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Outline
• CzEng (http://ufal.mff.cuni.cz/czeng)

• Sources of (Czech-English) Parallel Texts.
• Licensing Issues.
• Impact of Data Type on MT Quality Gain.

• Mining the Web.
• Document Alignment.
• Sentence Alignment.
• Word Alignment.

• IBM Model 1 and the Expectation-Maximization Loop.
• Problems of Word Alignment.
• Tectogrammatical Alignment.
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Overview of Phrase-Based MT

This time around = Nyní
they ’re moving = zareagovaly

even = dokonce ještě
… = …

This time around, they ’re moving = Nyní zareagovaly
even faster = dokonce ještě rychleji

… = …

1. Given parallel word-aligned corpus,
2. Extract phrases consistent with word

alignment,
3. Translate by replacing phrases.

…but how to do 1? 2/44



Data Acquisition



Sources of Texts in CzEng 0.7
Legal texts:

• Acquis Communautaire Parallel Corpus
• The European Constitution proposal from the OPUS corpus
• samples from the Official Journal of the European Union

Stories and Commentaries:
• Readers’ Digest stories
• e-books: Project Gutenberg and Palmknihy.cz and a subset of the Kačenka

parallel corpus
• articles from Project Syndicate

User-supplied data: …not always complete sentences
• Czech localization of KDE and GNOME open-source projects
• user-contributed translations from the Navajo project
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Texts in CzEng 0.7 – Data Sizes

Sentences Tokens
Acquis Communautaire 64.1% 69.0%
Readers’ Digest 8.6% 8.6%
Project Syndicate 6.5% 8.9%
KDE Messages 6.2% 1.9%
GNOME Messages 5.7% 1.9%
Kačenka 4.2% 4.9%
Navajo User Translations 2.3% 2.1%
E-Books 1.2% 1.6%
European Constitution 0.8% 0.7%
Samples from European Journal 0.4% 0.5%
Total 1.4 mil. 21 mil.

Community-supplied data in bold.
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Community-Supplied Data (1/2)
The Navajo Project

• Anonymous contributors correct MT output of Wikipedia texts.
• About 2,000 segments used to be generated each month.
• Manual evaluation of 1,000 randomly selected segments:

Translation Quality Proportion in the Sample
precise, flawless 69.0%
not translated 6.8%
incomplete 6.6%
imprecise 5.8%
precise, almost flawless 4.5%
machine-generated 4.4%
vandalism 2.7%
other 0.2%
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Community-Supplied Data (2/2)

KDE and GNOME Localizations
• Two major open-source software projects,
• Contributors not anonymous ⇒ the quality considerably higher

(almost professional)

• Only rarely full sentences, mostly short system messages and user
interface elements e.g. “OK”, “Yes” or “Delete file”
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Licensing Issues

• Much more data are available on the Internet,
• Only a fraction labelled for reuse.

Tokens Available
Source of Texts and Translation cs en cs en
Community Transl. of Proprietary Texts 19.5M 25.3M 37.8% 41.1%
Professional 21.3M 23.9M 41.2% 38.9%
Proprietary 9.6M 10.9M 18.6% 17.7%
Community 1.2M 1.4M 2.4% 2.3%
Total 51.6M 61.5M 100.0% 100.0%

CzEng 0.7 ≈ Professional + Community sources; in bold
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En→Cs Data in 2008
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OOV and PBMT Quality In/Out of Domain
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Community Data Out-of-Domain
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Community Data Out-of-Domain
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Professional Out-of-Domain
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Everything Out-of-Domain
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Similar Volume of in-Domain: Much Better
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Additional Data Improve Coverage
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But Out-of-Domain Can Decrease Quality
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Applying Out of Domain? Much Worse.
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More Data → Better Coverage
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…But Not Much Better Quality
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CzEng Releases 2006–2020
• Reached 180M million sentence pairs:

• 0.6 cs / 0.7 en gigawords of genuine parallel text (61M sentpairs)
• 2.0 cs / 2.3 en gigawords of synthetic text (127M sentpairs)

Ver. S. Pairs Main Focus Details in
0.5 0.9M Sentence alignment, common format Bojar and Žabokrtský (2006)
0.7 1.0M Used in WMT06 and WMT07 Bojar et al. (2008)
0.9 8.0M Automatic annotation up to t-layer Bojar and Žabokrtský (2009)
– – Sentence-level filtering Bojar et al. (2010)
1.0 15.0M Improving monolingual annotation

through parallel data
Bojar et al. (2012)

1.6 62.5M Processing tools dockered Bojar et al. (2016)
1.7 57.1M Block-level filtering –
2.0 188.0M Filtering + Synthetic data –
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Methods



Mining the Web
Goal: Given two language names, find parallel texts.

• Hervé Saint-Amand’s master’s thesis (Saarbrücken).
• Train language identification on Wikipedia.
• Search for pages in English containing the word česky.

• Bitextor: Esplà-Gomis and Forcada (2010)
• PANACEA tools (http://myexperiment.elda.org/workflows/7)
• Students’ project ParaSite: proof of concept, fixes needed.

Quasi-comparable sources (incl. Wikipedia):
• Texts on the same topic but written independently.
• Can hope to find parallel sentences but no longer segments.
• BUCC workshops 2008–2020: https://comparable.limsi.fr/bucc2020/

• “Lightly supervised training” (Schwenk, 2008) = basis of unsupervised MT.
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Document Alignment Attempted Many Times
Goal: Given bag of texts in two languages, find pairs.

• A project at this very seminar at FJFI: (Jahoda et al., 2007)
• A project at MFF: (Klempová et al., 2009)

• Evaluation suggested that the first step is tricky: finding source URLs.
• Václav Novák (ÚFAL, ∼2009): aligning subtitles.

• Proper minimum pairing algorithm.
• Not generic enough: focus on named entities at the beg. and end only.

• ParaSite: probably good, re-evaluation would be useful.
• Problem: Based on libraries with conflicting licenses (GPL 2.0 vs 3.0).

• Parallel Paragraphs from CommonCrawl (Kúdela et al., 2017)
• Recall 63%, precision 94% when re-aligning shuffled CzEng.
• 149TB of CommonCrawl ⇝ 115k en-cs sentpairs from 2k webdomains.
• Targetted re-crawl would be highly desirable (project suggestion).

• paracrawl.eu large but noisy. Aligns documents, not paragraphs.
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Sentence Alignment

Goal: Given a text in two languages, align sentences.
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From Aligned Documents
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We Want Sentence Alignment
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Sentence Alignment
Goal: Given a text in two languages, align sentences.
Assume: Sentences hardly ever reordered.

• Classical algorithm: Gale and Church (1993).
• Based on similar character length of aligned sentences, no words examined.
• Dynamic-programming search for the best alignment.
• Allows 0 to 2 sentences in a group: 0-1, 1-0, 1-1, 2-1, 1-2, 2-2.

• Several algorithms for English-Czech evaluated by Rosen (2005).
• Nearly perfect alignment possible by a combination of aligners.

• The “standard tool”: Hunalign (Varga et al., 2005).
• Another option: Gargantua (Braune and Fraser, 2010).

Illustration: MT Talk #7 (https://youtu.be/_4lnyoC3mtQ)
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Word Alignment
Goal: Given a sentence in two languages, align words (tokens).
State of the art: GIZA++ (Och and Ney, 2000):

• Unsupervised, only sentence-parallel texts needed.
• Word alignments formally restricted to a function:

src token ↦ tgt token or NULL
• A cascade of models refining the probability distribution:

• IBM1: only lexical probabilities: 𝑃(kočka = cat)
• IBM2: absolute reordering added (not used in practice now)
• IBM3: adds fertility: 1 word generates several others
• IBM4/HMM: to account for relative reordering

• Only many-to-one links created ⇒ used twice, in both directions.
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IBM Model 1
Lexical probabilities:

• Disregard the position of words in sentences.
• Estimated using Expectation-Maximization Loop.

See the slides by Philipp Koehn for:
• Formulas of both expectation and maximization step.
• The trick in expectation step, swapping sum and product by

rearranging the sum.
• Pseudocode.

Illustration: MT Talk #8 (https://youtu.be/mqyMDLu5JPw)
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The Trick Illustrated

Sum of pairs:

Can be rearranged: = =
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EM Loop in IBM1 Illustration from Bojar (2012)
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Symmetrization

“Symmetrization” of two GIZA++ runs:
• intersection: high precision, too low recall.
• popular: heuristical (something between intersection and union).
• minimum-weight edge cover (Matusov et al., 2004).
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Popular Symmetrization Heuristic

Extend intersection by neighbours of the union (Och and Ney, 2003).
32/44



Troubles with Word Alignment
• Humans have troubles aligning word for word.

• Mismatch in alignments points 9–18%. (Bojar and Prokopová, 2006)

Top Problematic Words Top Problematic Parts of Speech
English Czech English Czech

361 to 319 , 679 IN 1348 N
259 the 271 se 519 DT 1283 V
159 of 146 v 510 NN 661 R
143 a 112 na 386 PRP 505 P
124 , 74 o 361 TO 448 Z
107 be 61 že 327 VB 398 A
99 it 55 . 310 JJ 280 D
95 that 47 a 245 RB 192 J
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Limits of Automatic W.A.

Baseline Improved
Humans GIZA++ en cs en cs
Problems Problems 14.3 15.5 14.3 15.5
Problems OK 0.1 0.1 0.2 0.1
OK Problems 38.6 35.7 25.2 25.0
OK OK 46.9 48.7 60.4 59.4

Percentage of English (en) and Czech (cs) tokens where the alignment was difficult for
humans and/or for GIZA++. (Humans against each other, GIZA++ against merged
humans.)

• Where GIZA++ had problems, humans often disagreed, too.
• Improving automatic alignment keeps the problematic part intact.
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Partial Fix: “Possible” Alignments

Chinese-English from
DeNero and Klein (2010). 35/44



A Czech-English Example
Nemyslím o o o * - - - - - - - -

, - - - - - - - o - - - -
že - - - - - - - o - - - -
by - - - - - - - o - - - -
se - - - - - - - o - - - -
to - - - - - - - - * - - -

jejich - - - - * - - - - - - -
zákazníkům - - - - - * - - - - - -

moc - - - - - - - - - * * -
líbilo - - - - - - - * - - - -

. - - - - - - - - - - - *
I do think would very

n't their like much
customers .

it

• Two papers
independently published
the same work and on
the same dataset.

• Kruijff-Korbayová et
al. (2006)

• Bojar and Prokopová
(2006)

• The both defined
essentially the same
rules.
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T-Layer to the Rescue
• Only content-bearing words have a node.
• Auxiliary words hidden, dropped pronouns added.

.

.

#

SENT

já

ACT

myslit PROC

PRED

ten

PAT

jeho

APP
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moc
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EFF
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#11

SENT

I

ACT

not

RHEM

think CPL

PRED

he

APP

customer

ACT

like CPL

PAT

it

PAT

much

MANN

very

EXT NIL

(já) Nemyslím , že by se to jejich I do n’t think their
zákazníkům moc líbilo . customers would like it very much .
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Tectogrammatical Alignment

• Mareček et al. (2008) align t-nodes, not words.
⇒ Auxiliary words do not clutter the task.

• Improves human agreement from 91% to 94.7%.
• Application to phrase-based MT: (Mareček, 2009)

• Improved alignment error rate on content words.
• Minor improvements in BLEU when combined with GIZA++.

• Main use: Extraction of t-lemma dictionaries for e.g. TectoMT.
Main disadvantage:

• Language-dependent.
• Heavy use of tools (tagging, parsing, deep parsing).

38/44



Related: Fraser and Marcu (2007)
• A generative story called “LEAF” divides:

• Source words into classes: head, non-head, deleted.
• Target words into classes: head, non-head, spurious.
• Heads connected across languages, non-heads within languages.

• Probabilities in the generative story learnt unsupervised:
• Starting from GIZA++ outputs.
• Greedy local updates of alignments to increase the likelihood of the data.

Project suggestions: (1) Revive LEAF, (2) Your own NN version of LEAF.
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Using Alignment in PBMT

Phrase extraction based on word alignments is wrong:
• From statistical point of view:

• No link to the decoding, i.e. the use of the phrases in MT.
• Wuebker et al. (2010) run “forced” or “constraint” decoding on the

training data to obtain phrasal alignments.
• The overfitting to long phrases is avoided by “leaving-one-out” (Ney et al., 1995).

• From linguistic point of view:
• Fraser and Marcu (2007) allow for M-to-N non-consecutive translation

units.
• DeNero and Klein (2010) train on manual word alignments and handle

“possible” links specifically.
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Better Translation ⇝ Uglier Ali. (1)
The better (more fluent) translation, the harder to align:

to o * - - - - - - - - - -
get - - * - - - - - - - - -
in - - - - - - - @ O O O -

shape - - - - - - - O O O @ -
for - - - * - - - - - - - -
the - - - - - - o - - - - -

1990s - - - - * * * - - - - -
. - - - - - - - - - - - *
, aby do . let co formě

vstoupila v nejlepší
90 .
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Better Translation ⇝ Uglier Ali. (2)
T-layer to no rescue:

.

.

.
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EFF
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TTILL

Teď se zdá , že tyto trasy Now , those routes
začnou fungovat až v lednu . are n’t expected to begin until Jan .
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Summary

• Paralel data are vital for MT.
The more and better, the better.

• Several projects for document alignment.
Project suggestion: Targeted re-crawl based on Kúdela et al. (2017).

• Sentence alignment “solved”.
• Word alignment ill-defined but used to be very important.

Plus all the funny heuristics…
• Beyond word alignment:

• Phrase alignment never got wide-spread; too tied to PBMT anyway.
• T-Alignment costly (T-layer needed).
• Project suggestion: NN LEAF.

43/44



References
Ondřej Bojar and Magdalena Prokopová. 2006. Czech-English Word Alignment. In Proceedings of the Fifth
International Conference on Language Resources and Evaluation (LREC 2006), pages 1236–1239. ELRA, May.
Ondřej Bojar and Zdeněk Žabokrtský. 2006. CzEng: Czech-English Parallel Corpus, Release version 0.5. Prague
Bulletin of Mathematical Linguistics, 86:59–62.
Ondřej Bojar and Zdeněk Žabokrtský. 2009. CzEng 0.9: Large Parallel Treebank with Rich Annotation. Prague Bulletin
of Mathematical Linguistics, 92:63–83.
Ondřej Bojar, Miroslav Janíček, Zdeněk Žabokrtský, Pavel Češka, and Peter Beňa. 2008. CzEng 0.7: Parallel Corpus
with Community-Supplied Translations. In Proceedings of the Sixth International Language Resources and Evaluation
(LREC’08), Marrakech, Morocco, May. ELRA.
Ondřej Bojar, Adam Liška, and Zdeněk Žabokrtský. 2010. Evaluating Utility of Data Sources in a Large Parallel
Czech-English Corpus CzEng 0.9. In Proceedings of the Seventh International Language Resources and Evaluation
(LREC’10), pages 447–452, Valletta, Malta, May. ELRA, European Language Resources Association.
Ondřej Bojar, Zdeněk Žabokrtský, Ondřej Dušek, Petra Galuščáková, Martin Majliš, David Mareček, Jiří Maršík, Michal
Novák, Martin Popel, and Aleš Tamchyna. 2012. The Joy of Parallelism with CzEng 1.0. In Proceedings of the Eighth
International Language Resources and Evaluation Conference (LREC’12), pages 3921–3928, Istanbul, Turkey, May.
ELRA, European Language Resources Association.
Ondřej Bojar, Ondřej Dušek, Tom Kocmi, Jindřich Libovický, Michal Novák, Martin Popel, Roman Sudarikov, and
Dušan Variš. 2016. CzEng 1.6: Enlarged Czech-English Parallel Corpus with Processing Tools Dockered. In Petr Sojka,
Aleš Horák, Ivan Kopeček, and Karel Pala, editors,
Text, Speech, and Dialogue: 19th International Conference, TSD 2016, number 9924 in Lecture Notes in Computer
Science, pages 231–238, Cham / Heidelberg / New York / Dordrecht / London. Masaryk University, Springer
International Publishing.
Ondřej Bojar. 2012. Čeština a strojový překlad (Czech Language and Machine Translation), volume 11 of Studies in
Computational and Theoretical Linguistics. ÚFAL, Praha, Czechia.
Fabienne Braune and Alexander Fraser. 2010. Improved Unsupervised Sentence Alignment for Symmetrical and
Asymmetrical Parallel Corpora. In Coling 2010: Posters, pages 81–89, Beijing, China, August. Coling 2010 Organizing
Committee.
John DeNero and Dan Klein. 2010. Discriminative modeling of extraction sets for machine translation. In Proceedings
of the 48th Annual Meeting of the Association for Computational Linguistics, pages 1453–1463, Uppsala, Sweden, July.
Association for Computational Linguistics.
Miquel Esplà-Gomis and Mikel L. Forcada. 2010. Combining Content-Based and URL-Based Heuristics to Harvest
Aligned Bitexts from Multilingual Sites with Bitextor. In
Prague Bulletin of Mathematical Linguistics - Special Issue on Open Source Machine Translation Tools, number 93 in
Prague Bulletin of Mathematical Linguistics. Charles University, January.
Alexander Fraser and Daniel Marcu. 2007. Getting the structure right for word alignment: LEAF. In Proceedings of the
2007 Joint Conference on Empirical Methods in Natural Language Processing and Computational Natural Language
Learning (EMNLP-CoNLL), pages 51–60, Prague, Czech Republic, June. Association for Computational Linguistics.
William A. Gale and Kenneth W. Church. 1993. A Program for Aligning Sentences in Bilingual Corpora.
Computational Linguistics, 19(1):75–102.
František Jahoda, Vladimír Jarý, Jan Kobera, Jaromír Müller, and Václav Müller. 2007. Generování paralelních textů z
webu. Student project at POPJ2 (Počítače a přirozený jazyk) seminar at FJFI, Czech Technical University.
Hana Klempová, Michal Novák, Peter Fabian, Jan Ehrenberger, and Ondřej Bojar. 2009. Získávání paralelních textů
z webu. In ITAT 2009 Information Technologies – Applications and Theory, September.
Ivana Kruijff-Korbayová, Klára Chvátalová, and Oana Postolache. 2006. Annotation guidelines for Czech-English word
alignment. In Proceedings of the Fifth International Conference on Language Resources and Evaluation (LREC 2006),
pages 1256–1261. ELRA, May.
Jakub Kúdela, Irena Holubová, and Ondřej Bojar. 2017. Extracting parallel paragraphs from common crawl. The
Prague Bulletin of Mathematical Linguistics, (107):36–59.
David Mareček, Zdeněk Žabokrtský, and Václav Novák. 2008. Automatic Alignment of Czech and English Deep
Syntactic Dependency Trees. In Proceedings of EAMT 2008, Hamburg, Germany.
David Mareček. 2009. Using Tectogrammatical Alignment in Phrase-Based Machine Translation. In Jana Šafránková,
editor, WDS’04 Proceedings of Contributed Papers, Prague. Charles University, Matfyzpress.
E. Matusov, R. Zens, and H. Ney. 2004. Symmetric Word Alignments for Statistical Machine Translation. In
Proceedings of COLING 2004, pages 219–225, Geneva, Switzerland, August 23–27.
Hermann Ney, Ute Essen, and Reinhard Kneser. 1995. On the estimation of ’small’ probabilities by leaving-one-out.
IEEE Trans. Pattern Anal. Mach. Intell., 17:1202–1212, December.
Franz Josef Och and Hermann Ney. 2000. A Comparison of Alignment Models for Statistical Machine Translation. In
Proceedings of the 17th conference on Computational linguistics, pages 1086–1090. Association for Computational
Linguistics.
Franz Josef Och and Hermann Ney. 2003. A Systematic Comparison of Various Statistical Alignment Models.
Computational Linguistics, 29(1):19–51.
Alexandr Rosen. 2005. In Search of Best Method for Sentence Alignment in Parallel Texts. In R. Garabík, editor,
Computer Treatment of Slavic and East European Languages, pages 174–185. Veda, Bratislava.
Holger Schwenk. 2008. Investigations on Large-Scale Lightly-Supervised Training for Statistical Machine Translation.
In International Workshop on Spoken Language Translation, pages 182–189.
Dániel Varga, László Németh, Péter Halácsy, András Kornai, Viktor Trón, and Viktor Nagy. 2005. Parallel corpora for
medium density languages. In Proceedings of the Recent Advances in Natural Language Processing RANLP 2005,
pages 590–596, Borovets, Bulgaria.
Joern Wuebker, Arne Mauser, and Hermann Ney. 2010. Training phrase translation models with leaving-one-out. In
Proceedings of the 48th Annual Meeting of the Association for Computational Linguistics, ACL ’10, pages 475–484,
Stroudsburg, PA, USA. Association for Computational Linguistics.

44/44


	Data Acquisition
	Methods

