingual corpus (ja) 462.75 M LM training
Monolingual corpus (en) 350.39 M LM training

Bilingual corpus 3.19 M TM training
Development set 1 1000 MERT, reranker training
Development set 2 1000 MERT, reranker training

Test set (je) 1251 Evaluation
Test set (&) 1119 Evaluation

Table 2: Official evaluation results by the organizer

[ TASK [DIRECTION] System| Data for MERT | Data for Reranking | BLEU (Official )
Intrinsic JE Run 1 Dev. set 1 Dev. set 2 30.32
Intrinsic JE Run 2 | Dev. sets 1 and 2| Dev. sets 1 and 2 30.14
Intrinsic EJ Run 1 Dev. set | Dev. Set 2 35.37
Intrinsic EJ Run 2 | Dev. sets 1 and 2| Dev. sets 1 and 2 35.87

Algorithm 1 Online Leaming Algorithm
1 procedure ONLINELEARNING(e)

2 w0 & initialize
% fort=1,....7Tdo
4 fori = RanpoM(l....m)do
kR o= argmax,. "
hie ] W ble; ;)
6 Woe QPRI
Slw' w241~ Ahle; ) w’
% end for
§: end for
% retarn w

10: end procedure

Figure 3: Outline of the learning algorithm

For the statistical machine-translation experiments, we seg-
mented Japanese words using the Japanese morphological
analyzer ChaSen [11]. Then, we used the preprocessed data
to train the phrase-based translation model by using GIZA++
[13] and the Moses tool kit [8]. Target-side language models
are trained by the NiCT in-house toolkit. The language
model configuration is a modified Kneser-Ney [2] and 7-
gram.

For the reranking experiments, the 200 best translations are
used for both reranker training and actual test set reranking
(NN =200) . As features for the reranking, we used decoder
scores, source side input and target side output.

We primarily submitted 2 systems (Run 1 and Run 2) for the
task. Fig. 1 and 2 shows the respective framework for each
systems. The differences between these systems are data
usage for MERT and the reranker. Asshown in Fig. 1, Run 1
uses development set 1 for MERT and development set 2 for
the reranker training. Meanwhile, Run 2 uses the whole
development set for both MERT and reranker training.

4. EXPERIMENTAL RESULTS

Table 2 shows the experimental results. The BLEUJ[14]
scores shown in the table are computed by the workshop
organizer. Comparing the BLEU score of Run 1 and Run 2,
Run 1 gives a better BLEU score than Run 2 for Japanese
to English translation direction. However, opposite results
are obtained in the other translation direction. Consider-
ing these results, it difficult to conclude better data usage
between Run 1 and Run2.

5. DISCUSSION

To evaluate the effects of the reranker, we calculate the
BLEU score of a baseline system using the provided ref-
erence translation of the test set. The baseline system uses
exactly the same models as Run 2 except the reranker.

Table 3 shows the evaluation results. In the table, the BLEU
scores for Run 1 and 2 are also shown. The difference in
BLUE scores between table 2 and 3 may have been caused
by a preprocessing difference between us and the organizer.

According to the table, the baseline system gives a better
BLEU score than Runs 1 and 2. Degradation in English to
Japanese translation direction is especially large. Since the
previous research about reranking|[15] gives positive results,
we will consider further work to improve the reranker by
tuning SVM parameters, or adding more features.

6. CONCLUSION

We describe system submitted for the NTCIR-8 patent trans-
lation track. Our system was trained on a bilingual cor-
pus (about 3 million sentences pairs) and monolingual cor-
pora (460 million sentences for Japanese and 350 million
sentences for English).

In addition to the normal phrase-based SMT, we built the
reranker which chooses 1 best out of 200 best outputs. Ac-
cording to the post evaluation results, however, the reranker
gives a negative effect.
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Table 3: Results of our evaluation experiments

TASK |DIRECTION| System | Data for MERT | Data for Reranking [ BLEU (unoffical)
Intrinsic JE Run 1 Dev. set 1 Dev. set 2 30.28
Intrinsic JE Run 2 | Dev. sets 1 and 2| Dev. sets 1 and 2 30.15
Intrinsic JE Baseline| Dev. sets 1 and 2 N/A 30.58
Intrinsic EJ Run 1 Dev. set 1 Dev. set 2 35.11
Intrinsic EJ Run 2 | Dev. sets 1 and 2| Dev. sets 1 and 2 35.40
Intrinsic EJ Baseline| Dev. sets 1 and 2 N/A 36.62
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