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Abstract

We present two methods for the automatic cre-
ation of parallel corpora. Whereas previous
work into the automatic construction of parallel
corpora has focused on harvesting them from
the web, we examine the use of existing paral-
lel corpora to bootstrap data for new language
pairs. First, we extend existing parallel cor-
pora using co-training, wherein machine trans-
lations are selectively added to training corpora
with multiple source texts. Retraining transla-
tion models yields modest improvements. Sec-
ond, we simulate the creation of training data
for a language pair for which a parallel corpus
is not available. Starting with no human trans-
lations from German to English we produce a
German to English translation model with 45%
accuracy using parallel corpora in other lan-
guages. This suggests the method may be use-
ful in the creation of parallel corpora for lan-
guages with scarce resources.

1 Introduction

Statistical translation models (such as those formulated

Brown et al. (1993)) are trained from bilingual sentence®

aligned texts. The bilingual data used for constructln%‘|aO| a link with the text “Esgf@l” or “en Espdol” then

translation models is often gathered from governme

documents produced in multiple languages. For exarrtl—
ple, the Candide system (Berger et al., 1994) was traine
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Al-Onaizan et al. (2000) explains in simple terms the
reasons that using large amounts of training data en-
sures translation quality: if a program sees a partic-
ular word or phrase one thousand times during train-
ing, it is more likely to learn a correct translation than
if sees it ten times, or once, or never. Increasing the
amount of training material therefore leads to improved
quality. This is illustrated in Figure 1, which plots
translation accuracy (measured as 100 minus word er-
ror rate) for French-English, Germasa-English, and
Spanisbs-English translation models trained on incre-
mentally larger parallel corpora. The quality of the
translations produced by each system increases over the
100,000 training items, and the graph suggests the the
trend would continue if more data were added. Notice
that the rate of improvement is slow: after 90,000 manu-
ally provided training sentences pairs, we only see a 4-6%
change in performance. Sufficient performance for sta-
tistical models may therefore only come when we have
access to many millions of aligned sentences.

One approach that has been proposed to address the
problem of limited training data is to harvest the web for
bilingual texts (Resnik, 1998). The STRAND method au-
tomatically gathers web pages that are potential transla-
H}ons of each other by looking for documents in one lan-
guage which have links whose text contains the name of

another language. For example, if an English web page

e page linked to is treated as a candidate translation of
ae English page. Further checks verify the plausibility
its being a translation (Smith, 2002).

on ten years’ worth of Canadian Parliament proceed-
ings, which consists of 2.87 million parallel sentences Instead of attempting to gather new translations from

in French and English. While the Candide system wathe web, we describe an alternate method for automat-
widely regarded as successful, its success is not indiceally creating parallel corpora. Specifically, we exam-

tive of the potential for statistical translation between arine the use of existing translations as a resource to boot-
bitrary language pairs. The reason for this is that collecstrap more training data, and to create data for new lan-
tions of parallel texts as large as the Canadian Hansardsage pairs. We generate translation models from exist-
are rare. ing data and use them to produce translations of new sen-



stantial, as with the Penn Treebank (Marcus et al.,
o ] 1993).
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e B e There has recently been considerable interesteéakly
T supervised learningvithin the statistical NLP commu-
nity. The goal of weakly supervised learning is to reduce
the cost of creating new annotated corpora by (semi-) au-
tomating the process.

Co-trainingis a weakly supervised learning techniques
which uses an initially small amount of human labeled
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. B S data to automatically bootstrap larger sets of machine la-
“ German —— beled training data. In co-training implementations mul-
anish ------ .
A140000 20000 30000 40000 50000 60000 70000 80000 > 90&00 100000 tlple |earners are used to Iabel neW examples and re_
raining Corpus Size (number of sentence par) trained on some of each other’s labeled examples. The

use of multiple learners increases the chance that use-
ful information will be added; an example which is eas-
Figure 1: Translation accuracy plotted against trainin%y labeled by one learner may be difficult for the other
corpus size nd t'her.efore addmg the confidently Iabeleq gxample will
provide information in the next round of training.
Self-trainingis a weakly supervised method in which
tences. Incorporating this machine-created parallel dagasingle learner retrains on the labels that it applies to
to the original set, and retraining the translation modelanlabeled data itself. We describe its application to
improves the translation accuracy. To perform the retrainmachine translation in order to clarify how co-training
ing we use co-training (Blum and Mitchell, 1998; Abney,would work. In self-training a translation model would be
2002) which is a weakly supervised learning techniquerained for a language pair, say Germainglish, from
that relies on having distinotiews of the items being a German-English parallel corpus. It would then produce
classified. The views that we employ for co-training aré&English translations for a set of German sentences. The
multiple source documents. machine translated German-English sentences would be
Section 2 motivates the use of weakly supervised learmdded to the initial bilingual corpus, and the translation
ing, and introduces co-training for machine translationmodel would be retrained.
Section 3 reports our experimental results. One experi- Co-training for machine translation is slightly more
ment shows that co-training can modestly benefit trangomplicated. Rather than using a single translation
lation systems trained from similarly sized corpora. Amodel to translate a monolingual corpus, it uses mul-
second experiment shows that co-training can have a diiple translation models to translate a bi- or multi-
matic benefit when the size of initial training corpora ardingual corpus. For example, translation models could
mismatched. This suggests that co-training for statistbe trained for GermaaEnglish, Frenchk:-English and
cal machine translation is especially useful for languageSpanisks-English from appropriate bilingual corpora,
with impoverished training corpora. Section 4 discussesnd then used to translate a German-French-Spanish par-
the implications of our experiments, and discusses wayslel corpus into English. Since there are three candidate
which our methods might be used more practically. English translations for each sentence alignment, the best
o o ) translation out of the three can be selected and used to
2 Co-training for Statistical Machine retrain the models. The process is illustrated in Figure 2.
Translation Co-training thus automatically increases the size of

- . arallel corpora. There are a number of reasons wh
Most statistical natural language processing tasksuse P . P . . i y
machine translated items added during co-training can be

perv!sedmachlne Iearn!ng, meaning that they require . «.1'in the next round of training:
training data that contains examples that have been an-
notated with some sort of labels. Two conflicting factors e vocabulary acquisition- One problem that arises

make this reliance on annotated training data a problem:  from having a small training corpus is incomplete

word coverage. Without a word occurring in its
training corpus it is unlikely that a translation model
will produce a reasonable translation of it. Because
the initial training corpora can come from different
e Annotated training data usually has some cost asso- sources, a collection of translation models will be
ciated with its creation. This cost can often be sub-  more likely to have encountered a word before. This

e The accuracy of machine learning improves as more
data is available (as we have shown for statistical
machine translation in Figure 1).
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Figure 2: Co-training using German, French, and Spanish sources to produce English machine translations

leads to vocabulary acquisition during co-training. eleven official languages of the European Union. We

. ith hol Th bl tioned used a subset of the data to create a multi-lingual cor-
* coping with morphology- The problem mentione us, aligning sentences between French, Spanish, Ger-

above is fur.th_er exacerbqted by the fact that mo%an, Italian and Portuguese (Simard, 1999). Addition-
current statistical translation formulations have al lly we created bilingual corpora between English and

incomplete treatment of morphology. This would beeach of the five languages using sentences that were not

a problem if the training data for a Spanish translai—ncIuded in the multi-lingual corpus
tion model contained the masculine form of a adjec- Och and Ney (2001) used the dlata to find a transla-
tive, but not the feminine. Because languages Van{on that was most probable given multiple source strings.

in how they use morphology (some languages hachh and Ney found that multi-source translations using

grammatical gender whereas others don't) one Iar?\'/vo source languages reduced word error rate when com-

o o s red 0 uSg sarce ting fom  sige anguage.
P or multi-source translations using source strings in six

not. d1;hus co—tr;umgg ca?hmcree:)sl,e th;ehlrlventor%/ Cl)anguages a greater reduction in word error rate was
word forms and reduce the problem that Morpnot, - pieved. our work is similar in spirit, although instead
ogy poses to simple statistical translation models.

of using multi-source translation at the time of transla-

e improved word order A significant source of er- tion, we integrate it into the training stage. Whereas
rors in statistical machine translation is the word reOch and Ney use multiple source strings to improve the
ordering problem (Och et al., 1999). The word or-quality of one translation only, our co-training method at-
der between related languages is often similar whiltempts to improve the accuracy of all translation models
word order between distant language may differ sighy bootstrapping more training data from multiple source
nificantly. By including more examples through co-documents.
training with related languages, the translation mod:

els for distant languages will better learn word orde?"1 Software
mappings to the target language. The software that we used to train the statistical mod-

N . els and to produce the translations was GIZA++ (Och
In all these cases the diversity afforded by multiple trans; Ney, 2000), the CMU-Cambridge Language Model-

lation models increases the chan_cg_s thﬁt the maCh'n'?g Toolkit (Clarkson and Rosenfeld, 1997), and the ISI
trgnslated sentences addeq tg the mmgl bilingual COrPOL\Write Decoder. The sizes of the language models used
will be accurate. Our co-training algorithm allows many;. aach experiment were fixed throughout, in order to en-
source languages to be used. sure that any gains that were made were not due to the
trivial reason of the language model improving (which
could be done by building a larger monolingual corpus of
In order to conduct co-training experiments we firsthe target language).

needed to assemble appropriate corpora. The corpus used’he experiments that we conducted used GIZA++ to
in our experiments was assembled from the data usedmoduce IBM Model 4 translation models. It should be
the (Och and Ney, 2001) multiple source translation pasbserved, however, that our co-training algorithm is en-
per. The data was gathered from tBelletin of the Eu- tirely general and may be applied to any formulation of
ropean Unionwhich is published on the Internet in the statistical machine translation which relies on parallel

3 Experimental Results



Round Number

Translation Pair 0 1 2 3 %0
French=English | 55.2 56.3 57.0 55.5
Spanisk>English | 57.2 57.8 57.6 56.9 25

German=English | 45.1 46.3 47.4 47.6
Italian=-English | 53.8 54.0 53.6 53.5
Portuguese-Eng | 55.2 55.2 55.7 54.3

Table 1: Co-training results over three rounds
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3.2 Evaluation Training Corpus Size (number of sentence pais)

The performance of translation models was evaluated us-
ing a held-out set of 1,000 sentences in each language,
with reference translations into English. Each translatiofigure 3: “Coaching” of German to English by a French
model was used to produce translation of these sentend@&English translation model
and the machine translations were compared to the ref-
erence human translations using word error rate (WER).
The results are reported in terms of increasing accuracy,
rather than decreasing error. We define accuracy as 100
minus WER. “
Other evaluation metrics such as position independent
WER or the Bleu method (Papineni et al., 2001) could
have been used. While WER may not be the best measure
of translation quality, it is sufficient to track performance
improvements in the following experiments.

45.2

Accuracy (100 - Word Error Rate)

3.3 Co-training

Table 1 gives the result of co-training using the most coathingof Garman —o—
accurate translation from the candidate translations pro- ‘oo 000 Wﬁ?nzﬂggmSlzezmyOfsngfgogm) e
duced by five translation models. Each translation model

was initially trained on bilingual corpora consisting of

around 20,000 human translated sentences. These trans- . o . ,
lation models were used to translate 63,000 sentences,':dgure 4 Coaching” of German to English by multiple
which the top 10,000 were selected for the first rounot.ranSIatIon models

At the next round 53,000 sentences were translated and

the top 10,000 sentences were selected for the second.

round. The final candidate pool contained 43,000 trandf@iNing pool at each round the number of “easy” trans-
lations and again the top 10,000 were selected. The tatf§ions diminishes over time. Because of this, the av-
indicates that gains may be had from co-training. Eacff@ge accuracy of the training corpora decreased with
of the translation models improves over its initial trainingSach round, and the amount of noise being introduced
size at some point in the co-training. The German to Efcréased. The accuracy gains from co-training might

glish translation model improves the most — exhibiting £xtend for additional rounds if the size of the candidate
2.5% improvement in accuracy. pool were increased, or if some method were employed

The table further indicates that co-training for ma.l© réduce the amount of noise being introduced.

chine translation suffers the same problem reported i .

Pierce and Cardie (2001): gains above the accuracy §f4 Coaching

the initial corpus are achieved, but decline as after a celn order to simulate using co-training for language pairs
tain number of machine translations are added to th&ithout extensive parallel corpora, we experimented with
training set. This could be due in part to the mannea variation on co-training for machine translation that
in items are selected for each round. Because the begé call “coaching”. It employs two translation models

translations are transferred from the candidate pool to ttef vastly different size. In this case we used a French




to English translation model built from 60,000 humanOur methods could exploit existing parallel corpora be-
translated sentences and a German to English translatiteen the current EU language and use machine transla-
model that contained no human translated sentences. Tiens from Greek and Italian in order to create a machine
German-English translation model was meant to repréranslation system between Turkish and Finnish.
sent a language pair with extremely impoverished paral- We plan to extend our work by moving from co-
lel corpus. Coaching is therefore a special case of ctraining and its variants to another weakly supervised
training in that one view (the superior one) never retrainkearning methodactive learning Active learning incor-
upon material provided by the other (inferior) view. porates human translations along with machine transla-
A German-English parallel corpus was created by takions, which should ensure better resulting quality than
ing a French-German parallel corpus, translating thesing machine translations alone. It will reduce the cost
French sentences into English and then aligning the transf creating a parallel corpus entirely by hand, by selec-
lations with the German sentences. In this experiment thively and judiciously querying a human translator. In
machine translations produced by the Freadnglish order to make the most effective use of the human trans-
translation model were always selected. Figure 3 showator’s time we will be required to design an effective se-
the performance of the resulting German to English trangection algorithm, which is something that was neglected
lation model for various sized machine produced paralleh our current research. An effective selection algorithm
corpora. for active learning will be one which chooses those exam-
We explored this method further by translating 100,00@les which will add the most information to the machine
sentences with each of the non-German translation mottanslation system, and therefore minimizes the amount
els from the co-training experiment in Section 3.3. Thef time a human needs to spend translating sentences.
result was a German-English corpus containing 400,000
sentence pairs. The performance of the resulting model
matches the initial accuracy of the model. Thus machindReferences
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