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Abstract 2003; Melamed, 2004; Graehl and Knight, 2004;
Galley et al., 2006). One approach makes use of
In this paper, we describe a source-  pitext grammars to parse both the source and tar-
side reordering method based on syntac- et Janguages. Another approach makes use of syn-
tic chunks for phrase-based statistical ma-  t4ctic information only in the target language. Note
chine translation. First, we shallow parse ¢ these models have radically different structures

the source language sentences. Then, ré- 5 parameterizations than phrase-based models for
ordering rules are automatically learned g\t

from source-side chunks and word align-

ments. During translation, the rules are

used to generate a reordering lattice for
each sentence. Experimental results are
reported for a Chinese-to-English task,

showing an improvement of 0.5%-1.8%

BLEU score absolute on various test sets
and better computational efficiency than

reordering during decoding. The exper-

iments also show that the reordering at
the chunk-level performs better than at the
POS-level.

Another kind of approaches is to use syntactic in-
formation in rescoring methods. (Koehn and Knight,
2003) apply a reranking approach to the sub-task
of noun-phrase translation. (Och et al., 2004) and
(Shen et al., 2004) describe the use of syntactic fea-
tures in reranking the output of a full translation sys-
tem, but the syntactic features give very small gains.

In this paper, we present a strategy to reorder
a source sentence using rules based on syntactic
chunks. Itis possible to integrate reordering rules di-
rectly into the search process, but here, we consider
a more modular approach: easy to exchange reorder-
ing strategy. To avoid hard decisions before SMT,
1 Introduction we generate a source-reordering lattice instead of a

In machine translation, reordering is one of the masingle reordered source sentence as input to the SMT

jor problems, since different languages have diﬁers_:ystem. Then, the decoder. gses the reordereq source
ent word order requirements. Many reordering cori@hguage model as.an additional feature function. .A
straints have been used for word reorderings, sud¢nguage model trained on the reordered source-side
as ITG constraints (Wu, 1996), IBM constraintsCh“nk_S glve.sas.core for each path in the lattice. The
(Berger et al., 1996) and local constraints (KanthaROVel ideas in this paper are:
et al., 2005). These approaches do not make use of
any linguistic knowledge.

Several methods have been proposed to use syn-
tactic information to handle the reordering problem, e representing linguistic chunks-reorderings in a
e.g. (Wu, 1997; Yamada and Knight, 2001; Gildea, lattice.

e reordering of the source sentence at the chunk
level,

1

Proceedings of SSST, NAACL-HLT 2007 / AMTA Workshop on Syntax and Structure in Statistical Translation, pages 1-8,
Rochester, New York, April 2007. (©2007 Association for Computational Linguistics



The rest of this paper is organized as follows. Sedng. (Crego and Marifio, 2006) integrate source-side
tion 2 presents a review of related work. In Secreordering into SMT decoding. They automatically
tions 3, we review the phrase-based translation sykearn rewrite patterns from word alignment and rep-
tem used in this work and propose the frameworkesent the patterns with POS tags. To our knowledge
of the new reordering method. In Section 4, we inho work is reported on the reordering with shallow
troduce the details of the reordering rules, how thegarsing.

are deflned and how to extract them. In Section 5, Decoding lattices were already used in (Zens et
we explain how to apply the rules and how to geng|., 2002; Kanthak et al., 2005). Those approaches

erate reordering lattice. In Section 6, we presenjised linguistically uninformed word-level reorder-
some results that show that the chunk-level sourgggs.

reordering is helpful for phrase-based statistical ma-
chine translation. Finally, we conclude this pape

5 system Overview
and discuss future work in Section 7. y

In this section, we will describe the phrase-based
SMT system which we use for the experiments.
Beside the reordering methods during decoding, abhen, we will give an outline of the extentions with
alternative approach is to reorder the input sourcd&e chunk-level source reordering model.

sentence to match the word order of the target sen-

tence. 3.1 The Baseline Phrase-based SMT System

Some reordering methods are carried out on syn-

tactic source trees. (Collins et al., 2005) describg] stafistical machine translation, we are given a

a method for reordering German for German-to§°urce_ language senten.d@f = fi i o
is to be translated into a target language sen-

English translation, where six transformations ar&"h'Ch p ;
applied to the surface string of the parsed sourd§Cee1 = €1---¢i...er. Among all possible tar-
sentence. (Xia and McCord, 2004) propose an aFg_e_zt Iangugge sentences_,_ we will choose the sentence
proach for translation from French-to-English. Thié’vIth the highest probability:

approach automatically extracts rewrite patterns by

2 Related Work

parsing the source and target sides of the training é{ = argmax {Pr(e{|f{)} (1)
corpus. These rewrite patterns can be applied to any Lej
input source sentence so that the rewritten source = argmax {Pr(el)- Pr(f{le])} (2)
and target sentences have similar word order. Both Lej

methods need a parser to generate trees of source
sentences and are applied only as a preprocessifhbis decomposition into two knowledge sources
step. is known as the source-channel approach to sta-
Another kind of source reordering methods betistical machine translation (Brown et al., 1990).
sides full parsing is based on Part-Of-Speech (PO$) allows an independent modeling of the target
tags or word classes. (Costa-jussa and Fonollodanguage modePr(e{) and the translation model
2006) view the source reordering as a translatiof’r(f{lef). The target language model describes
task that translate the source language into a réhe well-formedness of the target language sentence.
ordered source language. Then, the reordered sourtee translation model links the source language sen-
sentence is taken as the single input to the standdnce to the target language sentence. difgenax
SMT system. operation denotes the search problem, i.e., the gen-
(Chen et al., 2006) automatically extract rulegration of the output sentence in the target language.
from word alignments. These rules are defined at A generalization of the classical source-channel
the POS level and the scores of matching rules aepproach is the direct modeling of the posterior
used as additional feature functions during rescoprobability Pr(ef|f{). Using a log-linear model

2



. Standard Translation Proces
(Och and Ney, 2002), we obtain: Translation Process with Source Reordering

M I rJ )
exp (A dmf(e], 1)) CSouroe toxt semtences

> exp (Sh A 1))
et
| @ ety s
The denominator represents a normalization factor . .

that depends only on the source sentefiteThere-

. . . ¢
fore, we can omit it during the search process. As a | smT system SMT system

decision rule, we obtain:

Figure 1: lllustration of the translation process with

The log-linear model has the advantage that adg@d without source reordering.

tional modelsh(-) can be easily integrated into the

overall system. The model scaling factdr%f.arg for the reordering methods, because the source sen-

trained according to the maximum entropy principletences are always given. Syntactic reordering on tar-

e.g., using the GIS algorithm. Alternatively, one cayet language is difficult, since the methods will de-

train them with respect to the final translation qualit)grade much because of the errors in hypothesis.

measured py an error c_riterion (Och, 2003). ~ We apply reordering at the syntactic chunk level
The log-linear model is a natural framework to inyhich can been seen as an intermediate level be-

tegrate many models. The baseline system uses fjgsen full parsing and POS tagging. Figure 1 shows
following models: the differences between the new translation frame-

Pr(eflf{) =

translation output

M
¢l = argmax {Z )\mhm(e{,f{)} 4
m=1

I
Ie;

« phrase translation model work and the standard translation process. A re-
ordering lattice replaces the original source sentence
e phrase count features as the input to the translation system. The use of a

lattice avoids hard decisions before translation. To
generate the reordering lattice, the source sentence is
word and phrase penalty first POS tagged and chunk parsed. Then, reorder-
ing rules are applied to the chunks to generate the
reordering lattice.

distortion model (assigning costs based on the Reordering rules are the key information for
jump width) source reordering. They are automatically learned

_ _ _from the training data. The details of these two mod-
All the experiments in the paper are evaluated with;jes will be introduced in Section 5.

out rescoring. More details about the baseline sys-
tem can be found in (Mauser et al., 2006) 4 Reordering Rules

word-based translation model

target language model (6-gram)

3.2 Source Sentence Reordering Framework  There has been much work on learning and apply-

Encouraged by the work of (Xiaand McCord, 2004)ng reordering rules on source language, such as
and (Crego and Marifio, 2006), we also reorder th@NieRen and Ney, 2001; Xia and McCord, 2004;
source language side. Compared to reordering @wollins et al., 2005; Chen et al., 2006; Crego and
the target language side, one advantage is the effiftarifio, 2006; Popovic and Ney, 2006). The re-
ciency since the reordering lattice can be translateatdering rules could be composed of words, POS
monotonically as in (Zens et al., 2002). Another adtags or syntactic tags of phrases. In our work, a rule
vantage is that there is correct sentence informatiaa composed of chunk tags and POS tags. There is
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Table 1. Examples of reordering rulesh4: chunk ] m ]
and POS tag sequenads: permutation ) | ] -
no. | Ihs rhs - = m
1. NPy PP us ng 0123 ] || [ ]
2. | NPy PP, uz ns 3012 o o > o o > o - >
3. | DNPy NP, VP 012 INPFLf2] [NPf3f4]  [NPFLf2] [NPf3fa] [NPfLf2] [NPf3f4]
4. | DNPyNP, VP, 102 @) ®) ©
5. | DNFy NPymy 012 Figure 2: lllustration of three kinds of phrases:
6. DNP(]N.PlTTLQCLdg 3012 .
. DNP- NP J 43012 (a)monotone phrase, (b)reordering phrase, (c)cross
: 0 Y11 Th2 ads v phrase. The black box is a word-to-word alignment.

The gray box is a chunk-to-word alignment.

no hierarchical structure in a rule.
Here,j, denotes the position of the first source word
4.1 Definition of Reordering Rules in k" chunk. The new alignment is : m from

First, we show some rule examples in Table 1. A reZ0Urce chunks to target words. It also meapss a
ordering rule consists of a left-hand-sidé«) and a S€t Of positions of target words.

right-hand-side i(hs). The left-hand-side is a syn- We apply the standard phrase extraction algorithm
tactic rule (chunk or POS tags), while the right(Zens etal., 2002) tF{*, ¢{, a{'). Discarding the
hand-side is the reordering positions of the rule. Dif¢r0Ss phrases, we keep the other phrases as rules. In
ferent rules can share the same left-hand-side, sugffross phrase, at least two chunk-word alignments
as rules no.1, 2 and no. 3, 4. The rules record overlap on the target language side. An example
not only thereal reordered chunk sequence, but als@f @ €ross phrase is illustrated in Figure 2(c). Fig-
the monotone chunk sequences, like ng.3 and Ure 2(a) and (b) illustrate the phrases for reordering

5. Note that the same tag sequence can appear miiles, which could be monotone phrases or reorder-

tiple times according to different contexts, such a9 phrases.
DNPy NP, ma#01 2inrules no.5, 6, 7. _ ) _
5 Reordering Lattice Generation

4.2 Extraction of Reordering Rules .
5.1 Parsing the Source Sentence

The extraction of reordering rules is based on th$ _ N .
. he first step of chunk parsing is word segmentation.
word alignment and the source sentence chunks

Here, we train word alignments in both directionsThen’ a POS tagger is usually needed for further

with GIZA++ (Och and Ney, 2003). To get align- syntactic analysis. In our experiments, we use the

ment with high accuracy, we use the intersectioﬁOOI of'lnst. of Computing T,?Ch" Chinese Lexical
alignment here. Analysis System (ICTCLAS)” (Zhang et al., 2003),

. . .which does the two tasks in one pass.
For a given word-aligned sentence pair _ . ,

J oI 7o Referring to the description of the chunking task
(f{,e1,af), the source word sequencé; is . . . .

; . in CoNLL-2000, instead of English, a Chinese
first parsed into a chunk sequené¥‘. Accord- : .
. . T chunker is processed and evaluated. Each word is
ingly, the word-to-word alignment; is changed ianed a chunk t hich contains th fth
to a chunk-to-word alignmen&! which is the a;sngl:le ac udn”B??,wthlc f_cotn amj fetrr:am;:ok ©
combination of the target words aligned to the” l:in,,l,,t]}/pe anh ih or (Z_lrsthworh Ok _e]:_hc ug
source words in a chunk. It is defined as: an or gac other word in ?C unx. The

chunk tag is used for tokens which are not part of

N . ) L any chunk. We use the maximum entropy tool YAS-
a = {ili = a; N j € [ji, jr+1 — 1]} y Py

http://www.cnts.ua.ac.be/conll2000/chunking/
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Figure 3: Example of applying rules. The left part is the usdds. The right part is the generated new
orders of source words.

MET? to learn the chunking model. The model isble reorderings’ and is given a weightV. In this
based on a combination of word and POS tags. Sinpaper, the weight is computed using a source lan-
specific training and test data are not available fayuage modep(S’). The weight is used directly in
Chinese chunking, we convert subtrees of the Chihe decoder, integrated into Equatiot). There is
nese treebank (LDC2005T01) into chunks. As theralso a scaling factor for this weight, which is op-
are many ways to choose a subtree, we uses the miimized together with other scaling factors on the
imum subtree with the following constraints: development data. The probability of the reordered
source sentence is calculated as follows: for a re-

ordered source sentencgws...w,, the trigram lan-
e the children of a subtree are all leaves. guage model is:

e a subtree has more than one child,

Compared to chunking of English as in CoNLL- N

2000, thgre are more chunk typex! (nstead of6) p(8) = H (W | W3, Wn—1) (5)
and no single-word chunks. These two aspects make
chunking for Chinese harder.

n=1

Beside a word N-gram language model, a POS tag

5.2 Applying Reordering Rules N-gram model or a chunk tag N-gram model could
First, we search the reordering rules, in which thée used as well.
chunk sequence matches any tag sequence in the inin this paper, we use a word trigram model. The
put sentence. A source sentence has many patim®del is trained on reordered training source sen-
generated by the rules . For aword uncovered by angnces. A training source sentence is parsed into
rules, its POS tag is used. Each path correspondsdhunks. In the same way as described in Section
one sentence permutation. 4.2, word-to-word alignments is converted to chunk-

The left part of the Figure 3 shows seven possible-word alignments. We reorder the source chunks
coverages, the right part is the reordering for eacto monotonize the chunk-to-word alignments. The
coverage. Some of the reorderings are identical, likehunk boundaries are kept when this reordering is
the permutations in line 1, 3 and 5. That is becausgone.
one word sequence is memorized by several rules in
different contexts. 6 Experiments

5.3 Lattice Weighting 6.1 Chunking Result

All reorderings of an input sentencg are com- In this section, we report results for chunk parsing.
pressed and stored in a lattice. Each path is a pos3ihe annotation of the data is derived from the Chi-

2http://www-i6.informatik.rwth-aachen.de/web/Softwar nese treebank (LDC2005T01). The corpus is split
findex.html into two parts: 1000 sentences are randomly se-



Table 2: Statistics of training and test corpus foifable 4: Statistics of training and test corpora for the

chunk parsing. IWSLT tasks.
train test | | Chinese| English |

sentences 17785| 1000 Train Sentences 40k
words 486 468| 21851 Words| 308k | 377k

chunks 105773] 4680 Dev Sentences 489
words out of chunkg 244 416| 10282 Words| 5478 | 6008

Test Sentences 500
IWSLTO04 Words| 3866 \ 3581

Table 3: Chunk parsing result on 1000 sentences. | Test Sentencek 506
accuracy| precision| recall | F-measure IWSLTOS Words| 3652 | 3579

74.51% 65.2% | 61.5% 63.3 Test Sentences 500

IWSLTO06 Words| 5846 \ -

lected as test data. The remaining part is used for
training. The corpus is from the newswire domain. rules. A development corpus is used to optimize the

Table 2 shows the corpus statistics. For the 4 68graling factors for the BLEU score. The English text
chunks in the test set, the chunker has found 4 418 processed using a tokenizer. The Chinese text pro-
chunks, of which 2879 are correct. Following thecessing uses word segmentation with the ICTCLAS
criteria of CoNLL-2000, the chunker is evaluategs€gmenter (Zhang et al., 2003). The translation is
using the F-score, which is a combination of preevaluated case-insensitive and without punctuation
cision and recall. The result is shown in Table 3. marks.

The accuracy is evaluated at the word level, the The translation results are presented in Table 5.
other three metrics are evaluated at the chunk levelhe baseline system is a non-monotone translation
The results at the chunk level are worse than at tHfg/stem, in which the decoder does reordering on
word level, because a chunk is counted as corretite target language side. Compared to the base-
only if the chunk tag and the chunk boundaries arthe system, the source reordering method improves

both correct. the BLEU score by.5% — 1.8% absolute. It also
_ achieves a better WER. Note that the used chun-
6.2 Translation Results ker here is out-of-domaif. An improvement is

For the translation experiments, we report the twachieved even with a low F-measure for chunking.
accuracy measures BLEU (Papineni et al., 20080, we could hope that larger improvement is possi-
and NIST (Doddington, 2002) as well as the twdle using a high-accuracy chunker.
error rates word error rate (WER) and position- Though the inputis a lattice, the source reordering
independent word error rate (PER). is still faster than the reordering during decoding,
We perform translation experiments on the Ba€.0. for the IWSLT 2006 test set, the baseline system
sic Traveling Expression Corpus (BTEC) for thetook 17.5 minutes and the source reordering system
Chinese-English task. It is a speech translation tagR0ok 12.3 minutes. The result also indicates that the
in the domain of tourism-related information. Wenon-monotone decoding hurts the performance in a
report results on the IWSLT 2004, 2005 and 200&ource reordering framework. A similar conclusion
evaluation test sets. There are 16 reference trari§-also presented in (Xia and McCord, 2004).
lations for the IWSLT 2004 and 2005 tasks and 7 Additional experiments we carried out to compare
reference translations for the IWSLT 2006 task. ~POS-level and chunk-level reorderings. We delete
Table 4 shows the corpus statistics of the task. e chunk information and keep the POS tags. Then,
training corpus is used to train the translation model, s ~n ke

’ ) 3The chunker is trained on newswire data, but the test data
the language model and to obtain the reordering from the tourism domain.
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Table 5: Translation performance for the Chinese-EngW8BLLT task
| | WER[%] | PER[%] | NIST | BLEU[%] |

IWSLTO4 baseline| 47.3 38.2 7.78 39.1
source reordering  46.3 37.2 7.70 40.9

IWSLTO5 baseline| 45.0 37.3 7.40 41.8
source reordering  44.6 36.8 7.51 42.3

IWSLTO6 baseline| 67.4 50.0 6.65 22.4
source reordering  65.6 50.4 6.46 23.3

source reordering+non-monotone decoger 66.5 50.3 6.52 22.4

oor chunker, the chunk-level source reordering is

Table 6: Translation performance of reordering . .
till helpful for a state-of-the-art statistical transla-

methods on IWSLT 2004 test set

WER | PER| NIST | BLEU tion system and it has better performance than the
[%] | [%] [%6] POS-level source reordering and target-side reorder-
[Baseline] 473 [382] 7.78] 391 | "%

There are some directions for future work. First,
we would like to try this method on larger data sets
and other language pairs. Second, we are going to
improve the chunking accuracy. Third, we would
educe the number of rules and prune the lattice.

POS| 469 | 37.5| 7.38 | 39.7
Chunk| 46.3 | 37.2| 7.70 | 40.9

Table 7: Lattice information for the Chinese—Eninshr

IWSLT 2004 test data
avg. density|| used | translation

pro sent || rules | time [min/sec] This material is partly based upon work sup-
POS 15.7 6868 7:08 ported by the Defense Advanced Research Projects

Chunk 8.2 3685 3:47 Agency (DARPA) under Contract No. HR0011-06-
C-0023, and was partially funded by the Deutsche
Forschungsgemeinschaft (DFG) under the project

we rerun the source reordering system on the IWSLStatistische Textubersetzung” (Ne572/5)

2004 test set. The translation results are shown in

Table 6. Though the accuracy of chunking is lowg eferences

the chunk-level method gets better results than POS- _ )

- A. L. Berger, S. A. Della Pietra, and V. J. Della Pietra. 1986.
level method. With POS tags, we get more reorder- maximum entropy approach to natural language processing.
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