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Abstract
The performance of a statistical machine translation system depends on the size of the available task-specific bilingual training corpus.
On the other hand, acquisition of a large high-quality bilingual parallel text for the desired domain and language pair requires a lot of
time and effort, and, for some language pairs, is not even possible. Besides, small corpora have certain advantages like low memory and
time requirements for the training of a translation system, the possibility of manual corrections and even manual creation. Therefore,
investigation of statistical machine translation with small amounts of bilingual training data is receiving more and more attention. This
paper gives an overview of the state of the art and presents the most recent results of translation systems trained on sparse bilingual
data for two language pairs: Spanish-English, already widely explored with a number of (large) bilingual training corpora available, and
Serbian-English - a rarely investigated language pair with restricted bilingual resources.

1. Introduction translation experiment has been done by different groups
The goal of this paper is to give an overview of the statencluding one using statistical machine translation. They
of the art in statistical machine translation using a smalfound that the human mind is very capable of deriving de-
amount of bilingual training data and to illustrate it with Pendencies such as morphology, cognates, proper names,
the most recent results obtained on the Spanish-English arfiC- and that this capability is the crucial reason for the bet-

Serbian-English language pairs. ter results produced by humans compared to corpus based
machine translation. If a program sees a particular word
2. Statistical Machine Translation with or phrase one thousand times during the training, it is more
Sparse BiIinguaI Training Data likely to learn a correct translation than if it sees it ten times,

The goal of statistical machine translation is to translate Qr never. _Because of this, statistical translation techniques
source language sequence into a target language sequerte I?SS .I|kely to work well when only a small amount of
by maximising the posterior probability of the target se-dat""_'S given. .
quence given the source sequence. In state-of-the-art trariallison-Burch and Osborne, 2003) propose a co-training
lation systems, this posterior probability usually is mod-method for statistical machine translation using the multi-
elled as a combination of several different models, such adingual European Parliament corpus. Multiple translation
phrase-based models for both translation directions, leximodels trained on different language pairs are used for pro-
con models for both translation directions, target languag&lucing new sentence pairs. They are then added to the orig-
model, phrase and word penalties, etc. Probabilities thdf'@! corpus and all translation models are retrained. The
describe correspondences between the words in the sourB8St improvements have been achieved after two or three
language and the words in the target language are learndgRining rounds.

from a bilingual parallel text corpus and language modelin (NieRen and Ney, 2004) the impact of the training cor-
probabilities are learned from a monolingual text in thepus size for stastistical machine translation from German
target language. Usually, the larger the available trainindnto English is investigated, and the use of a conventional
corpus, the better the performance of a translation systenglictionary and morpho-syntactic information for improv-
Whereas the task of finding appropriate monolingual texing the performance is proposed. They use several types of
for the language model is not considered as difficult, acquiword reorderings as well as a hierarchical lexicon based on
sition of a large high-quality bilingual parallel text for the the POS tags and base forms of the German language. They
desired domain and language pair requires a lot of time antgport results on the full corpus of about sixty thousand sen-
effort, and for some language pairs is not even possible. Itences, on the very small part of the corpus containing five
addition, small corpora have certain advantages: the poghousand sentences and on the conventional dictionary only.
sibility of manual creation of the corpus, possible manualMorpho-syntactic information yields significant improve-
corrections of automatically collected corpus, low memoryments in all cases and an acceptable translation quality is
and time requirements for the training of a translation sysalso obtained with the very small corpus.

tem, etc. Therefore, the strategies for exploiting limited Statistical machine translation of spontaneous speech with
amounts of bilingual data are receiving more and more ata training corpus containing about three thousand sentences
tention. In the last five years various publications have dealhas been dealt with in (Matusov et al., 2004). They propose
with the issue of sparse bilingual corpora. acquiring additional training data using a n-gram coverage
(Al-Onaizan et al., 2000) report an experiment of Tetun-measure, lexicon smoothing and hierarchical lexicon struc-
English translation with a small parallel corpus, althoughture for improving word alignments as well as several types
this work was not focused on the statistical approach. Thef word reorderings based on POS tags.



Statistical machine translation of the Spanish-English and Training Spanish | English
Catalan-English language pair with sparse bilingual re{ 1.3M  Sentences 1281427
sources in the tourism and travelling domain is investigated Running Words+PM 36578514 34918192
in (Popovt and Ney, 2005). The use of a phrasal lexicon Vocabulary 153124 | 106496
as an additional language resource is proposed as well as Singletons [%] 35.2 36.2
introducing expansions of the Spanish and Catalan verbs.13k  Sentences 13360

With the help of the phrasal lexicon and morphological in- Running Words+PM 385198 | 366055
formation, a reasonable translation quality is achieved with Vocabulary 22425 16326
only one thousand sentence pairs from the domain. Singletons [%] 47.6 437
The Serbian-English language pair is investigated 1k Sentences 1113

in (Popovt et al., 2005). A small bilingual corpus con- Running Words+PM 31022 29497
taining less than three thousand sentences was created Vocabulary 5809 4749
and statistical machine translation systems were trained Singletons [%] 60.8 55.3
on different sizes of the corpus. The obtained translatior) dict.  Entries 52566
results are comparable with results for other language Running Words+PM 60964 62011
pairs, especially if the small size of the corpus and rich Vocabulary 31126 30761
inflectional morphology of the Serbian language are taken Singletons [%0] 67.7 67.4
into account. Morpho-syntactic information is shown to be[ Test  Sentences 840 1094
very helpful for this language pair. Running Words+PM 22774 26917
Statistical machine translation of the Czech-English lan- Distinct Words 4081 3958
guage pair and the impact of the morphological information OO0Vs (1.3M) [%] 0.14 0.25
are investigated in (Goldwater and McClosky, 2005). As OO0Vs (13k) [%] 2.8 2.6
with Serbian-English, morphological transformations have OOVs (1K) [%] 10.6 9.4
an important role for the translation quality. OOVs (dict.) [%] 19.1 16.2

The problem of creating word alignments for languages
with scarce resources i.e. Romanian-English, Inuktikut- o ) )

English and Hindi-English has been adressed in (Lopez ang@Ple 1: Corpus statistics for the Spanish-English EPPS
Resnik, 2005; Martin et al., 2005). task (PM = punctuation marks)

3. Recent Translation Results In addition, a conventional Spanish-English dictionary col-
The translation system used in our most recent experimentgcted from the web which is not related to any particu-
with sparse training data is based on a log-linear combinalar task is used. The dictionary contains about fifty thou-
tion of seven different models, the most important ones besand entries and thirty thousand distinct words for each lan-
ing phrase models (Vilar et al., 2005; Zens et al., 2005). Foguage.
each language pair, several set-ups with different amount ofhe statistics for all corpora can be seen in Table 1. For
bilingual data and several types of morpho-syntactic transthe large corpus, the number of OOVs in the test is very
formations were defined. The morpho-syntactic transforsmall, much less than 1%. This number grows up to 10% by
mations have been implemented as a preprocessing stegducing the bilingual corpus, and for the dictionary alone
therefore modifications of the training or search procedurdt reaches 19% for Spanish and 16% for English.

were not necessary. For all experiments, the languaggiorpho-syntactic transformations: Adjectives in the
model has been trained on the largest target language cogpanish language are usually placed after the correspond-
pus because acquisition of monolingual data is not a pafing noun, whereas for English it is the other way round.
tiCU|aI’|y difficult issue. The evaluation metrics used for aS'Therefore, for this |anguage pair we app“ed local reorder-
sessment of the systems are WER (Word Error Rate), PERgs of nouns and adjective groups in the source language
(Position-independent word Error Rate) and BLEU (BiLin- 35 described in (Popdvand Ney, 2006). If the source lan-
gual Evaluation Understudy) (Papineni et al., 2002). guage is Spanish, each noun is moved behind the corre-
_ _ sponding adjective group. If the source language is English,
3.1. Spanish-English each adjective group is moved behind the corresponding
The translation systems for this language pair are tested omoun. An adverb followed by adjective (e.g. "more im-
the European Parliament Plenary Sessions (EPPS) corp@ertant”) or two adjectives with a coordinate conjuntion in
which is also used in the TC-Star project evaluation. Abetween (e.g. "economic and political”) are treated as an
description of the corpus can be found in (Vilar et al., 2005).adjective group. In addition, Spanish adjectives, in contrast
In order to investigate sparse training data scenarios, twt® English, have four possible inflectional forms depend-
sets of a small corpora have been constructed by randofig on gender and number. This might introduce additional
selection of sentences from the original corpus. The smaflata sparseness problems, especially if only a small amount
corpus referred to as 13k contains about 1% of the origina®f training data is available. Thus we replace all Spanish
large corpus. The corpus referred to as 1k contains onlpdjectives with their base forms.
1000 sentences - such a corpus basically can be producd&danslation results: The following set-ups are defined for
manually in relatively short time. the Spanish-English language pair:



Spanish~English WER | PER | BLEU English—Spanish WER | PER | BLEU

dict baseline 60.4 | 49.3| 194 dict baseline 67.6 | 55.9| 14.1

+reorder adjective| 59.4 | 47.4| 20.1 +reorder adjective 66.3 | 55.2 | 15.7

+adjective base 56.4 | 46.8| 23.8 +align adjective bas¢ 65.7 | 54.5| 16.5

1k baseline 52.4 | 40.7 | 30.0 1k baseline 60.1 | 47.4| 23.9

+dictionary 48.0 | 36.5| 36.0 +dictionary 56.0 | 43.2| 28.3

+reorder adjective| 45.0 | 35.3| 39.8 +reorder adjective 54.0 | 42.0| 305

+adjective base 445 | 34.8| 40.9 +align adjective bas¢g 53.9 | 42.0| 30.6

13k | baseline 41.8 | 30.7 | 43.2 13k | baseline 496 | 374 | 36.2

+dictionary 40.6 | 29.6 | 46.3 +dictionary 48.6 | 36.3| 37.2

+reorder adjective| 38.5 | 29.2 | 48.9 +reorder adjective 474 | 36.0| 38.6

+adjective base 38.3 | 29.0| 49.6 +align adjective bas¢g 47.3 | 35.7 | 39.1

1.3M | baseline 345 | 2565 | 54.7 1.3M | baseline 39.7 | 30.6| 47.8

+reorder adjective| 33.5 | 25.2| 56.4 +reorder adjective 39.6 | 30.5| 48.3

Table 2: Translation results [%] for SpanisfEnglish Table 3: Translation results [%] for EngliskiSpanish
¢ training only on a conventional dictionary (dict); It should be noted that the impact of a dictionary has not

been tested for the full corpus since the corpus itself is suf-
e training on a very small task-specific bilingual corpus ficiently large. The improvements by replacing Spanish ad-
(1K); jectives with their base forms are rather insignificant on this
i - corpus and therefore are not reported.
e training on a small task-specific bilingual corpus : o
(13K): The translation results for the _other direction can be_ seen
in Table 3. All error rates are higher due to the inflectional
e training on a large task-specific bilingual corpus Morphology of the Spanish language, and the effects of the
(1.3M). training corpus size, dictionary and morpho-syntactic trans-
formations are very similar. The improvements from the
The language model for all set-ups is trained on the largenorpho-syntactic transformations are slightly smaller than
corpus. for the translation into English due to the following reason:
Table 2 presents the results for the translation from Spanishoun-adjective reordering is less important for the transla-
to English. It can be seen that the error rates of the systenion into Spanish because the adjective group is not always
trained only on the dictionary are high and that morpho-situated behind the noun. Therefore some reorderings in
syntactic transformations improve the performance. Al-English are not really needed. As for the Spanish adjective
though the final error rates are still high, they might be ac-inflections, for this translation direction alignment has been
ceptable for tasks where only the gist of the translated text israined using adjective base forms, whereas the translation
needed, like for example document classification or multi-models have been trained on the original corpus. This en-
lingual information retrieval. Additional morpho-syntactic ables better learning from the corpus to some extent, but
transformations such as treatment of Spanish verbs couliihding a correct inflection of a Spanish adjective still re-
further improve the performance. mains relatively difficult.
When only a very small amount of task-specific bilingual
parallel text is used (1k), all error rates are decreased and2. Serbian-English
the BLEU score is increased in comparison to a systenThe Serbian-English parallel corpus used in our experi-
trained on the dictionary alone, although they are still rathements is the electronic form of the Assimil language course
high. Further, it can be seen that the dictionary is verydescribed in (Popoftiet al., 2005). The full corpus is al-
helpful as an additional training corpus and the morpho+eady rather small, containing about three thousand sen-
syntactic transformations have a significant impact so thatences and twenty five thousand running words. In order
the final error rates are reduced by about 15% relative iro investigate extremely sparse training material, a reduced
comparison to the baseline system. By increasing the sizeorpus containing 200 sentences reffered to as 0.2k has
of the task-specific training corpus (13k) all error rates arebeen randomly extracted from the original corpus. For this
further decreasing and can be further reduced with help oforpus, a set of short phrases has been investigated as addi-
the dictionary and morpho-syntactic transformations. tional bilingual knowledge.
The best results obtained with the large corpus are aboutable 4 presents the corpora statistics. It can be seen that
12% (relative) better than the best results with the smalkven for the full corpus the number of OOVs is high, about
corpus (13k) and about 25% better in comparison with thés% for English and almost 12% for Serbian (due to the
very small corpus (1k). These differences seem to be veryich inflectional morphology of this language). For the ex-
large, but we have to keep in mind how large the differencesremely small training corpus, the number of OOVs is about
between the corpus size are, especially in terms of the tim@& to 4 times higher.
and effort necessary for collection and handling of largeMorpho-syntactic transformations: The inflectional
corpora. morphology of the Serbian language is very rich for all



Training Serbian\ English Serbian~English WER | PER | BLEU

2.6k Sentences 2632 0.2k | baseline 655 | 60.8| 8.3
Running Words+PM| 22227 | 24808 +phrases 65.0 | 59.8 | 10.3
Vocabulary 4546 2645 +base forms 59.2 | 54.8| 13.9
Singletons [%] 60.0 45.8 +verb POS+neg| 60.0 | 52.6 | 14.8

0.2k Sentences 200 2.6k | baseline 445 | 379 | 321
Running Words+PM| 1666 1878 +base forms 429 | 374 | 354
Vocabulary 778 603 +verb POS+neq| 41.9 | 34.7 | 34.6
Singletons [%] 79.4 65.5

phrases Entries 351 ) ) ,
Running Words+PM| 617 730 Table 5: Translation results [%)] for SerbiaEnglish
\8/?532‘552’[% : ?fg g’é% English-Serbian || WER | PER | BLEU

0.2k | baseline 734 | 68.4| 6.8

Test  Sentences 260 +phrases 719 | 675| 9.3
Running Words+PM 2100 | 2336 +remove article|| 66.7 | 62.2| 9.4
Distinct Words 891 | 674 2.6k | baseline 51.8 | 458 23.1
OOQVs (2.6k) [%] 11.7 4.9 +remove article|| 50.4 | 44.6 | 24.6
OO0Vs (0.2k) [%0] 35.2 21.8

- . _ .. Table 6: Translation results [%)] for EngliskSerbian
Table 4: Corpus statistics for the Serbian-English Assimil %] g

task (PM = punctuation marks)
Adding short phrases is helpful to some extent, and replac-

) ) ] ) _ ing words with base forms has the most significant impact.
open word classes, but information contained in the N ther improvements of PER and BLEU score are ob-
flection usually is not relevant for translation into English. i5ined by the verb treatment although WER is slightly dete-
Therefore, converting all Serbian words into their baseorated. Increasing the size of the bilingual training corpus
forms is proposed. Nevertheless, inflections of Serbiay apout three thousand sentences and applying morpho-
verbs might contain relevant information about the persongynactic transformations leads to an improvement of about
which is especially important if the pronoun is omitted. 3094 relative. Using a conventional dictionary and addi-
Apart from this, there are three Serbian verbs which argjona| morpho-syntactic transformations could further im-
negated by appending the negative particle to the verb asgoye the performance.
prefix. Thus the following treatment of the Serbian verbs istaple 6 shows results for the translation from English into
applied: each verb is converted into a sequence of its bas§erpian, As expected, all error rates are significantly higher
form and the part of the POS tag referring to a person. Iihan for the other translation direction since the translation
the negative form is built by appending a prefix, the prefiXinto the morphologically richer language always has poorer
i. e. the negative particle is separated. quality.
For the other translation direction, since the articles are onghe importance of the phrases seems to be larger for this
of the most frequent word classes in English, but on thgranslation direction. Removing English articles improves
other hand there are no articles at all in Serbian, the articleghe translation quality for both set-ups. As for the other
are removed from the English corpus. translation direction, increasing the size of the training cor-
Translation results: For this language pair the following pus results in up to 30% relative improvement.
set-ups are defined:

4. Conclusion

Strategies for statistical machine translation with limited

amount of bilingual training data are receiving more and
e training on a small task-specific bilingual corpus more attention. Past and _recent experiences hgve shqwn
(2.6K). that an acceptable translation quality can be achieved with

a very small amount of task-specific parallel text, espe-

Since the largest available corpus is already small and theially if conventional dictionaries, phrasal books, as well

external phrase book is even smaller, we have not invest@S morpho-syntactic knowledge are available. Translation
gated translation using only the phrase book, but we use8ystems built only on a conventional dictionary or on ex-

it as additional training material for the extremely sparsetremely small task-specific corpora might be usefull for ap-

training corpus. The |anguage model for all Set-ups Wag.)lications such as document classification or mUltilingual

trained on the full (2.6k) corpus. information retrieval.

Error rates for the translation from Serbian into English are
shown in Table 5. As expected, the error rates of the sys- 5. Acknowledgement

tem trained on an extremely small amount of parallel cor-The reported work is based on the projects that have been
pus are high. Performance of such a system is comparauported by the German Science Foundation (DFG) and by
ble with a system trained only on a conventional dictionarythe European Project TC-Star (FP6-506738).

e training on an extremely small task-specific bilingual
corpus (0.2Kk);



6. References

Yaser Al-Onaizan, Ulrich Germann, Ulf Hermjakob, Kevin
Knight, P. Koehn, Daniel Marcu, and Kenji Yamada.
2000. Translating with scarce resources. Tine Sev-
enteenth National Conf. on Atrtificial Intelligengeages
672678, Austin, TX, July.

Chris Callison-Burch and Miles Osborne. 2003. Co-
training for statistical machine translation. RBroc. of
the 6th Annual CLUK Research ColloquiuBdinburgh,
UK, January.

Sharon Goldwater and David McClosky. 2005. Improv-
ing stastistical machine translation through morphologi-
cal analysis. IrProc. of the Conf. on Empirical Methods
for Natural Language Processing (EMNLRJancouver,
Canada, October.

Adam Lopez and Philip Resnik. 2005. Improved hmm
alignment for languages with scarce resources43rd
Annual Meeting of the Assoc. for Computational Lin-
guistics: Proc. Workshop on Building and Using Paral-
lel Texts: Data-Driven Machine Translation and Beyond
pages 83-86, Ann Arbor, MI, June.

Joel Martin, Rada Mihalcea, and Ted Pedersen. 2005.
Word alignment for languages with scarce resources. In
43rd Annual Meeting of the Assoc. for Computational
Linguistics: Proc. Workshop on Building and Using Par-
allel Texts: Data-Driven Machine Translation and Be-
yond pages 65—74, Ann Arbor, Ml, June.

Evgeny Matusov, Maja Popayji Richard Zens, and Her-
mann Ney. 2004. Statistical machine translation of
spontaneous speech with scarce resourcefrda. of
the Int. Workshop on Spoken Language Translation
(IWSLT) pages 139-146, Kyoto, Japan, September.

Sonja Niel3en and Hermann Ney. 2004. Statistical machine
translation with scarce resources using morpho-syntactic
information. Computational Linguistics30(2):181-204,
June.

Kishore Papineni, Salim Roukos, Todd Ward, and Wie-Jing
Zhu. 2002. BLEU: a method for automatic evaluation of
machine translation. IRroc. of the 40th Annual Meeting
of the Association for Computational Linguistics (ACL)
pages 311-318, Philadelphia, PA, July.

Maja Popovi and Hermann Ney. 2005. Exploiting phrasal
lexica and additional morpho-syntactic language re-
sources for statistical machine translation with scarce
training data. InProc. of the 10th Annual Conf. of the
European Association for Machine Translation (EAMT)
pages 212-218, Budapest, Hungary, May.

Maja Popovt and Hermann Ney. 2006. POS-based word
reorderings for statistical machine translation. To appear
in Proc. of the Fifth Int. Conf. on Language Resources
and Evaluation (LREG)Genova, Italy, May.

Maja Popovt, David Vilar, Hermann Ney, Slobodan
JoviCi€, and Zorargaric. 2005. Augmenting a small par-
allel text with morpho-syntactic language resources for
Serbian—English statistical machine translation43nd
Annual Meeting of the Assoc. for Computational Lin-
guistics: Proc. Workshop on Building and Using Paral-
lel Texts: Data-Driven Machine Translation and Beyond
pages 41-48, Ann Arbor, Ml, June.

Richard Zens, Oliver Bender,

David Vilar, Evgeny Matusov, $a Hasan, Richard Zens,

and Hermann Ney. 2005. Statistical machine translation
of european parliamentary speechesPtoc. MT Sum-
mit X, pages 259-266, Phuket, Thailand, September.
§a Hasan, Shahram
Khadivi, Evgeny Matusov, Jia Xu, Yugi Zhang, and Her-
mann Ney. 2005. The RWTH phrase-based statistical
machine translation system. Froceedings of the In-
ternational Workshop on Spoken Language Translation
(IWSLT) pages 155-162, Pittsburgh, PA, October.



