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Abstract

Machine translation systems need training data in order to function.
Those tranining data are known as parallel corpora, which is a set of
sentences in two languages where the sentences are translations of each
other. At this point in time, there are several useful and sizable parallel
corpora available, but there is still a need to gain more. We use a known
method to extract parallel sentences from a comparable corpora, and use
the extracted sentences as parallel corpus to help in MT accuracy. We
describe the methodology for doing this, and how we used the Moses MT
Experiment Management System to run our experiments.

1 Comparable Corpora

1.1 Overview

Statistical Machine Translation (MT) systems are designed to find patterns of
how a source language is translated into a target language. In order to do this,
large amounts of what are called parallel corpora are required for training the
systems. These parallel corpora are sentences in the two languages, where each
line in each corpus corresponds to its translation in the other language. There
are several well-known corpora like these available, such as Europarl[1], JRC[2],
and DGT[3]. These are very useful corpora for the languages that are supported.
In general, the more training data like these that can be used, the better and
more accurate the translations tend to be.

Though there are useful parallel corpora available, there are some limita-
tions. First, not all languages are supported. Second, these training corpora
only cover a small domain of possible translations. Natural human languages
are dynamic and speakers of those languages create novel sentences continually,
but if we train an MT system on corpora within a certain domain and context, it
might be difficult to later discern how something should properly be translated.



For example, Europarl contains proceedings of European Parliament and both
JRC and DGT are translations of law into the European languages. Now, how
should the MT system translate, for example, a text about sports or technol-
ogy? Thus we need to increase the reach of domains that an MT system has.
To combat these two problems, we need parallel corpora for each language and
each domain. However, coming up with these translations gets expensive and
is very time-consuming. There is, however, an easier way.

The Internet has a vast amount of text in many languages. There are web-
sites such as news sites and wiki sites that might contain similar information on
a subject in different languages. Even though a news article in two different lan-
guages may not be translations of each other, they will most likely contain very
similar information. In the same way, wiki sites such as Wikipedia have articles
and pages about millions of topics, many of which are in a number of different
languages. Again, they may not necessarily be translations of each other, but
they might contain similar information. Now imagine obtaining many thou-
sands of these pages into a corpora in two languages. These corpora, though
not quite ready to be used as MT training data, are called comparable corpora,
and with some processing could be made to be useful to an MT system.

1.2 Previous Work

As stated earlier, this idea is not new. In face, several approaches have surfaced
which have all had some success to some degree.

e Approach 1: WER, TER, TERp - Sadaf Abdul-Rauf and Holger Schwenk
(2009)

e Approach 2: Maximum Entropy - Munteanu and Marcu (2004)
e Approach 3: Phrase Extraction - Munteanu and Marcu (2006)
e Approach 4: Information Networks - Heng Ji (2009)

1.3 Our Work

We take the approach given by the 2004 paper by Munteanu and Marcu. First,
we spent time establishing baseline scores for a number of language pairs. In
order to accomplish this, we used the freely available Moses SMT system, partic-
ularly the Experiment Management System (EMS) to encapsulate and organize
our experiments. We used the previously mentioned corpora (Europarl, DGT,
JRC) to train and a News-Commentary corpora to test. Our baseline scores
are the well-known MT metric BLEU[4]. We made use of the Juropa[5] cluster,
which included installing and connecting together all of the necessary programs
such as GIZA++16], Moses|[7], SRILM]8], and organizing all of the corpora. We
then used a previously processed set of Wikipedia data in English and Ger-
man to use as a comparable corpora, which we processed and compared to our
baseline score for the German-English language pair.



2 Obtaining Baseline Scores

2.1 Moses EMS

Moses is a freely-available statistical machine translation system, and it comes
with a lot of programs to help you train, tune, and evaluate your MT system.
It comes with an experiment harness, known as the Experiment Management
System that is a series of perl script files which read and parse a configura-
tion file, then do all of the training, tuning, and evaluation for you. The said
configuration file needs to have access to a working directory, and know where
the training, tuning, and evaluation data files are. It also needs to know where
all the executables are for the supporting programs that are to be run, such
as SRILM, but for the most part everything it needs is relative to the moses
installation directory.

One nice feature of the EMS system is that it keeps track of each step of
the process, so it is easy to find and fix problems that might arise. Better still,
when you find and fix a problem, you can invoke the EMS system again and it
will pick up where it left off, not needing to redo everything from the start. It
only redoes necessary steps. It can also detect changes in the configuration file,
so if you change it and add, for example, another set of training corpora, it will
know to re-train and any subsequent step that might need to be redone.

The EMS system further gives visual output of the process. Before you
invoke the script to execute, you can run it in a test mode where it checks to
make sure the files that your configuration file points to actually exist, and that
your settings should work. It will then display an image file which is a graph,
or one might call it a flowchart, of the process. Parts that need to be completed
are green. Parts that are completed will turn blue. Parts that have errors and
cause the process to stop will show in red, thus making it easy for you to know
where to look in order to fix the problem. During execution, it will also display
the image and if you leave it open, you will see it updating the color scheme as
it goes along the process. If you close the image, the script will still run, and at
any time you can open the image to see what step the script is on. Each step of
the EMS is kept, and log files are well organized. Every training file, or output
of any supporting program are kept. This is quite useful if, for example, you
want to use your trained files or language model file for another experiment.
It can potentially take up quite a bit of space, but that is something that MT
generally requires.

2.2 Data Preprocessing

Because of the number of language pairs we dealt with, we had to use several
different corpora for training and baselines evaluation. Usually each of them
comes in its own format (both charset encoding and internal structure), so a bit
of preprocessing was required. For each part of the EMS pipeline Moses requires
the input data to be provided in two files: one containing source language
sentences and the other target language sentences. These files must be in a plain
text, sentence per line format with parallel sentences placed on corresponding
lines.

We should mention that Moses EMS can utilize multiple corpora for given
language pair in a single experiment. We took advantage of that whenever it



was possible.

As the last step, all the data has been converted to UTF-8 encoding. Some-
times this required also replacement of XML character entities by corresponding
UTF-8 characters - for example &uuml; has been replaced by U ete.

2.3 Baseline Scores

When evaluating the baseline scores we followed an approach taken by Koehn
at al. as described in 462 Machine Translation Systems for Europe[9] and we
set up Moses system with the same settings: maximum sentence length 80
words, bi-directional msd reordering model and 5-gram language model. On
the other hand we didn’t experiment with exactly the same language pairs,
thus we employed also several different datasets (corpora) in addition to JRC.

Following datasets have been provided by other parties and used without
modification:

e acquis - dataset extracted from part of JRC corpus (as described in fore-
mentioned paper by Koehn et al.), provided as a test set by Euromatrix
project[10]. Domain: EU legislation.

e cparl - dataset based on a recent release (version 5) of the Europarl corpus,
provided as a training data for WMT 2010 Translation Task[11]. Domain:
proceedings of European Parliament.

e nc - dataset based on News Commentary corpus - provided as a training
data for WMT 2010 Translation Task.

e racai - dataset of 3000 German-Romanian sentence pairs covering three
domains: legal, medical and software related (1000 sentence pairs from
each domain).

e tilde - dataset provided by the Tilde company to evaluate the translation
quality

e wmi-dev - dataset provided as a part of development data for WMT 2010
Translation Task (2008 test set).

e wmi-test - dataset provided as a part of development data for WMT 2010
Translation Task (2009 test set).

Following datasets have been extracted from freely available parallel corpora
for purpose of the evaluation task:

e dgt - dataset extracted from entire DGT corpus. Domain: EU legislation.

e dgi-f - dgt dataset without the sentences found in acquis dataset (a match
of sentence in any language resulted in whole sentence pair being taken
off the dataset).

e jjs-elan - dataset extracted from IJS-ELAN corpus[12]. IJS-ELAN cor-
pus contains 1 million words from 15 parallel Slovene-English / English-
Slovene texts. Domain: not specified.



e jrc - dataset extracted from entire JRC corpus.

Document pairs with
the same number of sentences have been implicitly treated as 1:1 aligned.
Other document pairs have been processed using sentence alignments pro-
vided with the corpus and only sentence pairs with 1:1 alignment have been
put into dataset. Domain: EU legislation.

e jrc-f - dataset extracted from JRC corpus in the similar manner as in case
of jrc dataset, but with two additional restrictions: (1) Sentence pairs from
the documents used for composition of acquis dataset have been omitted.
(2) Any other sentences found in acquis dataset have been also omitted.

e setimes - dataset based on parallel corpus of the Balkan languages, gen-
erated from Setimes news articles[13].

Table 1 presents baseline scores for all the language pairs evaluated in our

task.

Source Target Training Tuning Testing BLEU
language language dataset dataset dataset score
Croatian ~ English setimes - setimes[600]  26.0
English Croatian  setimes - setimes[600]  30.2
English Estonian  dgt, jre tilde[1000] tilde[520] 10.1
English Greek setimes - setimes[600]  24.8
English Latvian dgt, jrc tilde[1000] tilde[520] 10.2
English Lithuanian dgt, jrc tilde[1000] tilde[520] 11.5
English Romanian  setimes - setimes[600]  40.8
English Slovenian  dgt, jrc ijs-elan[1500] ijs-elan[1000] 11.4
German English eparl, nc wmt-dev wmt-test 19.4
German Romanian  dgt, jrc racai[1500] racai[1500] 18.1
Greek Romanian  setimes - setimes[600] 354
Latvian Lithuanian dgt, jrc tilde[1000] tilde[520] 8.7
Lithuanian Romanian dgt-f, jre-f - acquis 35.7
Romanian  English setimes - setimes[600]  31.2
Romanian  German dgt, jre - racai[1500] 14.9
Romanian  Greek setimes - setimes[600]  22.1
Slovenian  English dgt, jrc ijs-elan[2000] ijs-elan[1000] 12.4

Table 1: Baseline scores for all evaluated language pairs.

3 Maximum Entropy

3.1 Munteanu and Marcu 2004

In the Munteanu and Marcu 2004 paper, they trained a maximum entropy clas-
sifier with some small parallel corpora and non-parallel corpora. Their training
data included some in-domain traning data (news text), but mostly out-of-
domain data (UN Proceedings). They also used a specific amount of non-parallel
training data to add to the maximum entropy classifier. They did this so the
classifier would be able to learn about truly parallel sentences and non-parallel



sentences and be able to distinguish what it takes for two sentences to indeed
be parallel.

In order to train a maximum entropy classifier, they needed to determine
what features could be used to best distinguish if two sentences are parallel or
not. Of course, one very important thing is to know if an individual word in
a sentence translates into a word in the target sentence, so a dictionary will
be necessary. They also made use of the IBM Model 1 which gave a word-level
alignment which became a very strong indicator if two sentences are translations
of each other. If two sentences have words that don’t correspond via a dictio-
nary, they obviously won’t be parallel. Further, they took the sentence lengths,
longest continuous span of translated words, longest unconnected string, and
used those features for training with the before mentioned training data.

With a trained model, they then took large amounts of news text that they
previously obtained. Now, which sentences should we compare? If we take a
single sentence in the source language and then test it against every sentence in
the target language, the processing could take a very, very long time. So, they
took news articles that were within 5-10 days of each other, taking the assump-
tion that news stories which discuss the same event will appear on websites in
a similar tempora timeframe. This greatly reduced the number of comparisons,
but will left it open enough to find sentences that would indeed be translations
of each other. They kept the sentences that had a 0.7 probability of being trans-
lations of each other and appended those to a list for each language, in the end
making a parallel corpus, in their case, in Arabic and English.

3.2 Our Project

We did something similar to the 2004 Munteanu and Marcu paper. However,
we didn’t use the IBM Model 1. Instead, we found a custom dictionary and
did our own alignment search. We used a freely available maximum entropy
classifier[14] written in C++. It was quite easy to adapt to our needs. We used
features such as number of translated words, longest contiguous span, longest
unconnected substring, sentence lengths, and the difference between the source
and target sentences.

Also unlike the paper, we used Wikipedia text. The set of all articles in
German and English were previously processed for matching titles and sen-
tence segmenting. We further processed the resulting text to make sentences
into smaller segments by splitting on specific punctuation such as commas and
parenthesis. This works because the sentences aren’t aligned parallel, but are
rather compared by taking a page in English and German where the title is the
same and checking all sentences with all other sentences, where a sentence is on
its own line in the file. Shorter segments are easier for an MT system to process
and learn from, so if possible we keep the sentences short.

We train on 10,000 sentences from Europarl and another 10,000 sentences
from the news-commentary corpora for the parallel training. For the non-
parallel training, we use the same corpora, only we shift the source language
by 1 sentence, so a sentence is compared to the sentence that is 1 line be-
low its corresponding sentence. These sentences are non-parallel and useful to
help the maximum entropy classifier distinguish between translations and non-
translations. One thing to note here, and a similar issue arose in the 2004
Munteanu and Marcu paper, was the amount of training sentences for parallel



vs. non-parallel. To be accurate, most sentences in existence in two languages
are not translations of each other, but if we trained, for example, using 10,000
sentences of parallel text, and then trained each sentence on the 9,999 other
non-parallel sentences, we would end up with a model that has seen so many
non-parallel sentences that it would just assume all sentences are non-parallel
and we wouldn’t find any possible translations at all. Allowing the number
of parallel training sentences and non-parallel traning sentences to be approxi-
mately the same allows the features to do most of the distinguishing.

As explained before, we took our trained model and used it to distinguish
sentences in the two languages given Wikipedia articles on the same topic. We
checked every sentence in the article in the source language against every sen-
tence in the target language. Our threshold of probability for sentences to be
translations of each other was set to 0.99, because during our tests it was con-
sidering some sentences to be translations that obviously weren’t when it was
set to 0.7 as in the paper.

The number of resulting sentences after processing was 56,000. On inspec-
tion, a look at some of the sentence translations looked reasonable. German
and English had their own respective sentence files that were added to the
Eurparl/News-Commentary German/English baseline, which was 19.38, and
retrained. The improvement was only slight, the new BLEU score increased to
19.40.

4 Conclusion

In our case, there wasn’t much improvement but there are many improvements
we can make to our system, including adding the IBM-1 model information
as a feature. However, there are many languages and language pairs that need
improvement in their machine translation ability, and making use of comparable
corpora is a practical approach to getting the training data needed to improve
machine translation for many language pairs.
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