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Abstract

Hierarchical phrase-based machine trans-
lation can capture global reordering with
synchronous context-free grammar, but
has little ability to evaluate the correctness
of word orderings during decoding. We
propose a method to integrate word-based
reordering model into hierarchical phrase-
based machine translation to overcome
this weakness. Our approach extends the
synchronous context-free grammar rules
of hierarchical phrase-based model to in-
clude reordered source strings, allowing
efficient calculation of reordering model
scores during decoding. Our experimen-
tal results on Japanese-to-English basic
travel expression corpus showed that the
BLEU scores obtained by our proposed
system were better than those obtained by
a standard hierarchical phrase-based ma-
chine translation system.

Introduction

for phrase-based translation. These lexicalized re-
ordering models cannot be directly applied to hi-
erarchical phrased-based translation since the hi-
erarchical phrase representation uses nonterminal
symbols.

To handle global reordering in phrase-based
translation, various preprocessing approaches
have been proposed, where the source sentence
is reordered to target language order beforehand
(Xia and McCord, 2004; Collins et al., 2005; Li et
al., 2007; Tromble and Eisner, 2009). However,
preprocessing approaches cannot utilize other in-
formation in the translation model and target lan-
guage model, which has been proven helpful in
decoding.

This paper proposes a method that incorpo-
rates word-based reordering model into hierarchi-
cal phrase-based translation to constrain word or-
der. In this paper, we adopt the reordering model
originally proposed by Tromble and Eisner (2009)
for the preprocessing approach in phrase-based
translation. To integrate the word-based reorder-
ing model, we added a reordered source string
into the right-hand-side of SCFG’s rules. By this

Hierarchical phrase-based machine translatigfXt€nsion, our system can generate the reordered
(Chiang, 2007; Watanabe et al., 2006) is one gfource sentence as well as target sentence and is
the promising statistical machine translation ap2Ple to efficiently calculate the score of the re-
proaches (Brown et al., 1993). Its model is forordering model. Our method utilizes the transla-
mulated by a synchronous context-free grammdjon model and target language model as well as
(SCFG) which captures the syntactic informatioih® reordering model during decoding. This is an
between source and target languages. Althougiflvantage of our method over the preprocessing
the model captures global reordering by SCFGPProach.

it does not explicitly introduce reordering model

The remainder of this paper is organized as

to constrain word order. In contrast, lexicalizedollows. Section 2 describes the concept of our

reordering models (Tillman, 2004; Koehn et al.approach.

Section 3 briefly reviews our pro-

2005; Nagata et al., 2006) are extensively usgabsed method on hierarchical phrase-based ma-
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Standard SCFG X —< X1wajinseinoX2da,X1is X2 of life>
SCFG (move-to-front)] X —< X1 wa jinsei noX2 da,waX1 daX2nojinsei,X1is X2 of life>
SCFG (attach) X —»< X1wajinseinoX2da,X1wadaX2nojinsei,X1is X2 of life>

Table 1: A Japanese-to-English example of various SCFG's rule representations. Japanese words are
romanized. Our proposed representation of rules has reordered source string to generate reordered
source sentencé as well as target sentene The “move-to-front” means Tromble and Eisner (2009)

's algorithm and the “attach” means Al-Onaizan and Papineni (2006) 's algorithm.

chine translation model. We experimentally com- ~____c--mmmmmmemean

pare our proposed system to a standard hierarct

cal phrase-based system on Japanese-to-Engli ¢ ; ) ;
translation task in Section 4. Then we discuss ol NI epeeitene L
related work in Section 5 and conclude this pape 7 5 6 7

. I T e e TN o i e L
desu k [
4wa 5 3 esu ka 3 is 4 5
2 The Concept of Our Approach ‘ SO ) s e ]
i [ (%] de ;va ikura how much- -th-is“ in
The preprocessing approach (Xia and McCord 1|§|(J2 1 2

2004; Collins et al., 2005; Li et al., 2007; Tromble

in Secton6. Sy N SrANGT

and Eisner, 2009) splits translation procedure intt kuruma nihon L
two stages:
S S T (1) Figure 1: A derivation tree for Japanse-to-English
translation.

where S is a source sentencé, is a reordered

source sentence with respect to the word order & Hierarchical Phrase-based Model

target sentenc€. Preprocessing approach has the Extension

very deterministic and hard decision in reorder-

ing. To overcome the problem, Li et al. (2007)3.1 Hierarchical Phrase-based Model
proposedk-best appoach. However, even with &jjerarchical phrase-based model (Chiang, 2007)
k-bestapproach, itis difficult to generate good hymduces rules of the form

pothesess’ by using only a reordering model.

In this paper, we directly integrated the reorder- X =< y,a,~w > 3)
ing model into the decoder in order to use the
reordering model together with other informationvhere X is a non-terminal symboly is a se-
in the hierarchical phrase-based translation mod8Hence string of non-terminals and source termi-
and target language model. Our approach is ekals,a is a sequence string of non-terminals and

pressed as the following equation. target terminals. ~ is a one-to-one correspon-
dence for the non-terminals appeared iandca.

Given a source sentenég the translation task

§—(5,1). 2) under this model can be expressed as
Our proposed method generates the reordered -
source sentencé’ by SCFG and evaluates the r=7r gzl:g%rzl)l)ixsww) )

correctness of the reorderings using a word-based
reordering model o5’ which will be introduced where D is a derivation andv(D) is a score of
in section 3.4. the derivation. Decoder seeks a target sentence
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[ Uni-gram Feature$’ Bl-gram Features

Spy 8-POSy, S], S-POS|
Sr, 8S=POSy
§-pOSy, Si, S-POS|
Sy
Sy, S1, $-POS
X 5-DOS, ry Sl pos|
6 Sry S-POSy., S-POS|
51, §-pos|
S Sy, S-POSy, Sy
l
3 Sry S1
$-pos;
$-POS;., S-pos;

Table 2: Features used by Word-based Reordering
Model. pos means part-of-speech tag.

o

ikura desu ka kono

Figure 2. Reordered source sentence generated by
our proposed system. when translating the example of Figure 1. Note
that the structure of’ is the same as that of target
) _ sentencd’. The decoder generates both Figure 2
T(D) which has the highest score(D). S(D)  and the right hand side of Figure 1, allowing us to

is a source sentence under a derivation Fig-  score hoth global and local word reorderings.
ure 1 shows the example of Japanese-to-English

translation by hierarchical phrase-based machine To add+' to rules, we permuted into 4 after

translation model. rule extraction based on Grow-diag-final (Koehn
et al., 2005) alignment by GIZA++ (Och and Ney,
) 2003). To do this permutation on rules, we ap-
To generate reordered source senteticas well plied two methods. One is the same algorithm
as target sentencd’, we extend hierarchical 55 Tromble and Eisner (2009), which reorders
phrase rule expressed in Equation 3 to aligned source terminals and nonterminals in the
) same order as that of target side and moves un-
aligned source terminals to the front of aligned
wherey’ is a sequence string of non-terminals angerminals or nonterminals (move-to-front). The
source terminals, which is reorderedwith re- other is the same algorithm as Al-Onaizan and
spect to the word order of target Strimg The Papineni (2006), which differs from Tromble and
reason why we addl’ to rules is to efficiently cal- Eisner's approach in attaching unaligned source
culate the reordering model scores. If each rulerminals to the closest prealigned source termi-
does not have/, the decoder need to keep Word’lals or ponterminals (attach). This extension of
alignments because we cannot know word ordéddingy does not increase the number of rules.
of S" without them. The calculation of reorder- _
ing model scores using word alignments is very 1able 1 shows a Japanese-to-English example

3.2 Rule Extension

X_>< 77’}//7a7w7w >

wasteful when decoding. of the representation of rules for our proposed sys-
The translation task under our model extend®M- Japanese words are romanized. Suppose that
Equation 4 to the following equation: source-side string is (X1 wa jinsei no X2 da) and

target-side string is (X1 is X2 of life) and their
word alignments are=((jinsei , life) , (no , of)
- (6) , (da, is)). Source-side aligned words and non-
terminal symbols are sorted into the same order of
Our system generates the reordered source searget string. Source-side unaligned word (wa) is
tenceS as well as target sentend@e Figure 2 moved to the front or right of the prealigned sym-
shows the generated reordered source sent&ncebol (X1).

A~ ~r

T=(8,17)=(5,T) ( argmax w(D)

D:S(D)=S
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Surrounding Word Pos Features Sortad X1 tem List N Sortad Rule Lt
oo

S$-POSy, S-POS; + 1, §-pos; — 1, 5-pos; X-><X1wa X2, X2 wa X1, X2 is X1> 2.1 + uniis)

¥
" .,(,3‘”3 u‘\\\"m‘\
X

s-pos, — 1, s-pos,, s-pos; — 1, s-pos; n @O [ Ko waR waXIXe s X1X2> 18+ unifs

o
S$-POSy, $~POSy + 1’ S-pos;, S-pos; + 1 .'\m\‘ o .‘\\e’w b X-><X1wa X2, X1 wa X2, X1X2>1.5

. 0! a1
s-pos, — 1, s-pos,., s-pos;, s-pos; + 1 \%13-“\(“@‘«:‘“‘“
k1
e ﬁ—»

Table 3: The Example of Context Features

e
9 a0
mﬂ‘a?’“\:&* “ﬂ\\.s::g New Item List
. o » 4 \\
3.3 Word-based Reordering Model 1 ﬂewan\“:: ,apan::\ﬂas*““
. . G get
We Ut|I|Ze the fO”OW|ngSCO'I“€(S,) asa feature fOI’ :hh" 'l“ii‘aﬁ“‘om [X,1,7; kono kuruma wa de wa nihon, this +Japan] 4.9 + interaction
the word-based reordering model. This is incor- #*" [¥,1,7; wa kono kuruma de wa nihon, s<Japan] 4.7 + nteracton
pOIatEd intO the IOg-Iinear mOdeI (OCh and Ney, Sorted X2 Item List [X,l,?;wakunnkurumaclewanihlun,is*Japan]4.5+interautiun
2002) of statistical machine translation. d
! ’ !
score($) = > Blsi sl (") Figure 3: Creating new items from subitems and
1,7:1<i<j<n

rules, that have a span [1,7] in source sentence.

/

Bls; s, =0 ¢(s,5,) (8)

Where?? IS th/e Iength of_reorde_red SOUTCe SeNgim rules, utilizing subspan [1,3] items and sub-
tenceS (= (sy-..s,)), 0 is a weight vector and

) . : span [4,7] items. In this example, we usgram
¢ is a vector of features. This reordering modelr . .
anguage model and +LM decoding. eans
which is originally proposed by Tromble and Eis- guag Ing. Uit

2009 ) ¢ ol 1-gram language model cost for heuristics and in-
ner ( : ), can assign a score to any possibie Ptraction usually means language model cost that
mutation of source sentences. Intuitivélys,, s, |

ts th f orderigabef U cannot be calculated offline. Here, we introduce
represents the score ot orderiggoetores,, e 4\ two implementations to calculate word-based
higher the value, the more we prefer wordoc-

/ / » reordering model scores in this decoding algo-
curs befores,.. WhetherS,; should occur befors, fithm g g a9

depends on how often this reordering occurs when
we reorder the source to target sentence order. - i i '
in the left side of Figure 4. This algorithm per-

To train B, we used binary feature functions - )
¢ as used in (Tromble and Eisner, 2009) whicfiorms the same calculation of reordering model as

were introduced for dependency parsing by mcthat of language model. Each item keeps a part of

Donald et al. (2005). Table 2 shows the kind€ordered source sentence. The reordering score

of features we used in our experiments. We digf new item_ can be (_:alculate_d as interaction cost
not use context features like surrounding word po?€n combining subitems with the rule.
features in Table 3 because they were not useful in The right side of Figure 4 shows our pro-
our preliminary experiments and propose an effiposed implementation. This implementation can
cientimplementation described in the next sectiohe adopted to decoding only when we do not use
in order to calculate this reordering model whergontext features like surrounding word pos fea-
decoding. To train the parametrwe used the tures in Table 3 (and consider a distance between
perceptron algorithm following Tromble and Eis-words in features). If a span is given, the reorder-

First, we explain a naive implementation shown

ner (2009). ing scores of new item can be calculated for each
_ _ rule, being independent from the word order of
3.4 Integration to Cube Pruning reordered source segment of a subitem. So, the

CKY parsing and cube-pruning are used for dereordering model scores can be calculated for all
coding of hierarchical phrase-based model (Chiules with spans by using a part of the input source
ang, 2007). Figure 3 displays that hierarchicatentence before sorting them for cube pruning.
phrase-based decoder seeks new span [1,7] iteM& expect this sorting of rules with reordering
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Naive Implementation Proposed Implementation

X1item X2 item X1item X2 item Source Sentence
p(,1,33 lw%dwanihmin*lananll-s [X,L3this wcar] 13 [K4,7;in*lapan] 5 [Kono kurumalwa hihon de vl kure desu ka
Rule — Fm /

X-><X1wa X2 3l X2,(X1 X2> 1.5 X-><X1wa X2 a|X2,X1 X2> 1.5 +reordering

New item I New item

X1,7;|(kono kuruma |wa |de wa nihon ,this*iapan] 4.3+ interaction XL7 1his*]apan] (4.3+reordering) +interaction

A
Reordering Model Score by Features +  N-gramScore Reordering Model Score by Features N-gram Score
${kono,wa), p{kono,de), b(kono,wa), (kono,nihon), Bilcar,in) |kono,wa), $(kona,nihan), d{kena,de), {kono,wa), Bi{car,in)
d(kuruma,wa), dlkuruma,de), blkuruma,wa), d(kuruma,nihon), ! {kuruma,wa), d(kuruma,nihon), {kuruma,de), £
&{wa,de), b(wa,wa), bwa,nihon) dlkuruma,wa), b(wa,nihon|, b{wa,de], d{wa,wa)

Figure 4: The “naive” and “proposed” implementation to calculate the reordering cost of new items.

model scores will have good influence on cubéranslation modeP(v|a), P(aly), word penalty
pruning. The right hand side of Figure 4 showsnd arity penalty.

the diffrence between naive and proposed imple- The “Hiero + Reordering model” system has
mentation § is not shown to allow for a clear pre- word-based reordering model as an additional fea-
sentation). Note the difference is in where/wheture to baseline features. For this approach, we
the reordering scores are inserted: together witlise two systems. One has “move-to-front” sys-
the V-gram scores in the case of naive implementem and the other is “attach” system explained in
tation; incorpolated into sorted rules for the proSection 3.2. We implemented our proposed algo-

posed implementation. rithm in Section 3.4 to both “Hiero + Reordering
_ model” systems. As for beam width, we use the

4 Experiment same setups for each system.

4.1 Purpose 4.2 Data Set

To reveal the effectiveness of integrating the re-

ordering model into decoder, we compared thp Data H Sent. \ Word. \ Avg. Ieng\

following setups: Training | ja || 200.8K| 2.4M | 120

\ en || 200.8K| 2.3M 115
| Development| ja 1.0K | 10.3K 10.3
en| 1.0K | 9.8K 9.8
Test ja 1.0K | 14.2K 14.2
en| 1.0K | 13.5K 135

e baseline: a standard hierarchical phrase
based machine translation (Hiero) system.

e preprocessing: applied Tromble and Eisner’s
approach, then translate by Hiero system.

, . . Table 4: The Data statisti
e Hiero system + reordering model: integrated able € Data stalistices

reordering model into Hiero system.
For experiments we used a Japanese-English

We used the Joshua Decoder (Li and Khudanpubasic travel expression corpus (BTEC). Japanese
2008) as the baseline Hiero system. This decodarord order is linguistically very different from
uses a log-linear model with seven features, whicEnglish and we think Japanese-English pair is
consist of N-gram language modét; 5, (7)), lex- a very good test bed for evaluating reordering
ical translation modelP,,(y|«), Py(«aly), rule model.
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Metrics poorness, our proposed method effectively utilize
BLEU | PER . : ) )
System this reordering model in contrast to preprocessing
Baseline (Hiero) 28.09 | 39.68 approach.
Preprocessing 17.32 | 45.27
Hiero + move-to-front| 28.85 | 39.89 5 Related Work
Hiero + attach 29.25 | 39.43 Our approach is similar to preprocessing approach

(Xia and McCord, 2004; Collins et al., 2005; Li
Table 5: BLEU and PER scores on the test set.g¢ 51 2007; Tromble and Eisner, 2009) in that it
reorders source sentence in target order. The dif-
Our training corpus contains about 200.8k serference is this sentence reordering is done in de-
tences. Using the training corpus, we extractegoding rather than in preprocessing.
hierarchical phrase rules and trainegram lan- A |ot of studies on lexicalized reordering (Till-
guage model and word-based reordering modehan, 2004; Koehn et al., 2005; Nagata et al.,
Parameters were tuned over 1.0k sentences (deveh06) focus on the phrase-based model. These
opment data) with single reference by minimumyorks cannnot be directly applied to hierarchi-
error rate training (MERT) (Och, 2003). Test datga| phrase-based model because of the difference
consisted of 1.0k sentences with Single I'Eferencgetween normal phrases and hierarchical phrases
Table 4 shows the condition of corpus in detail. that includes nonterminal symbols.
43 Results Shen et al. (2008,2009) proposed a way to inte-

o grate dependency structure into target and source
Table 5 shows the BLEU (Papineni et al., 20014 string on hierarchical phrase rules. This ap-

and PER (Niesen et al., 2000) scores obtained byach is similar to our approach in extending the
each system. The results clearly indicated thahmalism of rules on hierarchical phrase-based
our proposed system with word-based reordef, o el in order to consider the constraint of word
ing model (move-to-front or attach) outperformedyger. But, our approach differs from (Shen et al.,

baseline system on BLEU scores. In contrasbgog: Shen et al., 2009) in that syntax annotation
there is no significant improvement from baseling ot necessary.

on PER. This suggests that the improvement of
BLEU mainly comes from reordering. In our ex-6 Conclusion and Future Work
periment, preprocessing approach resulted in very
poor scores. We proposed a method to integrate word-based
reordering model into hierarchical phrase-based
machine translation system. We agldinto the
Table 6 displays examples showing the cause diero rules, but this does not increase the num-
the improvements of our system with reorderinger of rules. So, this extension itself does not af-
model (attach) comparing to baseline system. Wect the search space of decoding. In this paper
can see that the outputs of our system are movee used Tromble and Eisner’s reordering model
fluent than those of baseline system because of rier our method, but various reordering model can
ordering model. be incorporated to our method, for exam;ﬂé

As a further analysis, we calculated the BLEUN-gram language model. Our experimental re-
scores of Japanes§ predicted from reorder- sults on Japanese-to-English task showed that our
ing model against true JapaneSe made from system outperformed baseline system and prepro-
GIZA++ alignments, were only 26.2 points on de-cessing approach.
velopment data. We think the poorness mainly In this paper we utilizey only for reorder-
comes from unaligned words since they are uring model. However, it is possible to use for
tractable for the word-based reordering modebther modeling, for example we can use it for
Actually, Japanese sentences in our training datale translation probabilitie®(+'|y), P(v|') for
include 34.7% unaligned words. In spite of theadditional feature functions. Of course, we can

4.4 Discussion
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S america de seihin no hanbai wo hajimeru keikaku ga ari masu fkakono tegami wa koukuubin de nihon made ikura kakari masu ka .
TB sales of product in america are you planning to start ? this letter by airmail to japan . how much is it ?
Tp are you planning to staproducts in the u.s. ? how much does it cogb this letter by airmail to japan ?

R do you plan to begiselling your products in the u.s. ? how much will it costto send this letter by air mail to japan ?

Table 6: Examples of outputs for input senteritérom baseline systerfi’z and our proposed sys-
tem (attach)I'». R is a reference. The underlined portions have equivalent meanings and show the
reordering differences.

also utilize reordered target senteritefor vari- McDonald, R., K. Crammer, and F. Pereira. 2005.
ous modeling as well. Addtionally we plan to use Spanning tree methods for discriminative training of
S’ for MERT because we hypothesize the fluent dependency parsers. Tinechnical Report MS-CIS-

/ 05-11, UPenn CIS
S leads to fluenf.
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