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Abstract—Constructing a corpus of parallel sentence pairs is environments (purely parallel corpora); Michel Simard][12
an important work in building a Statistical Machine Translation  submitted mixing length scheme from Gale-Church [4] and
system. It impacts deeply how the quality of a Statistical Machine "coghate” criterion to a unify criterion to obtain betterstits

Translation could achieve. The more parallel sentence pairs we . th . ¢ hich little "noise”. But th tw
use to train the system, the better translation’s quality it is. In the environments which are a littie “noise”. but these two

Nowadays, comparable non-parallel corpora become important Cfiteria are not powerful, robust, "noise-protecting” ecarate
resources to alleviate scarcity of parallel corpora. The problem enough for extracting parallel sentence pairs from exthgme
here is how to extract parallel sentence pairs automatically "noisy” environments [7].
but accurately fr_om comparable non-parallel corpora which are Some other studies such those of Utsuro [13] and Zhao [17]
usually very "noisy”. This paper presents how we can apply the o . .
reinforcement learning scheme with our new proposed algorithm US€d @ statistical translation lexicon model. Howeversehe
for detecting parallel sentence pairs. We specify that from an Works suffer much from the ambiguity of word translations,
initial set of parallel sentences in a domain, the proposed model that cause the error rate problem (i.e. the high error rate
can extract a large number of new parallel sentence pairs from of extracted parallel sentence pairs). Building a statiti
non-parallel corpora resources in different domains, concurretly  yangjation lexicon model from a set of available parallel
increasing the system’s translation ability by time. - . s .

sentence pairs for constructing a dictionary is an erroner
challenge, because its error rate measurement is extremely
hard to control[10], [15], [8], [17].

Statistical Machine Translation (SMT) is @ machine trans- Some methods tried to reduce the error rate by limiting
lation approach which depends on creating a parameter prep translations for each source language word, for example
abilistic model by analyzing parallel sentence pairs in Runteanu [9] used "top five translations of each of its words”
bilingual corpus. With the "de-facto” Moses SMT Engine [S]to reduce as much as possible the error rate of the parallel
the effort in building an acceptable translation systemliua corpus extraction. However, it was not a steady solving, and
is reduced by releasing a lot of works. Nowadays, extractimgus there was still a risky error-prone challenge and itosim
a large number of parallel sentence pairs is one of the mesjected correct word-by-word translations in dictionary
consuming-time and important work for building a good SMT. The risk of the error rate is also bounded the power of
Unfortunately, parallel corpora have been "limited in Sizesther methods which are based on the statistical translatio
language coverage, and language register” [9]. Comparaigicon model, such as in ([8], [14], [9], [1]). They purely
non-parallel corpora are much more available from varioyged the word translation model as the main criterion. Under
resources in different domains, such as from Wikipedia, ewur observationt this model will not be sufficient enough to
websites, etc. However, these resources are very "noisyAtisfy the requirement of extracting parallel sentences i
environments for the work. noisy environment.

This paper focuses on the problem: from an initial training |n this paper we improve the similarity measurement by
corpus which usually contain a small number of parallgjroposing a new algorithm in which we combine Length-based
sentence pairs, how do we can expand this training corpfiiering, Cognate condition, and content-based simiariea-
specially to a new knowledge domain. By this way the Weurement with some appropriate modifications. Specially we
can improve the SMT system repeatedly. In addition, thgprove the algorithm of measuring content-based sintjlari
SMT system can also enhance its translation’s ability in newy using phrasal overlapping calculation denoted in [1thwi
knowledge domains. the help of a complete phrase-based SMT system. We also

In a general framework of extracting parallel corpus Wolate the translation phrases (also called segments)smé
firstly derive parallel sentence pair candidates, and tren @onstraint rule to prevent the unexpected overlappinggeisa
termine whether a pair is parallel or not based on the simhe proposed algorithm will extend a large number of paralle
ilarity measurement between the two sentences in the pagigntence pairs and concurrently reduce considerably rexter
Gale-Church [4] measured the rate of lengths between two
bilingual sentences. This method is suitable in very "clean !This observation will be confirmed in the section Experiment.

I. INTRODUCTION



in comparison with previous studies. In addition, by using t THE INTEGRATING MODEL
schem(? of remforcement_lea_trmng, we_W|II show that .the SMeAnpinaTE PAIRS PARALLEL SENTERICLS
system’s translation quality is deeply increased by time. |~ — — - — DETECTING METHOD — — - — - —

The rest of this paper is organized as follows: Section [ Length Filtering — RN
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presents the reinforcement learning idea and its appicat

I

our task. Section Ill shows our method for detecting pakall Candidates : :Cnmlidntes ; i

sentence pairs. Section IV describes in detail the algaoritt e —— - ——— = —-———————- 4

for measuring the content-based similarity between the tv /|\ ‘ N J
i i i SMT

sentences. Section V presents our experimental evalgati Re-extracting - N Re-training SMT System

to clarify our contributions. Finally, conclusion is desiy in

section VI. ] )
Fig. 1. Architecture of the proposed Model

Il. REINFORCEMENTMODEL FOR EXPANDING PARALLEL
CORPORA
The basic reinforcement learning model typical consists of * Step 2- Filtering candidates based on the similarity of
. a set of environment states S: cognates in the two bilingual sentences.
. a set of actions A: o Step 3- Measuring content-based similarity described
. a set R of scalar immediate rewards. in Figure 2, and then determine whether a candidate is

. . . . . arallel or not.
A reinforcement learning agent interacts with its environ- P

ment in discrete time steps. At each specific time t with state!n Step 1, Gale-Church [4] indicated that the length measure
s; € S and the set of actions availabl(s,). It elects an ment cou_Id be ”used_ln adynarmc programming framework in
action in the action seti(s;) and the environment walks Order to flnq the maximum likelihood allgnment' of sentences”
to a new states,,; with a reward r.,,. Concerning to We use this measurement as a length filtering criterion by
the environments which have a terminated state, the goal@ecking the ratio of candidate pair's length. From all para
the agent in reinforcement learning is to try to establish $¢ntence pairs of the training corpus we calculate the mean
plan 71 S — A which collects as mucheward as possible: and variance of all the length ratios. If a candidate has its
R=10+7 4+ .. +70. ratio staying in the circle of this mean and variance, it pass
The prior target of parallel sentence extracting at each spe step 1 and goes to step 2.
cific time t (corresponding to theystem’s translation ability ~In step 2, we adjust Simard [12] idea by comparing the
at that time ;) could not extract all the parallel sentenc®rders of cognate sequences between two sentences in-a bilin
pairs from a comparable non-parallel corpora resource. Ciial sentence candidate (the cognates are just non-tiansla
scheme is that the most highest priority of finding job dtymbols, such as question mark, bracket, parenthese}, etc.
each specific time is extracting all of possible candidat&é®r example, if thestructureof source language sentence is:
based on the system’s translation ability at that time ard re A, B, C" D"
extracting it latter to get the lack of parallel sentencerpaiand target language sentence’s structure is:
which could not achieve previously or extracting new non- E, F, G"H ™.
parallel corpora in different domains due to the increase ofIn this step we compare the orders of cognate sequences
the system’s translation ability. between the two sentences in a pair and also checking the
Applying the simplest case of reinforcement learning mpdéength filtering condition in its sub-parts. This conditia
where each state is represented as the system's translafigtisfied if the cognate sequences are the same and its sub-
ability at each specific time t, we have at each state only oR@rts pass the length-filtering condition (as in the stepn®),
available action (corresponding to extracting all of patal then go to step 3.
sentence pairs as much as possible and we get the numbéh step 3, we estimate the content based similarity between
of parallel sentence pairs reward achieving). After finditig the two sentences in the candidate. This similarity is aesig
possible parallel sentence pairs at each time t, we themimetra score, and if this score is greater or equal a thresholdcall
the SMT system and go to the new stage; . Fig. 1 shows the A we obtain a new parallel sentence pair.
architecture of our reinforcement scheme that deals with bo Figure 1 specifies the architecture of our proposed model,
tasks: expanding training corpus of parallel sentencesaaid which applies our new proposed method of detecting parallel
improving the corresponding SMT system. sentence pairs to the reinforcement learning scheme. il det
the detecting method consists of two parts. The first part
will remove candidates based on the conditions of length
and cognate. The second one uses a content-based similarity
The proposed method for detecting parallel sentence pagigasurement for filtering candidates. Firstly the candislgb
includes three steps as follows: through the first part and if they are satisfied its conditions
« Step 1- Filtering candidates based on the ratio of lengthttien they are moved the second part through the SMT. That is
of the two bilingual sentences in each candidate. because in the algorithm of measuring content-based sityila

Ill. METHOD FORDETECTING PARALLEL SENTENCE
PaIRS



CONTENT SIMILARITY MEASURING they measured the overlap of words/phrases between the two
ALGORITHM sentences, we here can utilize more information from ostput

of the complete phrase-based SMT system (based on the
MOSES Framework[5]). That will help to reduce "noisy”
phrases, avoid inaccurate results and fix flaw as mentioned
in [2].

The MOSES Framework[5] trains parallel corpus by extract-
ing all legal parallel phrasegonsists with thevord alignment
- words in one phrase are only aligned to words in another
phrase of a pair. The following criterion proposed by Zef§[1
defines the set of bilingual phrases BPP(f{,el, A) of
sentence paiff{,e!) consists with word alignment matrix
A generated from IBM Model:

{(.ff+m76§+") V(i 5" € A}
j<ji<j+mei<i<it+n

we will use the translations of source sentences. Findlly, The basic formula for finding,..; (decoding step) in statis-
these candidates can pass the conditions of content-bagefl phrase-based model (mixing several components which
similarity measurement we will obtained new parallel seoée contribute to the overall score: thghrase translation proba-
pairs. Each time when we complete expanding the trainimgity ¢, reordering model and thelanguage modeb_L M),
parallel corpus, we can re-train the SMT system and repeat thhich gives all i = 1, ..., | input phrases fi and output phrase
processing of expanding parallel corpus as well as impmpvigj and their positionstart; and end;:

the SMT system. —
4 argmazx, Hle o(filer)d(start; — end;—1 — V)pra(e)

For almost parallel sentence candidates, we have a very long
number of words of each sentence in a pair. The number of
The content-based similarity measurement is an excitimgprds are usually more than 10-15 words per a sentence. By
problem. In our specific problem, we have to find out ththe way, surprisingly, Koehn[6] pointed out that limitinget
similarity value between two sentences, which one is a nbrm@ngth to a maximum of "only three words” per a phrase
human sentence and another one is a machine-generaiseady gains top performance. Using longer phrases does
sentence. The machine-generated sentence is yielded bgotyield much improvement, and occasionally leads to worse
complete phrase-based SMT system, which its generatiorrésults. In general, we also usually use trigram as the tlefau
based on the language model and the translation model [6].|80guage model parameter of a phrase-based SMT system[6].
we can't treat it like a normal human sentence. And we can't We see thatP’, ), is actually isnot clue enougtto be an
apply "semantic” metric or "grammar” metric on measuringelationship between all phrases This means that we can
the similarity between two normal human sentences. The wakgsume the output of the complete phrase-based SMT system
overlapping metric seems to be appropriate for this problerlecoding step, all of each phrase elemenis independent
Banerjee and Pedersencite [3] introduced the lexical aperiwith other elementsor there’sno (or rarely) relationship
measurement based afipf’s law between thelength of between the elements
phrasesand theirfrequenciesin a text collection, which is  From the results of the MOSES's decoding process we
called the "multi-word phrases overlap” measuring metho@an split the translation sentence into separate segments.
Ponzetto and Strube [11] used the sum of sentence lengths BAH €xample, a translatiosentencewith_tracé has format
apply the hyperbolic tangent function to minimize the effe¢equence of segments like the following:
of the outliers. In fact, the traditional lexical overlap asere-
ments treat sentences as a bag of words and does not regard
highly the differences betweesingle words overlagndmulti- SO that if we treat these segments independently we
word phrases overlapThe comparison of the content-base§an avoid measuring the overlap on the phrases such as
similarity measurements is credited by [2] and they pointéékWk+1, Wk—1WkWk41,---. It means that we will not take
out that the "multi-word phrases overlap” measurement és tihe phrases in which their words appear in different traiusia
best measurement in the lexical overlap metric. segments. Note that in a "noisy” environment this phenomeno
For the work of determining parallel sentences in the tw@ay cause many wrong results. .
languages, we first use a complete phrase-based SMT systefiOte that for computing phrase overlapping measurement
to translate a sentence (called translation sentence)eo Bgtween the sentencande (i.e. the content-based similarity)
target language (language of the second sentence). And tHghuse the formulate denoted in [3] and [11], as follows:

gpply the phrasal overlap- measurement for the tWo sentencef nning the MOSES decoder with the segmentation trace swiirty -t
in the same language. Different from other studies in whialption

/*Input: Source language f

Target language e

Output: Content Similarity(f, e)*/
Candidate(f, e)

/ /Decoding with trace option

Sentence t = decoding(SMT system, f)

/ /Returning Content Similarity overlap (t, e)
return:

O“"""i’lpp]w‘u.se (t-ﬁ) )

S onertapphrase(t, €) = lanh(“" 02z

Fig. 2. The content-based similarity measuring algorithm

IV. THE ALGORITHM FORMEASURING CONTENT BASED
SIMILARITY

t = |lwiws... W] | Wk 41 Wk42.. W |-



SiMovertap phrase(t, €) = tanh(%*”@fﬂ(t’e)) a pair of bilingual pages, denoted as page A (contaimng
sentences) and page B (containmgentences) we havex m

where . )
candidates of parallel sentence pairs.

overlap(t,e) = ij >, n?
here m is a number of n-word phrases that appear in béh Evaluation 1

sentences. This experiment comes from a development set with about

From our observation, long overlapping phrases take 33 0og parallel sentence candidates getting from Wikipedi
large proportion in the score of overlapping measuremefdsoyrce (they are both satisfied the conditions on length
between_ the two sgntences. Therefore, the appearance, cognation) and to be going through the content-based
overlapping phrases in non-parallel sentences may cause Mimiarity measuring algorithm. With the obtained paralle

mis-detection of parallel sentence pairs. In a very "no8§*  sentence pairs, we will check by hand that each pair is true
vironment there easily exist overlapping phrases randohly .. wrong (i.e. the sentences in a pair are parallel or not).

is worth to notice that this phenomenon hasn't been mentiong,51e 1 shows the results when using 1-gram overlapping

in previous studies. measurement; Table 2 shows the results when implementing

To overcome this drawback, we added a constraint rule §Q, improved algorithm with phrasal overlapping, indepentd
the algorithm of measuring content-based similarity, thiaan fragments, and the constraint rule.

overlapping phrase withl words (called N-word overlapping

phrase) will be counted if there are at led$toverlapping A Total | True | Wrong | Error(%)
phrases/words which have their lengths shorter tNaand 0.45| 778 | 582 | 196 25.19
doesn’t appear in the fragment of the N-word overlapping 0.5 | 474 | 389 | 85 17.93
phrase. 055|266 | 231 | 35 13.15
With this constraint-improving, our detecting model is 0.6 | 156 | 140 | 16 10.25

extremely "strong” noise-filteringand better than previous
studies. The superior quality of our detecting model bas
on constraint-improving will show more detail in the sentio

J&ble 1 - Error rate of detecting parallel sentence pairsgusi
1-gram overlapping

Experiment. A Total | True | Wrong | Error(%)
0.35| 595 | 586 |9 151
V. EXPERIMENT 04 | 404 | 401 | 3 0.74
This experiment is deployed on an English - Viethamese 045|272 | 272 |0 0.00
phrase-based SMT Project, using Moses framework [5]. We 05 [172 [172 |0 0.00
implement three evaluations to clarify major contribuioof 055|108 | 108 | O 0.00
the proposed model. 06 | 83 83 0 0.00

« The first evaluation estimates the thresholdconcur-
rently shows the improvement of the proposed algorith;ﬁibI
of measuring content-based similarity.

o The second evaluation compares our parallel sentence

pair detecting method with a previous dictionary-based The obtained results in Table 1 and Table 2 have shown

method which is considered as the baseline. that the proposed algorithm for detecting parallel sergsnc
« The third evaluation shows the ability of expandingire much better than the normal algorithm. They shows that

parallel corpus, consequently improving the SMT systefRe error rate of using the normal overlapping method is very

via measuring its BLEU score. high, meanwhile with the improved method we can achieve
very low error rate even there are no errors wheis greater
than 0.4. It is interesting that, the improved algorithm even

For the initial parallel corpus, we extract from a Subtitl¢yring a larger number of true parallel sentence pairs (588 pa
resource and obtain 50,000 parallel sentence pairs. Toalp tin comparison with 582 pairs). This evaluation also detagsi
we first use the length-based filtering method [4] and theRat A\ = 0.35 is a suitable threshold.
check again by hand.

The Wikipedia resource is chosen for expanding the paral@l
corpus. It is worth to emphasize that the knowledge domain
of Wikipedia is far different from Subtitle domain. We found This evaluation was done in an exact condition with the
Wikipedia resource a clue for bilingual connection, likatth Evaluation 1 to compare how better our proposed method
a Wikipedia page (in source language) will connect to (i6 in comparison with previous studies [13], [9] which used
exists) another wiki page (in target language) via Wikipé&di Length, Cognate, and Dictionary for measuring contenetias
hyperlink structure. By this evidence, we can collect a $et similarity. For this evaluation, we use "top five translatoof
bilingual pages (in English and Vietnames). And then, fromach of its words” as described in [9].

e 2 - Error rate of detecting parallel sentence pairsgusi
phrasal overlapping, independent fragment, and the
constraint rule.

A. Data preparation

Evaluation 2



CORRECT PARALLEL SENTENCES EXTRACTING COMPARING SYSTEM PERFORMANCE IMPROVEMENTS
600 586 25 23 96 24.07
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Fig. 3. Comparing the proposed algorithm and the baselinerition Fig. 4. The system performance improvements gradually

A Total | True | Wrong | Error(%) of extending parallel sentence pairs. This is done by apglyi
035|149 | 134 | 15 10.06 the reinforcement scheme and using the method for detecting
04 | 105 |93 12 11.43 parallel sentences. Each time when the training is extended
045/64 (60 |4 6.25 we will retrain the SMT system, and then apply it to the
05 |45 [43 |2 4.65 candidates again to find out new results. The Table 4 shows
0.55| 31 31 |0 0.00 the experimental results:
0.6 | 29 29 0 0.00 —
Iterator | Training | BLEU(%) | Extract
Table 3 - Error rate of detecting parallel sentence pairsgusi lter. 1 | 50,000 | 8.92 22,835
Dictionary. lter. 2 | 72,835 | 21.80 16,505
Table 3 shows the obtained results of error rate when lter. 3 | 89,340 | 23.01 4,742
detecting parallel sentence pairs using Dictionary. We s&n lter. 4 | 94,082 | 23.96 1,130
that Table 3 denotes that a dictionary created from lexical lter. 5 | 95,212 | 24.07 0
translation probability output is extremely noisy. In atith, Taple 4 - The Results of Integrating Reinforcement Learning
Figure 3 points out that when the word-based translation with Our Detecting method

models limit the number of possible word-translations to

balance the error rate controlling, it will reduce intepstle ~ We use a test set of parallel sentence pairs of 10,000 paralle
number of extracted parallel sentences. In contrast, ajho Sentence pairs handlingfrom Wikipedia resource to test the
our proposed method satisfies deeply the error rate cangpll improvement of the BLEU score of our phrase-based SMT

meanwhile it could also extract more parallel sentencespairSyStem.
At first the BLEU score is 8.92% obtained by using the

initial training set. And then, at the first iteration of the
D. Evaluation 3 process of extending parallel corpus, we achieve 22,835 new

This evaluation tests the re-training with the re-extragti parallel sentence pairs. Retraining a with the new traisieg

capacity of our proposed model. We extract 9,998 parall‘é‘?malnlng 72,835 parallel sentence pairs t_he BLEU Scaup IS
links from Wikipedia (via Wikipedia's hyperlink structyrand 1 21:80%. And then the SMT system continue extracting more
use this resource for evaluating the scalability our metho%:le’505 new pa“.”‘"e' §entencg pairs which could not extract
Note that by using step 1 and step 2 of the parallel senterﬁ:tethe previous |terat|p ns. This resylt deqptes that the SMT
detecting algorithm, we remove a large number of parallg}'Stem IS how upgrading its translation ability. At the ewd, .
sentence pair candidates from the whole of candidates (t&qg extract in the total of 45,212 new paral_lel sentencespair
of million of parallel sentence pair candidates). Consatjye and_th(_e BLEU score reaches to 24.07% which is far from the
there are only about 958,800 candidates to be used for the é{ggmmng sytem.

3.

. . . SWe first extract automatically a set of parallel sentence pairdidates
Starting up with a set of 50,000 available parallel sentengg..q on the proposed algorithm, and then check them agairary for

pairs collected from Subtitle resources we will test theac#ly  obtaining exactly parallel sentence pairs.



Figure 4 shows out more details the increasing of BLE[d1] Simone Paolo Ponzetto and Michael Strube. Knowledgevettfrom
Score value gradually. Another interesting thing is when we Wikipedia for computing semantic relatednedsArtif. Int. Res.30:181~

h itable ti 212, October 2007.
try to extract other resources, at a suitable time, we COL[@] Michel Simard, George F. Foster, and Pierre IsabelleingJsognates

turn back and could still extract more parallel sentencespal  to align sentences in bilingual corpora. Pnoceedings of the 1993 con-
from this resource. That's one of the most valuable things of ference of the Centre for Advanced Studies on Collaboratgearch:

. . . distributed computing - Volume £ZASCON '93, pages 1071-1082. IBM
our proposed model - applying reinforcement learning seéhem  pocs 1993

integrating with our detecting method. [13] Takehito Utsuro, Hiroshi Ikeda, Masaya Yamane, Yuiji Manoto, and
Makoto Nagao. Bilingual text, matching using bilingual dciary and
VI. CONCLUSION statistics. InProceedings of the 15th conference on Computational

linguistics - Volume 2COLING '94, pages 1076-1082, Stroudsburg,
This paper has proposed a model that integrates our new PA, USA, 1994. Association for Computational Linguistics.

. . . 4] Dekai Wu. Aligning a parallel english-chinese corpustistically
method of detecting parallel sentences into a remforceméh with lexical criteria. In Proceedings of the 32nd annual meeting

learning scheme for the purpose of extending a parallelusrp on Association for Computational LinguistjicACL '94, pages 80-87,
and consequently improving statistical machine trarsfati Stroudsburg, PA, USA, 1994. Association for Computationaglistics.

. . .[15] Richard Zens and Hermann Ney. A comparative study on ezorg
Various experiments have been conducted and the Obta"l;']eé constraints in statistical machine translation.Piroceedings of the 41st

results have shown that the proposed algorithm of detecting Annual Meeting on Association for Computational Lingaisti Volume
parallel sentences could extract a larger number of péaralle fl Ag'— '03i F;_agesl 6_44-_15{1’ Stroudsburg, PA, USA, 2003. Asittmi

H - Tor Computational Linguistics.
sentence pairs and the error rate has been much reduceﬂdp Richard Zens, Franz Josef Och, and Hermann Ney. Phusadb
comparison with the previous results. This new algorithm IS = statistical machine translation. IRroceedings of the 25th Annual
then applied into a reinforcement scheme, which allows the German Conference on Al: Advances in Artificial Intelligeni| 02,

- S o pages 18-32, London, UK, 2002. Springer-Verlag.
SMT system can be Upgraded by time with its Improved ab'“@.(?] Bing Zhao and Stephan Vogel. Adaptive parallel sergsnmining

of translation, specially for covering new knowledge damsai from web bilingual news collection. IRroceedings of the 2002 IEEE
International Conference on Data MinindCDM '02, pages 745-,
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