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ABSTRACT

This thesis aims to research methods and develop tools that@bomcessfully combine output
from various machine translatigMT) systems so that the overall translation quality of the source text
would increase. An applicability of trdevelopednethods for small, morphologically rich and under
resourced languagesevaluatedespecially Latvian and Estonian. Existing methods hase aealysed
and several combinations ohethods have been proposed. The proposed methods have been
implemented and evaluated using automatic and human evaluiong this researchavel methods
have been created that structaceirce language sentences into linguistically motivateginents and
combinethemusinga character level neural language mpdembine neural machine translation output
by employing sourcéranslation attemdn alignments; use a mujtiass approach to produce additional
incrementally improving training dat&he key results of this research assv stateof-the-art machine
translatons y st ems f or English Z Estoni an; approach
alignments for MT combination armbmprehensioof resulting translations; MT combination systems
for combining output fr omA gactcdldpdidatioyoftHemdthods&n s
implemented and described.

Keywords: Machine TranslationHybrid Machine TranslationMachine TranslatiorSystem
Combination Multi-System Machine Translation
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1. INTRODUCTION

This chaptergives a brief introduction tthe research arempotivates the research addscribes
theaims of the researckurther, severdtey results of théhesisare listedalong with a specification of
t he aut hor doseaah oneTthe endothis section outlingthe structure of theemainder of
the thesis.

The structure of this chapter isfadowing: sectionl.lintroduces the research area of the work
Sectionl.2 describes thenotivation and section 113the aims of the researc8ectio 1.4 outlines the
main results oéxperimentonducted during the researsiectionl1.5 describes several practical use
cases that have been developed in the course of this resEaralty, section 1.6 lists the main
publications and presentations thet related to the reseatahd section 1.7 outlines the structure of the
thesis

1.1 RESEARCH AREA

The research area is focused on one of the primargasss for the modern computemachine
translation (MT).Literature(Hutchkins, 2005%tates thathe frst ideas ofMT originatedin the mid
1930s howeverreal research on the subject began only after the first computers were inliea&@,
the ATrans| at waspropasedoydMaraen Weaveto applymethod from the field of
communication theny, such ascryptograghic and statistical techniques, solve the text translation
problem Although references to the subject can be found as early as'ticeritdry. One of the earliest
recorded MT projects was the Georgetown experinfBastert 1954 in 1954, which involved
successful fully automatic translation of more than sixty Russian sentences into English.

Nevertheless, early efforts in the field of M/Ere not overly convincing thatutomatidranslation
of adequateyuality was actuallypossilée in principle.The ALPAC (Automatic Language Processing
Advisory Committee) repoiih 1966concluded thator the last 10 yeamIT research had not fulfilled
the expectations of the Georgetown experimeéramatically reducing funding foviT research athat
time (Pierce and Carroll, 1966)hus, switching the focus towardsols foraiding humantranslators
instead of fully automated translation

Later,rule-basedMT (RBMT) systemsstarted dominating the field of MTypically through some
variety of inermediary linguistic representation involving morphological, syntactic, and semantic
analysis These systemsequired a high amount of manual wprés theyutilised hanecrafted
dictionaries, rulespatternsand exceptionto translate texts

The nextbig phase ofMT startedin thelate 1980s anearly 1990s whewgomputational power
increased and became less expensive more interest started to grow towards statistical MTn(SMT).
1993, researchers from IBNhtroducedthe IBM Models (Brown et al. 1993) a set offive statistical
models for MT IBM modelsarethe foundation fomodern phrasbasedSMT.

These days most commercial Mystems are built using variety ofstatistical approaches and
the most recentneural networlbasecheural MT(NMT) approache. Starting from 2015 NMT systems
slowly began outperforming SMT in particular shared tasks for Bdjar et al., 2015Bojar et al.,
2016. In 2016 industry giants like Google (Johnson et al., 2016) and Systran (Crego et al., 2016
introduced their commeral NMT systems as well dgst NMT for smaller languages by Tild@ifnis,
2016. Althoughsome of thénistorically first rulebasedMT systems are still in ugeday or added as a
part of some hybrid MTHMT) setup most of themodern MT systems are ittuusing corpusbased
approacheéneural network andtatistical methods).



Currently MThas notyetreached a levalf quality where it carfully replace a human translator,
andit probably will not reachthis level in any near future. HoweveMT hasbecome a highlyuseful
utility in scenariosuchas providinga startingranslation for poseditingor extracting information from
texts in foreign languageBor theworld to become ever more multicultural, the demand for faster and
cheaper translation Babreedmany commercial productge.g. IBM WebSphere Translation Seryer
Systran,SDL BeGlobal andmultiple translationservicesare freely availablen theweb or asmobile
applications(e.g. Google Translate Bing Translatdt, Yandex.Translafe Baidu Translaté, Tilde
Translatot), demonstratindnigh translation quality for wide variety ofanguages.

A lot of current research focuses on MT for thielely-usedlanguageslike English, Chinese,
Spanish, Portuguese, French, Arabic, Japanese and Ruasiarvell as languages that appear in
competition shared tasks, like Czech, Finnish and Turkisich less work is being done in the area of
hybrid methods, for instance, combining multiple different paradigms to utilise their strengths and covel
weaker pmts. Smaller languages like the Baltic threEstonian, Latvian and Lithuanian are far less
resourced iravailableMT servicesor evenlanguage technologies in genekahich lack sophistication
due tolittle availablelinguistic resources and technolcg approaches that enallevelopment ofost
effectiveMT servicesor new language pairs. This hegused @echnological gap to emerge between
thetwo groups of languages.

Some systems lik&oogle TranslateBing Translatoryandex Translatoand Badu Translatere
freely available asonline services and broaderthe set ofinter-translatablelanguage pairseven
incorporating the Baltic languages well asmany otherlessresourced languageS$ypically, these
online translatiorservicesareemployedto translate short textsy occasional useré&nother common
usecase is the translation of websites and, most recently, social media posts.

1.2 MOTIVATION OF THE RESEARCH

Even thoughresearch irthe field ofmachine translatiohas been going on for more tha half of
a centuryandthe number otlifferentMT engines is ever growingheinitial goal of replacing human
translatorss far from beingnet Thecurrent systems aret yet fullyable to produc&anslationof the
same qualityashuman translater(Hutchins, 2006)

Rule-based statisticaland neural MTmethodsall have both stronger points as well as some
noticeable weaknesses

Rule-based MT(RBMT) systemscan achieve high-quality translation if they hava full set of
the knowledgenecessaryWhile this can be done for narrow domain texts and very specific MT use
cases, a fully general RBMT system is not possiBBMT typically handles specifidanguage
phenomeniike word agreemeniinflections long distancereordering andlong-distancedependency
etc.better The output oRBMT systems igpredictableand thereforenore consistentmaking iteasy to
locate and correctthe cause of translatioarrors Unfortunately, reatworld human language are
complex with manyambiguitiesand exceptiors, as well as always changing as time mofa@svard
While it is completelypossible to advand@BMT, it soonbecomes too complex amabourintensive
due tolinguistic expertiseand domainknowledgeneeded to creat&BMT systens. The RBMT

1 https://translate.google.com

2 https://www.bing.com/translator
3 https://translate.yandex.com

4 http://translate.baidu.com

5 https://translate.tilde.com
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knowledge of aystemfor one specific language pair in one specific donigarcally is notreusable in
another language par domain

In contrast to RBMT, BIT systems do not needanually written knowledge sets likéctionaries
and rulesMost SMT systems usually csist of subcomponents that are trained and optimized for usage
separately, but with the same sets of dBite knowledge is automatically learned by training statistical
models on largeatases. This makes improving the systems as well as adapting thetimetolanguage
pairs more flexible as all they require is more dataining SMT models from large amounts of data
used to be computationally expensive, but that is no longer theLeasaing from data is challenging
for highly inflectional language$at have too many word forms, cases, etc. for all possible word form
and sentence construction variants to appear in the trainingTdetaefore, SMT still struggleswith
word agreementsnflections long distanceeordering andlong-distancedependenes A large high
quality parallel corpus i®ssentiafor corpusbased MT, but it i®ften unavailable for smalnd less
popularlanguages.

Similarto SMT, NMT is also trained on a large amount of parallel data.significantly more
computationally egensive than SMT for both training the models and using them to translate texts.
Another big difference is that neural systems are usually trainetbesrdl without any subcomponents.
Some dravbacks of NMT includestrugglesin rare word translatiomnd sonetimeseven a complete
failure to translate aljivensource sentencgords.In addition since some NMT systems do translation
in the character level and not the word level, they have a tendency to make up new words that me
almost look reabutin fact, do notexist. However, the advantages definitely are in generalization and
handlinginflections

Given that all of the'T methods havéheir givenadvantages andrawbacksit is reasonable to
try to combine results from differeMT systemgo fix the mistranslations produced by one system with
the help of the other systens addition given thatthe Latvian languageis small hasa complex
grammay rich morphologyand limitedamount of qualitative data, pure dabaven methods may not be
sufficient The complex grammamakes usingpure knowledgebasedmethods difficultas well
Combiningresults fromseveralapproacheblasthe potential toproducea betterfinal result

1.3 AIM OF THE RESEARCH

The focus of this research tise problem oftombining outputrom multiple differentmachine
translationsystems to acquire one superior final translatidns is an area thatyhen perfected, can
achieveeverbetter results with every other single MT method (used here as a component) that improve:
upon itself.

This thesisdescribegproblematic areaselated to machine translatidimitations ofcurrent MT
methods angbrovidessuggestion®n how to combine translations to achiebetteroverall quality of
MT.

The maingoalis to assemble set of methods that woule ableto improvethe quality of MT
outputfor the Baltic languagethat aresmall, have a rich morpholggandlittle resourcesavailable.
These characteristics currently make thesher difficult to translate witkhe tools that arecurrently
available

The researclprimarily focuses orsolving MT problems that are related to translating from and
into Latvian. Nevertheless, the aim is to find such methods that megypliedother languages as well.

For hisresearchtheauthor hasuggestedhe following hypothesis:
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Combining output from multiple different MT systems makes it possible to produce higher quality
translations for the Baltic languages than the output that is produced by each component syste
individually.

The goal of this research is ¢oeatea methodfor combining output from multiple MT systems
that providesa higheroverall translation quality.This goalencompasses atif the following major
aspects:

1 An analysis oRBMT, SMT and NMT methodsas well as existing HMT anehulti-system
MT (MSMT) methods

1 Experiments with different methodisr combining translations
1 MT quality evaluation;

1 Applicability of methods forEstonian Latvian Lithuanian and other less resourced
languages;

1 Practical applications of MTombining.

1.4 RESEARCH METHODS

The following research methods were used in this thesis:

1 Literature review in order to identifynmodernstateof-the-art methods related to the thesis,
publications from theleading natural language processing (NLP) conferences and
workshops were ailysed as well as publication preprints and ofs@urce implementations
of relevant toolkits;

1 Ilterative developmerit most of the solutions described in this thesis are also implemented
as opersource software and iteratively improved during the coursigeafesearch;

1 Controlled experiments to empirically verify the performance of the described methods
and compare them to the corresponding baselines and related work, one or several controlle
experiments were executed;

1 Automatic evaluatiori in order toquickly verify experiment results, automatic evaluation
was performegoften bycomparingexperiment resultagairst manually prepared resources;

1 Manual evaluatiori in order to fully verify experiment results, manual evaluation was
performed where applble and possible to complement automatic evaluation;

1 Error analysisi in order to identify areas for further improvement, manual analysis and
classification of systematic erronsasperformed where applicable and necessary.

1.5 KEY RESULTS OF THE RESEARCH

Themaincontributions of thehesis are as follows:

1 Research has been conducted lbmadernexisting MT techniquewith a focuson waysto
combine them foincreasd MT quality;

1 Several method®r combining translationsave been implemented and evahaiat

o0 Multi-System machine translation using online APIs for Englistvian (Rikters,
2015;
11



0 Syntaxbased MuliSy st em Machi ne Tr ansl20068;0n ( R

o Combining mgchine translated sentence chunks from multiple MT syéfRekters
andSlkadi Aa,; 20160b)

o Interactive MultiSystem Machine Translation with Neural Language Models
(Rikters, 2016a);

o0 Combining Neural Machine Translation outpging attention alignmen{Rikters
and Fishel, 2017)

o Incrementallyaugmenting training data for NMT (Riis et al., 2018)

1 The methodhatimprovesMT quality the mosis theapplication ofheural network language
models for candidate scoring in medtystemMT (MSMT) (Rikters, 20163 This method
was able to outperforimaselineEnglishLatvian MT systems iboth- automatic evaluation
as well asall other methods for combining translatiofifie methodvasalso tested othe
EnglishEstoniarlanguage pair anthay be appliefbr translation intather morphologically
rich languages.

1 The method that achievesethighesbverall MT qualityis using a multipass approach to
incrementdly augmentraining data for NMT{Pinnis et al., 2018)t outperformed most of
the competition in the annual international WMT news translation competition for English
Estonian, reehing 39 place according to automated evaluation. The method has also been
applied to Englisiithuanian, EnglisH.atvian and other morphologicailych less
resourced languages.

1.6 PRACTICAL IMPLEMENTA TION OF THE RESEARCH

Most of the code that has been dieyed during this research has been maddaicly available
on the a u t hmivae GitHub pagé. Each of the separate projects is located in their respective
repositories. Additionally, some systems have live demos available oSeweral implementatits are
published in Tildebés GitHub page

The main practical implementatigmre 1) a toolkit for visualizing and debugging neural machine
translations (described in detailsection5.2); and 2) a toolkit for cleaning corpofdescribed in detall
in section5.3).

1.7 AUTHOR'S PUBLICATION SRELATED TO THE RESEA RCH

The thesis is based on t he l%apublichtonsd6s contrib

1 10publications in peereviewed conference proceedingsagnised by the Latvian Council of
Science:

o Rikters, M., Pinnis, M. (201&ecembeyDebugging Translations of Transforrsased
Neural Machine Translation SysterBsltic Journal of Modern Computing he aut ho
contribution to the paper 85%.

6 M4tlss on GitHub https://github.com/M4t1ss
" NLP project demoshttp://nip.lielakeda.lv
8 Tilde on GitHub https://qgithub.com/tilde-nlp
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0 Rikters, M. (2018, September) Impact of Corpora Quality on Neural Machine
Translation. In The 8 Conference on Human Language Technologigke Baltic
Perspective (Baltic HLT 2018f. he aut hor 6s contri buti on

o Rikters, M., Pinnis, M., Rozi&} . , Kriglauks, R. (2018, Sce
Machine Translation. In The"8Conference on Human Language Technologitse
Baltic Perspective (Baltic HLT 2018).h e aut hor 6 s cont78. but i c

o Rikters, M. (2018, July). Debuggin§leural Machine Translations. In The 13
International Baltic Conference on Databases and Information System& aut ho
contribution to the paper is 100%.

o Ri kter s, M. , Pinnis, M. , Kriglauks, R.
NMT for Lessresourced and Morphologically Rich Languages. In Proceedings of The
11" International Conference on Language Resources and Evaluation (LREC 2018).
Paris, France: European Language Resources Association (ELIRA)e aut ho
contribution to the paper 85%.

o Rikters, M. (2016, October). Searching for the Best Translation Combination Across All
Possible VariantsThe 7" Conference on Human Language Technologittse Baltic
Perspective (Baltic HLT 2016pp. 929 6 ) . The authords isont
100%.

o Rikters, M. (2016, September). Interactive msitstem machine translation with neural
language models. In Frontiers in Atrtificial Intelligence and Applicatidn.e aut ho
contribution to the paper is 100%.

o Rikters, M. (2016, July). Krranslde-Interactive MultiSystemMachine Translation. In
The 12" International Baltic Conference on Databases and Information Systems (pp. 304
318). Springer International Publishiigh e aut hor 6s contri buti

o Rikters, M.,S k a dli (2086, may) Syntaxbased multsystem machine translation. In
N. C. C. Chair) et al. (Eds.), Proceedings of the tenth international conference on language
resources and evaluation (LREC 2016). Paris, France: European Language Resource
Association (ELRA)The aut hor és contribution to th

o Rikters, M.,Sk a d I. (RG16, April) Combining machine translated sentence chunks
from multiple MT systems. The 17International Conference on Intelligent Text
Processing and Computational Linguistics (CICLing'2016). 2016 e aut ho
contribution to the paper epproximately 70%.

1 7 publications in other peeeviewed conference proceedings

o Pinnis, M. , Ri kter s, M. Tildeks MiadhiheaTuakstation R .
Systems for WMT2018. In the proceedings of TH& Gonference on Machine
TranslationTheat hor 6 s contri bd®.i on to the pape

o Rikters, M, Fishel, M. (2017, Septembgr Confidence Trough Attentionin the
proceedings of the ¥6Machine Translation Summit T h e eontribationrtadthe
paper is70%.

o Rikters, M., Bojar, O. (2017, Septesrh. Paying Attention to Multword Expressions
in Neural Machine Translationin the proceedings of the #@Machine Translation
Summit T h e ceontribitionrtodhe paper i980.
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o0 Rikters, M., Amrhein, C., Del, M., Fishel, M. (2017, Septemb@&+3MA: TartrRiga
Zurich Translation Systems for WMT1T the proceedings of th2" Conferenceon
Machine Translation T h e @ontribitionrtode paper i9%.

o Rikters, M., Fishel, M., Bojar, O. (2017, Augustisualizing Neural Machine
Translation Attation and Confidenceln the Prague Bulletin For Mathematical
Linguisticsissue 109 T h e eontribdtionrtodtre paper i9%.

o Rikters, M. (2016, December). Neural Network Language Models for Candidate Scoring
in Hybrid Multi-System Machine Translatioln CoLing 2016, 8 Workshop on Hybrid
Approaches to Translatiom he aut hor é6s contribution to

0 Rikters, M. (2015July). Multi-system machine translation using online APIs for English
Latvian. ACL-IJCNLP 2015, # Workshop on Hybrid fiproaches to Translatiofthe
aut horés contribution to the paper is 1

The author has presented the results of the resed8imétrnational conferencesmdworkshops:
f The 3% Conference on Machine Translation, Brussels, Belgium, October 2018;

f The8"Baltic Conference fAHumdrmel BraduagdalRkea sip
Estonia SeptembeR018;

§ The B" International Baltic Conference on Databases and Information Sysleaisi
Lithuania July 20B;

§ The 11" edition of the Language Resoas and Evaluation Conferendéiyazaki, Japan May
2018;

The 16" Machine Translation Summit, Nagoya, Japan, September 2017;
The 2 Conference on Machine Translati@ppenhagen, Denmar8eptember 2017;
The 12" Machine Translation Marathon, Lisbon, Rmal, August 2017;

The 6" Workshop on Hybrid Approaches to Translation, Osaka, Japan, December 2016;

= =2 =/ 4

The "Bal tic Conference #AHuniamelL aBmdudge Placsh
Latvia, October 2016;

f The 12" International Baltic Conference ddatabases and Infoation Systems, Riga, Latvia,
July 2016

f The 17" International Conference on Intelligent Text Processing and Computational Linguistics,
Konya, Turkey, April 2016;

f The 10" edition of the Language Resources and Evaluation Conference, ®or 0 §, S| oV ¢
2016;

f The4"™Workshop on Hybrid Approaches to Tranglat Beijing, China, July, 2015;
and two local conferences:

f The 78" conference of the University of Latviepmputational linguisticsection, Riga, Latvia,
February 2018;
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f The 74" conference of the University of Latviepmputational linguisticsection, Riga, Latvia,
February 2016.

Research results are reported in 1#8epaperspublished in the proceedings of the international
conferences (see |idghte authot depagp)s bp wilclait ¢c @tnison

1.8 OUTLINE OF THE THESI S

The remainder of this document is structured as follows:

1 Chapter2 summarizesexisting machine translatioomethods andoutlines advantages and
disadvantagefor each approdr; especially detailingelated work in the area of hybrid MT and
existing combinations MT approaches.

1 Chapter3 introduces themethods forcombining translationsf from multiple statisticalMT
engines For each method,naoveview andrelevance to the aims of this reseaishgiven
following by adescription of evaluation methods used well asa detailed description of the
experiments made

1 Chapterd gives an insight into comiing translations from neural MT engines. The structure is
similar to the previous chapter.

1 Chapter 5 introduces severapractical implementatian that incorprate the previously
mentioned translation combination methods

1 Chaper6 sums upconclusions of this research.
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2. BACKGROUND AND RELATED WORK

Since thevery first appearances of MT in thmid-20" century,there have been severakin
paradigms that have shiftétdm one to the nexdver the yees. The focus of MT research started mainly
with a dominance of rulbased approaches that were later accompanied by statistical ones like corpus
based MT and exampleased MT .In the past couple afecadesthere have also beagveralhybrid
approachesotMT, using combinations of different approaches or parallel running systems. In the most
recent years, neural network MTrapidly starting to outperform other methods in specificcases.

At first, it may have seemed that rtd@sed approachesin sole all MT problems with just the
right amount ofinguistic knowledgeabout source and target langualjes grammars and lexicorad
rules for syntactic analysis, lexical transfer, syntactic generation, morpholodyB&id. systems were
thefocusof MT research and the industry standard for commercial MT systems for®myea with
large scale projects like EUROTR@Aohnson et al., 198%nd SYSTRAN(Toma, 1977)that is still
active today

With theintroduction of thefirst IBM model (Brown et al., 988) and theincreasing availability
of large corpora of monolingual and parallel texte corpusbased methods ar@MT approaches
finally started to produce acceptable quality translatiomiselast decadef the 20 century Although
statistical mdtods were common in the early periods of MT, results back then were verySjroms.
then the field of MT has changed dramaticalgveral times first, with the introduction ofree online
MTsin the late 1990s and open source MT tool platforms irdnly 2000gHutchkins, 2012)

As the expansion of methodologies grew further, many researchers saw that trereiars
limitations of adopting one single approach to Mis gave way to various attempts of combining the
best qualities of both ruleased and statistical worlds resulting in hybrid MT configuratioc@gher
extensions oHMT involve running multiple MT systems in parallel or employing automatic-post
editing after the irtial translation has been produced.

In the most recent years (Kalchbrer and Blunsom, 2013) neural network translation methods
have been attracting interest of both MT researchers and industry professionals. Although first appearir
in 1997 (Castaf and Caathattiméhe sizée & the nEuoakbteoekkstesyquiradn d ¢
to train an efficient NMT system was prohibitive due to the high amount of time and computing
resources require efficiently train themCurrently some NMT systentanoutperform stat®f-the-
art SMT systemseither on their owr{Sennrichet al., 2016)r as a part of a HMT setupéter et al.,

2016.

This chapter describes four of the general MT paradigms in the order of increasing byterest
researchers anehterprise usergver the course of history. Secti@ril gives an insight on how MT is
evaluatedsection2.2covers rulebasedsection2.3 corpusbasedsection2.4i hybrid, andsection2.5
T neuralapproaches tWT.

2.1 MT EVALUATION

To understand if an automatic translation is good or not, it must be compared to what a humal
translator would be able to produce, given the same solineesolution is not so trivial, since many
different transhtionsfor the same source sentence aceeptableManual luman evaluation is by far
the besffor such a taskespecially when done by professional translators, bsivery expensive and
impractical forperforming on large amounts of texts on a regbksis.This reason creates a high
demand forautomatic evaluation metrics of MT quality that have a good correlation with human
judgmentsAmongthefirst, successful and most poputaetricsare BLEU Papinenet al., 2002), TER
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(Snoveret al., 2006anNdMETEOR (Banerjee antlavie, 2005. These three are also the most commonly
used among related papers mentioned in this thesis.

2.1.1BLEU

The bilingual evaluation understudBLEU) is currently the most widely used and most cited
MT evaluation metri@and was onef the first to report a high correlation with human judgmé&nhe
main idea of BLEU(3) is to reward MT outputs thdtave many overlappinggrams(where n ranges
from 1 to 4)with professional human translatiofregram precision (1), whereCountcip (Ni gram)is
the count of rgram matches between a candidate translation and a reference truncated to not exceed t
largest count of that-gram that is observed in the reference @odrt(n-gram’)is the total number of
n-grams in the test corpyswhile penalizingtranslations that arshorterthan the human reference
(brevity penalty- (2) , wherec is the length of the candidate translation ani@ the lengthof the

referenci BLEU scoreg3) are usually computed usidggramprecisiorwhereN=4 andweights w=—.

BLEU scores are representedascaleof 0.00to 100, where 10 is the best and@7 the worstand

the final results are typically multiplied by 10lhe current statef-the-art MT systemsend to achieve
between 20 and 40 BLEU points, depemgdam the language pair and translation direction in question.
Unless stated otherwise, all BLEU scores reported in this thesis will be calculated usmgltihe
bleuperl scriptfrom the Moses toolkit{oehnet al., 2007).

\ B . B N
n 5 S N (1)
. P NQ |
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21.2TER

TheTranslation Edit Rate (TER)Ims to measure the amount of editing that a human would have
to perform to change Moutput to exactly match the reference translafi@R allowsto havemultiple
human references that may be of different lengths. A formal representation of TER is s(@wh&R
scores are traditionally remented orscaleof 0.00 to 1.00, where 1.00 is the best and .0 worst.

For stateof-the-art MT systemsTER scores should be between@ahd 0.D.

YO'Y 4
2.1.3METEOR

TheMetric for Evaluatiorof Translation with Explicit Gdering(METEOR- (9)) is bagd on the
harmonic mean of unigram precision and re@llwhererecallis weighted higher than precisioWhat
distinguishes METEOR from other metrics is that it also considers synonyms and performs stemming
instead of just exact worchatching(8). While it does report a higher correlation with human judgment
than many other metrics, one downside is that it needs additional data and tuning for the optimal resul
and haextended support for only a handful of languagdast like TER, METEOR is also expressed on
scale of 0.00 to 1.00, where 1.00 is the best andiOto® worst High-quality MT systems should have
METEOR scores betweendd.and 080.
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2.2 RULE-BASED MT

RBMT is often denoted as the classical approach tolMiainlyrelieson the semantic, syntactic
and morphological rules of the source and target languages as well as large monolingual dictionaries f
each language and a bilingual dictionary for theadtanslation between wordgost of this linguistic
information is not learned automatically aneeds to beomposed by expert linguistEhat is one of
the main disadvantages of RBMT, making it more expensive to build and expand if necessary. On th
other hand, the advantages of RBMT are complete control and ease of debugging, no need of larg
parallel corpora of textgjomain independende many casesand a certain level of reusability, for
instance when using the same source language to transtatewn target languages.

There are three main types of RBNh&t are illustrated iRigurel (Vauquois 1968 i dictionary
based, transfer based and interlingliae first of which is the simplest one, translatirgm word to
word, usually with no deeper analysis or generafidve transfetbased approach adgeme analysis of
the sourcesentence, whichs then transferred for generation of the target language sentence. The
interlingua approach takes this proces®& step further by creating an internal representation that is
independent of the source and target languddes.section gives more detail on each of these types.

o —

’/ Interlingua
AN

Semantic — Semantic B
Composition Decomposition
(Semannc / Semanuc\
Structure Structure .
Semantic - e Semantic T _7,// Semantic
Analysis\/ Transfer x Generation
7 -
/ Syntactic Syntactlc \
\ Structure Syntactic Structure /
Syntactic / Transfer \ _— Syntactic
AnalyM Generation
/ Word \ Word \
\ Structure/ Direct '\ Structure/
Morphological Morphological
Analysis Generation
Source Text Target Text

Figurel: The Vauquois Triangle faviT (Vauquois, 1968)
2.2.1Dictionary-based MT

Dictionary-based machine translatiqpBMT) is the simplest and least comypleTexts are
translated wordy-word without morphological analysis or lemmatisati@nB MT 6 s measeB U S
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were translating long lists of context independent womdshort phrases and assistance for human
translators who are fluent in the target language and can correct syntax and grammar, if laquired.
1990, researchers from IBM introduced a DBMT systentranslation from English to Germaalled

LMT (Neff and McCord, 1990) which utilised multiple machineeadable dictionaries for acquiring
lexical information Another viable use of DBMT is the translation between very close lang(ages | i |
et al., 2000).

2.2.2 Transfer-basedMT

Unlike DBMT, in Transfetbased MT (TBM) the process is separated into three stefsurce
text analysis, structural transfer of the analysis result to a structure suited for the target language, at
target language text generatidine transfer rules depend on the language pair selectaarigtation.
That is also the main difference between TBMT amdrlingua which adds an internal representation
that is independent of the language pair

The first step includes morphological and lexical analydmphology is analyselly obtaining a
partof-speech (POS) tag (e.g. noun, verb, etc.) anecatdgory (number, gender, tense, etalyng
with the lemma of the word. Lexical analysis inspects the context of a word to determine the correc
meaning in the context of its surrounding worisetransfer step has two pait¢exical and structural.
The former is the samaesDBMT and the latter deals with reordering of words or phraless structural
transfer can be conducted on one of two levels, depending on howheasanslatable languagaip
is. For closely related languages like Spanish and Catalan, the syntactic level of transfer would b
sufficient. While for more distant languages like Spanish and English, a deeper level of transfer i
required, capturing the semantic differences betwe language# the laststep,a target language
phrases are generated in the adequate morphological forms from the output of the structural transf
stage.

Unlike DBMT that mostly relies on bilingual dictionaries, TBMT requires ni@ed craftingof
human knowledge to buildt the very least there need to be rulesttacture the source language texts,
rules for the syntactic transfer and rules for generating the target language texts. A more comple
solution will require emantic transfer rules agell.

In the commercial MTworld, one of thebestknown TBMT systems was the one made by
SYSTRAN. Founded in 1968, they have been in the industry for almost 50ayehansost of that time
has been devoted to RBMT and especially TBMT. Meséntly,SYSTRANhas stepped into the fields
of Hybrid MT® and Neural M. Out of the opersource TBMTprojectsApertium (Forcada et al., 2011)
is one of the most populalt. is currently capable of translating between approximately 40 different
language pairs either oné'! or downloadable for using locally.

2.2.3Interlingua MT

The main idea of interlingudT is similar to TBMT, but instead off transferring source language
lexical and structural information to the target language, it is instead used to generate an intermedia
abstract languag@dependent representation, called the interlinJine target languagext is then
synthesized from the interlingu@his is intended to work similarly to a human translator, who reads
words from the source sentence, comprehends thaintgg and is capable to produce a target language
sentence of the same meanihgerlingua methods are also often referred to as knowlbdged, due

9 SYSTRAN Hybrid Technolegitp://www.systransoft.com/systran/translatiosiechnology/systrarhybrid-technology/
0t dzNB b SdzNJ f u al OKAY S ¢ Nhity@blod.siiskahgbft.apr/beargmachinetr&éldtioneng-Betp-test/
11 Apertium- A free/opensource machine translation platforrhttps://w ww.apertium.org
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to the necessity of extensive knowledge resources (lexicons, grammar raglesyam knowledge) to
transform words into meaning representations.

Some of the obvious advantages of interlingua are that it takes fewer components to add a ne
language for translation. For instanéggure 2 illustrates how translationetween four languages
requires 1ets of transfer rules and dictionaries for the TBMT approach on the left, while the interlingua
approach on the right requires only 8 sétgs makes it more efficient to build multilingual MT systems.

On the other handhe main disadvantage is the difficultyrtmintainthe same meaning of texts with
each new language addédhis includes the loss of stylistic elements.

- T, .
A . A

h
f A 1

English | | French | English | French |

\ \
y
\ / \

German Spanish German Spanish

Figure2: TransferBased MT vs. Interlingua MT

One of the successful commal interlingua MT applications is the KANT project (Nyberg and
Mitamura, 1992)It was designed for translation of technical documents writtsimplified technical
English (no pronouns, conjunctions, etdg French, Spanish, and Germanother appioach to
interlingua MT is the MOLTO project (Ranta et al., 2010) that is based on the Grammatical Framework
(M&@ enp?22 andi @&apetsaurce tdoitfd multilingual grammar implementations

2.3 CORPUSBASED MT

Corpusbased MT (CBMT) also known as atadriven MT, uses large bilingual parallel text
corpora as its main resourdehese corpora are used to train models for translation. Usually, the same
setup can be used to train MT systems for multiple language pairs just by changing thedeaasag
Thereby attempting to eliminate one of the general shortcomings of RBMT by limiting the necessity of
high amounts of manual labour for linguistic analysis and various rule compogitian.of the
drawbacks of CBMT is that while for the big and widelgdidanguages the necessary corpora can be
found in sufficient quantities, for smalldéesserusedlanguagesthese corpora are often limited in size
or nonexistent at all.

Corpus based methods can be divided into two tiy@&atistical MT and Examplbased MT.In
SMT, translations are generatesingstatistical models whose parameters are derived from the analysis
of bilingual text corporaCurrently it is the most widely studied MT method by far. EB#iiploys the
idea of translation by analogy, wherengences are decomposed into smaller phrases, translated and
recomposed back into the full length.

2.3.1 Statistical MT

The main idea of SMT comes from information thedtyranslations producediccording tadhe
probability distribution of sentences in thegiet language (i.e. English) are translations of sentences in
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the source language (i.e. Frencbhe approach to modelling this probability distribution is to apply the
Bayes Theorem, where the translation martulateshe probability that the targeestence is the
translation of the source sentence, and the language (hd)etalculateghe probability of seeing that
sentence appear in the target langubigeng these two models, a decoder performs the actual translation
process.

Regarding the trafetion modeli there are three main types (Gao, 20l Word-based, phrase
based and syntaxased Word-based modela/ere proposed in 199Brown et al., 1993and now are
known as the pioneering characteristic of SMT. These magesvords as the fundamtal unit of
translation, making them difficult to use in cases where multiple words need to be translated into fewe
words or a single word. Phrabased model@ohen et al., 2003gackle this restriction bgbstracting
from using words as translationitsto using sequences of words or phrases. A comparison of word
based and phrag®msed approaches is illustratedrigure 3. Here the worébased model aligns each
word of theLatvians e nt &agé sfi s Ud ] & oor momegeerdsih thgEaglishiiThe cat sat
onthemat, whi | ebasetl model dilocates Gve English words into three phrases and translates
them into three Latvian phrases consistent of four words in d¢akertheless, phrases in phrésesed
modelsare not necessarilynguistically motivatedTo incorporate linguistic information, many methods
for syntaxbased models have been introdutiest incorporate parsing on the source sent@doang
et al., 2006)target sentencgalley et al., 2006)or oth (Zhangand Gildea2008) A comparison of
word-based and syntaxased alignments is illustratedrigure4.

Kakis| |[seédgja| |uz paklaja||The cat| |sat| |on the mat
| \ n \ / | 1
The cat sat| [on the mat||Kakis| |[seédgja| [uz paklaja

Figure3: Word-based modebn the left(IBM model 4 vs. phrasdased modedn theright.
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Figure4: Two wordbased alignments and a syntactic alignment on the right.
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SMT has found many viable usases throughout the yea®VIT was used as the main engine in
Google Translate for over 10 years before they switch&iMd in November of 201@nd is still used
by other industry leadersYandex.TranslatandBing TranslatorThe opersource SMT toolkit world
is dominated by Moses (Koehn et al., 2007), but also has a place for others like Jane (Vilar et al., 201C
Josha (Li et al., 2009), and others.

2.3.2 Example-based MT

EBMT or translation by analoggnade its first appearancBdgaq 1984) almost just before the
re-emergence of SMTEBMT is trainedsimilarly to phrasébased SMT, using large bilingual parallel
corpora. Thesore difference is how the translation process is execthdn given an input text of the

21



source languag&BMT looks for similar phrases in the source language training data and retrieves the
equivalent phrases from the target language training dagagial translationThe example imable
lshows how two sentences differ by one Xeéatenme n't
the mato in EngXsildhUjcao rurze sppaokvhdisihattisaleafinall thad needs ta n .
be done is to translate the X and compose the final output.

Tablel: Example of EBMT parallel corpus.

English Latvian
Thecat sat on the mat Kags 8dUj aUjua
Therat sat on the mat GurgbddUja uz

In the area of commercial systems there has been some interest from Microsoft (Richardson et a
2001), but there are no known successful implementat®orae examples of opawource toolkits for
EBMT are Cunei (Phillips anBrown, 2009) andDpenMaTrEx(Dandapat et al., 2010).

2.4 HYBRID MT

HMT describes a subset of MT where different MT approaches are used in the same system t
compl ement each other o6s weakness etanslatonsSomaelat r t
the bestknown types of HMT include modifying SMT systems with RBMT generated output and
generating rules for RBMT systems with the help of SMiiese systems would be categorized under
the statistical rule generation subset of HMTeTother big subsets are mipgass, where a sentence is
fully translated with one MT system and the output is passed on as input for another MT system, an
multi-system MT, where multiple translations of one sentence are generated in parallel.

2.4.1 Statistical rule generation

This is basically an RBMT approach with the main difference being that the necessary lexical anc
syntactic rules are generated from data. Thereby attenptiagoid the difficult and timeonsuming
manual laboupf creating comprehensiandfine-grained linguistic rules by extractingetimfrom the
training corpus

2.4.2 Multi -pass

The main idea of mulpass systems is the processing of an input sentence multiple times in a row.
An example could be firstly prprocessing a sentence with an RBBlystem and then using that output
as input for an SMT system that produces the final translation output. Such an approach can bring
balance between the amount of work required for composing rules for RBMT and parallel data anc
processing power requirddr SMT.

A multi-pass MT framework has been used to translate from Chinese to English (Chen et al., 2008
achieving competitive results in terms of BLEU score and METEQRniscied? (formerlyknownas
Asia Onling has been using muitiass as a compondnta larger hybrid setup.

2.4.3Multi -System MT

MSMT involves usage of multiple MT systems in parallel and combining their output with the aim
to produce a superior result to each of the individual systems. There is a vast variety of methods fc

12 https://lomniscien.com
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accomplishing gch combination and therefore this review was conducted. MSMT is a relatively new
branch of MT and interest from researchers has emerged more widely in only the yesstlor soln
addition,even now such systems mostly live as experiments in laboanvants instead of real, live,
functional MT systems. Since no single system cairidg perfect and many have advantages over
others a good combination must lead towards better overall translations.

SMT + RBMT

This is one of the most common methods fambining MT systems. Ahsan and Kolach{@810
describedh way of combining SMT and RBMT systeni$ie combination was done in five experimental
setups where each one had input from the SMT system added in a different phase of the RBMT syste
- source angkis, local reordering, londistance reordering, local + lomljstance reordering and
generation. The highest scoring variant proved to be the addition of SMT in the generation phase ¢
RBMT. Authors did not use automatic evaluation but employed humgactivb evaluation. They
reported a slight improvement of an EnglisHindi MT system compared to the SMT baseline.

Eisele et al. (20089 describean MSMT architecture for combining RBMT with SMT. They
experimented with two different approachesne provwdes enriched lexical resources to the SMT
decoder with the help of the rdimsed engines, the other uses parts from the SMT infrastructure to aid
the rulebased system. The authors of this paper did not provide any results in the form of BLEU or othe
swring methods only stated that a comparison revealed a significant increase in lexical coverage usir
their model and also that their system has already been put to practical use by translating a vast amol
of documents.

Chen et al(2007)described a@rchitecture, whichs much like the previous orieusing SMT to
align translations from multiple RBMT systems, extract phrases from the alignments and incorporate
them into the phrase table of the SMT system. The authors report that their method inbecB&&d)
score by 1.69 3.32 points for a GermanEnglish MT over the baseline system.

The MT system described in the other publication of Eisele @@08) shared many similarities
with the previous two. The system has multiple RBMT engines ineykaith SMT. Tuning was also
used to find the best configuration for the SMT system combined with 6 RBMT sysiéuss.
combination of systems was tested on two different corpora for six different language pairs and the
highest result was achieved for Esgli Spanish scoring 7.85 BLEU more than the baseline. This was
the highest increase in the reviewed papers.

Confusion network

Feng et al(2009)introduce a latticdbased system combination model that is similar to confusion
network system combination ardnsists of six steps. The first step is to collect hypotheses from the
candidate systems, after that a backbone is chosen among them using a-t&rgeNseimum Bayes
Risk (MBR) method. Further steps involve aligning of the backbone and hypothessapdi
normalsation. The final steps are constructing and decoding the lattice. The main difference from a
confusion networkbasedsystem is the ability to expresst@n mappings between the words in
candidate translations instead of ord{o1l mappingsThey used an IHMMased system combination
model as confusion network system to compare with their ldtased system and the results slightly
favouredthe latticebased oneEvaluation was also done on Chinégsé&nglish corpora and the best
result inceased the BLEU score by 3.92 (10.5% better than the baseline).

Barrault (2010) describes a MT system combination method where he combines multiple
confusion networks of-best hypotheses from MT systems into one lattice and uses a language mode!
for decodng the lattice to generate the best hypothesis. This system has been made freely availab
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online for downloatf. This system also uses tuning for performance improvemkeatauthoreported
a BLEU score increase by 2.26 points for Arabienglish and B1 for Chinese English comparing to
the best standalone system.

Confusion network + improvements

He and Toutanové2009)combine multiple MT systems where the systems cooperate in making
word alignment, ordering, and lexical selection decisions accoring set of feature functions
combined in a single lelinear model. Each of the features models either the alignment, ordering, or
lexical selection suproblems. For decoding they usbeam search algorithm similer Heafield and
Lavie (2010) The evéuation was performed on a Chinds&nglish MT system and the best system
grew the BLEU score b$.17, whichis 13.5% better than the baseline. This result ranks above the
average between other MSMT systems.

Zhao and He(2009) establish two new methodrf improving MT system combination
performance for confusionetworkbasedsystems. The methods are based on a language model using
n-gram fractional counts andgram voting scores for modifying the confidence scores of hypotheses
in a confusion networkBoth methods combined proved to provide the highest refdtsevaluation
purposesthey employ Chinesé English corpora. Withhat, they succeeded to improve the baseline
BLEU score by0.84, which is a noticeable increabet mostlyinsignificant whencompared to other
results discussed in this review.

Other methods

Heafield and Lavig2010) describe an open source MSMT system with the download®link
provided. The system itself consists of four componénts/pothesis alignment (with METEOR
aligner), cfinition of a search space on top of the alignments, definition of features for scoring
hypotheses and a beam search decoder. They were the only ones who used tuning to improve the res
of the system. Evaluation was done on six different languagegairs three metrics BLEU, TER
and METEOR. The highest scoring results were achieved for the Ar&mglish language translatipn
reporting a BLEU score increase &7 pointsusing the combo system.

Xuan et al(2012)provided a general overview the different approaches to hybrid MT which of
course included MSMT or as they call-itparallel coupling Although no specific systems were
mentioned, they state that parallel coupling can only perform as well as the best of the componer
systems or irsome cases lead to 882 BLEU improvement. Apart from parallebupling,other hybrid
methods like serial coupling and a thidimensional MT space model were also described.

Eisele(200®) tried out two different methods for the selection of the most @iomtranslation
variant from multiple SMT systems. One heuristic method used a set of features for each translation ar
the otheifi a statistical method based on probabilities from the langoagle| for the target language.
They reported increase of tB&EU score only by 0.2 points comparing to the best standalone baseline
system for the French English language pair and even less for other languages. Among all MSMT
systems described in the reviewmtblicationsthis is the weakest improvement.

The pager of Mellebeek et a(2006)distinguished itself by describing one of the rare systems out
of all others mentioned in this review that utilized online MT engines for MSMT. They introduce a
system that at first attempts to split sentences into smallex foa easier translation by the means of

I8MANY: Open Source Tool for Machine Translation System Combinhtips://code.google.com/p/many/
14 Open Source Code Madki Translation http://kheafield.com/code/
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syntactic analysis, then translate each part with each individual MT system while also providing somg
context, and finally recompose the output fromhbksetscorediranslations of each part (they use three
heurigics for séecting the best translatiorffor testing,they translated English Spanish data of 800
sentences. Three different syntactic analysis methods and three MT engines were used. The rest
compared to the best baseline system had improved byBLES points which in the described case
was about 5%.

Jayaraman and Lav{g005)utilize a method for combining the best parts of individual MT system
outputs to produce a unique superior translation. The system has three mainadigpsent of the
words from the component MT systems, generation of synthetic sentence hypothesis translations usir
the alignments and scoring of the hypotheses based on the alignment information, the confidence of tl
individual systems, and a language moRelksults wergrovided using the METEOR score, beatihg
best standalone system by 0.0778 METEOR points for Afiakinglish MT systems. Due to such a
selection of preferredhetric, it is problematic to compare these results with other reviewed MSMT
systems.

Santanu eal. (2014)describe a hybrid MT system that firstly involy@s-processingf data, e.g.
cleaning and aligning named entities (NE) and then combining SMT, EBMT, translation memory (TM),
and NE.The authors ran experiments on BengaHindi corpora of mliiple domains and the highest
BLEU score increase over the baseline system was 0.8@d#threlateddata.

2.5 NEURAL MT

NMT is the newestarchitecture for getting machines to learn to translate. Despiége NMT
has already shown promising results,iacimg stateof-the-art performace for various language pairs
(Sennrich et al., 20)60ne of the main differences when compared to o8MiT methods which
consist of many small setbmponents that are tuned separaislthatin NMT only the ondully end
to-end models trained angbintly tuned to maximize the translation performance

Some drawbacks of NMT include a rather poor performance for long sentprmdsction of
multiple repeated translations of a phrase and most notatigaling with unkown words. These
troubles have been addressed by shifting from word level translatosteord (or bytepair) level or
even character level translation, which introduced a new probléma occasional production of new,
norrexisting words in the outpttanslation.

Before theappearance of fully enatb-end NMT, there were some methods in using neural
networks as components for traditional SMT in the form of neural language m8dkisgnk 2006
and neural translation modeBdnet al., 2012 The firg pure neural MT was introduced with encaeder
decoder models and later enhanced by adding attention.

2.5.1 Neural language models

As mentioned before, an LM is responsible for estimating the probability of words, phrases or
sentences appearing in a specific ratlanguageThe main usease for LMs in MT is ensuring fluent
output in the target language during decoding timehe early 2000s, wheBMT was stillin the lead
performance wisdghen-gramlanguage modelling tools in use were also based on ststisti

One major problem of-gram LMs isthat it is difficult to estimate a reliable probability of n
grams that have appeared only a few times in the trainingdisggo no information about similarities
between wordsNeural language mode{Bengio et al 2003)address this issue by representing words
in a highdimensional vector spaaehere similar words would end up closer to one anoiVile in
later implementationdikolov et al., 201} these modelstartedoutperforming statef-the-art ngram
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LM s, using them in realvorld settings was still far tocomputationallyexpensie to handle Only after
applyingmany optimizations neural LMs became use¥dgwani et al., 20)3n SMT.

Current implementations of neural LMs go even further thentorspace representations of just
words by resorting to the charactivel Kim et al., 2016 and using convolutional networks (Dauphin
et al., 2016)They are also being used in a broader spectrum ofitaedkide from more traditional ones
like MT, speech remgnition and generation, neural network specific applications such as image and
video captioning

2.5.2 Encoder-decodermodels

Encoderdecoder models can be considered as two differeantallanguage modelthat have
mapping between the encodethe language odel for the source part, and the decdd#ire language
model for the target partn other wordsi the encoderconverts a source sentence into a vector
representation and the decoder uses that representation to generate the output targeflselg@nce.
this mappingthese models need to be trained jointly.

At first encoderdecoder models were usasla component improvephrasebasedSMT (Cho et
al., 2014a)Nevertheless, in little time this approdsbcameone ofdefining cornerstong (Cho et al.,
2014b)of the neural machine translatitmatwe know todayWhile these initiaNMT systems reported
to achieve a comparable level of quality the current statef-the-art systems they still failed to
outperformthem.

2.5.3 Attentional models

Theobviousbottleneckof the initial encodedecoder NMT model architecture wisit encoding
increasingly longer sentences into fixed sized vedtad to loss of informatiorSutskeveet al. (2014)
attempted tamend this problenby reversingthe order of words in # source sentenceshis was
eventually solved bdahdanatet al. (2015), who introduced the attentional NMT motleinableghe
model tofind parts of a source sentence that are relevant to predicting a targefpagrattention)
withoutthe needo form these parts as a hard segment explidithys allowed for higher quality NMT
systems to be trained due to a decreaseaberof trainable parameters for the neural network.

Using the attentional model to decode sentences resulted in a yspfoldoid 1 soft alignments
between tokens of source and target sentefitesse soft alignmeni&igure5) resemble alignments
from SMT (first image ofFigure 4), although giving no guarantee ththe attention corresponds to
alignments Nevertheless, they serve a good purpose in visualizing attention and can also be used t
replace unknown words withackoff translations from a dictionary (Jean et al., 20Fairther use
cases for the attentialignments include penalizing output that accumulates an overly high amount of
attention during decoding, and also scoring produced translations via various atbasgdnmetrics
(Rikters and Fishel, 2017).
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Figure 5: Example 6 attentionbasedsoft alignments White areasepresent stronger attention and
grey/black areak weaker attention

2.5.4 Fully convolutional models

Gehringet al. (2017)ouilt upon the ecurrent translation modelg/hich useda combination of
CNN and RNN, andhtroduced a fully convolutional NMT architectuitdistorically, CNNs have been
mostsuccessful in machine learnitaskslike imagerecognition(Krizhevskyet al., 2012) and video
analysis (Baccouche et al., 2011while RNNs dominatedtextual applicatiors, such asmachine
translation CNNs are highly parallelizable, becausdike RNNs,they do not depend on computations
of the previous word to compute the next ohe.maintain the context of each word, a convolution
encodes it together with its left andht context, in a limited windowsSuch windows can be computed
independently, making the CNNs more efficient for parallel compuiiingincrease the size of the
effective context of the network several convolutional layers are stacked on top of eachhettmeain
differences of the networks are depictedrigure6.

First competitive results3ehringet al., 2016) of using CNN as an encodésr NMT showed
that the architecture is capable of gwoing translatins of stateof-the-art quality, while doing the
process much faster than the strong LSTM baseline. Later reSehsiriget al., 2017)demonstrated
that a deep fully convolution@CNN as bothi the encoder and the decod®MT architecture achieves
a rew stateof-the-art on several public translation benchmdektaset, outperforming previous results
by 1.61.9 BLEU.
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Figure 6: Neural network architecture differenéesof long shorterm memory (LSTM) and
convolutional neural rizvork (CNN).

2.5.5 Self-attentional models

Vaswani et al. (201 Proposed a new neural network architecttine Transformerwhich relies
only on the attention mechanism to draw global dependencies between input and tul@s an
encoderdecoder structurasing multiple stacked selfttention and pointvise, fully connected layers
for both the encoder and decotlike CNNs, selfattentional models are also highly parallelizable, as
they do not employ the recurrent connections of RNNSs.

The models outperforprevious architectures in bothranslation quality and speed. Most recently
they have been widely adapted by research groups around the world and were the most used architect
in the WMT 2018 news machine translation shared task (Bojar et al., 2018).

15The Neural Network Zoowww.asimovinstitute.org/neurahetwork-zoo
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3. COMBINING STATISTICAL MACHINE TRANSLATION OUTPUT

3.1 COMBINING FULL SENTE NCE TRANSLATIONS

This section describes an HMiiethodthat employs several online MT system APIs,
forming a MultiSystem Machine Translation (MSMT) approach. The goal is to improve the
automated translation of EnglighLatvian texts over each of the individual MT APIs. The
selection of the best hypothesis translation is done by calculating the perplexity for each
hypothesis. Experiment results show a slight improvement of BLEU scdr&V&R (word
error rate).This sectionis based on the paper of Rikters (200Ibh e aut hor 6 s cont i
this work is 100%.

3.1.1 Introduction

MSMT is a subset of HMT where multiple MT systems are combined in a single system
to compl ement e aes o baost the acéusacyviegeh &f the ganslatitins.
involves usage of multiple MT systems in parallel and combining their output with the aim to
produce better result as for each of the individual systems. It is a relatively new branch of MT
and interet from researchers has emerged more widely during the last 10 years. And even now
such systems mostly live as experiments in lab environments instead of real, live, functional
MT systems. Since no single system can be perfect and different systems flereatdi
advantages over others, a good combination must lead towards better overall translations.

There are several recent experiments that use M$§cribed in more detail section
2.4.3 Most of the research is done Emgli Hindi, Arabici English and Englishi Spanish
language pairs in their experiments. Where it concerns Engdliatvian machine translation,
no such experiments have been conducted.

This section presents a first attempt in using an MSMT approadhefanerresourced
EnglishLatvian language pair. Furthermore, the first results of this hybrid system are analysed
and compared with human evaluation. The experiments described use multiple combinations
of outputs from two MT systems and one experimeas uilsree different MT systems.

3.1.2 Systemdescription

The main system consists of three major constituietd&enization of the source text,
the acquisition of a translation via online APIs and the selection of the best translation from the
candidate hypothes. A visualized workflow of the system is presenteligure?.



Currently the system uses three translation APIs (Google TrafisBieg Translatoy’
and LetsMT9), but it is designed to be flexible and adding ewanslation APIs has been made
simple. Also, it is initially set to translate from English into Latvian, but the source and target
languages can also be changed to any language pair supported by the APIs.

[ Sentence tokenization ]

A

Translation with APIs

A \ Y

Google Translate Bing Translator LetsMT

Y

Selection of the best |
translation

A

Output

Figure7: Generalworkflow of the translation process
API description

Currently there are three online translation APIs included in the projggbogle
Translate, Bing Translator and LetsMT. These specific APIs were chosen for their public
availabiity and descriptive documents as well as the wide range of languages that they offer.
One of the main criteria when searching for translation APIs was the option to translate from
English to Latvian.

Selection of the final translation

The selection of thévest translation is done by calculating the perplexity of each
hypothesis translation using KenLMeafield, 2011) First, a language model (LM) must be
created using a preferably large set of training sentences. Then for each rracisia¢ed
sentence gerplexity score represents the probability of the specific sequence of words

16 Google Translate APhttps://cloud.google.com/translate/
17 Bing Translator Contrehttp://www.bing.com/dev/en-us/translator
18 |etsMT! Open Translation ARIttps://www.letsmt.eu/Integration.aspx
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appearing in the training corpus used to create the LM. Sentence perplexity has been proven to
correlate with human judgments close to the BLEU score and is a good evaluatiod foe

MT without reference translatioff&amonet al., 2005)It has been also used in other previous
attempts of MSMT to score output from different MT engines as mentioned by Cdlisoh

et al.(2011)and Akiba et al(2002)

Perplexity on a tesdetis calculated using theanguage modedsthe inverse probability
(P) of thattest setwhich isnormalizedby the number of word@N) (Jurafskyand Martin,
2014). For a test s&tV = w1, Wo, ..., WN:

QA aROWRD BRH T ————— (10)

Perplexity can also be defined as the exponential function of theemtospy:
0w -1 T0Q O B (112)
NQl Na DO ® (12
3.1.3Experiments

The first experiments were conducted on thglish i Latvian part of the JR@cquis
corpus versior8.0 (JRC) (Steinberger et al., 20p&om which both the langage model and
the test data were retrieved. The test data contained 1581 randomly selected sentences. The
language model was created using KenLM with order 5.

Translations were obtained from each API individually, combining each two APIs and
lastly combinng all three APIs. Thereby forming 7 different variants of translations. Google
Translate and Bing Translator APIs were used with the default configuration and the LetsMT
API used the configuration of TB2013 HN v03*°,

Evaluation on each of the seven autpwas done with three scoring methodBLEU,
TER (translation edit ratend WER(Klakow andPeters2002. The resulting translations were
inspected with a modified iBLEU togMadnanj 2011)that allowed to determine which system
from the hybrid setupwas chosen to get the specific translation for each sentence.

The results of the first translation experiment are summariZeadle3. Surprisingly all
hybrid systems that include the LetsMT API produce lowsults than the baseline LetsMT
system. However, the combination of Google Translate and Bing Translator shows
improvements in BLEU score and WER compared to each of the baseline systems.

19 https://www.letsmt.eu/Translate Text.aspx?id=sraB8080087866{-498b-977d-63ea391bable
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The table also shows the percentage of translations from eachrAld foybrid systems.
Althoughperscores the LetsMT system was by far better than the other two, it seems that the
language model was reluctantf&wourits translations.

Since the systems themselves are more of a general domain and the first test was
conducted on a legal domain corpus, a second experiment was conducted on adshagker
containing 512 sentences of a general dor(@ik a det ak,a2010)In this experiment, only
the BLEU score was calculated as it is showmable?2.

Table2: Second experiment results.

System BLEU
Google Translate 24.73
Bing Translator 22.07
LetsMT 32.01
Google + Bing 23.75
Google + LetsMT 28.94
LetsMT + Bing 27.44
Google + Bing + LetsMT | 26.74

Table3: First experiment results

Translations selected Equal
System BLEU | TER | WER | Google| Bing | LetsMT | ~g

% % %
Google Translate 16.92 | 47.68 | 58.55| 100 - - -
Bing Translator 17.16 | 49.66 | 58.40 - 100 - -
LetsMT 28.27 | 36.19 | 42.8 - - 100 -
Google + Bing 17.28 | 48.30| 58.15| 50.09 | 45.03 - 4.88
Google + LetsMT 22.89 | 41.38 | 50.31| 46.17 - 48.39 5.44
LetsMT + Bing 22.83 | 42.92 | 50.62 - 45.35| 49.84 | 4.81
Google + Bing + LetsMT | 21.08 | 44.12 | 52.99 | 28.93 | 34.31| 33.98 2.78
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Table4: Native speaker evaluation results

System

User 1

User 2

User 3

User 4

User 5

AVG
user

Hybrid

BLEU

Bing

21,88%

53,13%

28,13%

25,00%

31,25%

31,88%

28,93%

16.92

Google

28,13%

25,00%

25,00%

28,13%

46,88%

30,63%

34,31%

17.16

LetsMT

50,00%

21,880

46,88%

46,88%

21,88%

37,50%

33,98%

28.27

3.1.4Human evaluation

A random 2% (32 sentences) of the translations from the first experiment were given to
five native Latvian speakers with an instruction to choose the best translation (just like the
hybrid systershould). The results are shownTiable4. Comparing the evaluation results to
the BLEU scores and the selections made by the hybrid MT a tendency towards the LetsMT
translation can be observed among the usergatind BLEU score that is not visible from the
selection of the hybrid method.

3.1.5Conclusions

This sectiondescribed a machine translation system combination approach using public
online MT system APIs. The focus was to gather and utilize only the publialiable APIs
that support translation for the undesourced Englishatvian language pair.

One of the test cases showed an improvement in BLEU score and WER over the best
baseline.

In all hybrid systems that included the LetsMT API a decline in ovegailation quality
was observed. This can be explained by scale of the endhe8ing and Google systems are
more general, designed for many language pairs, whereas the MT system in LetsMT was
specifically optimized for Englisi Latvian translationsThis problem could potentially be
resolved by creating a language model using a larger training corpushagtiea order for
more precision

3.2 COMBINING SENTENCE F RAGMENT TRANSLATIONS - SIMPLE
FRAGMENTING

This sectiondescribes a hybrid machine translatisystem that explores parser to
acquire syntactic chunks afsource sentence, translates the chunks with muttigiee MT
system APIs and creates output by combining translated chunks to obtain the best possible
translation. The selection of the bésinslation hypothesis igerformedby calculating the
perplexity for each translated churithe goal of this approach is to enhance the baseline-multi
system hybrid translation (MHyT described ir8.1) system that uses ondlanguage model
to select best translatidrom translations obtained with different ARIsd to improveverall
Englishi Latvian machinetranslation qualityover each of the individual MT APIs. The
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presented syntaxbased multisystem translation (SyMHyYT system demonstratesan
improvementin terms of BLEU and NIST scores compared to the baseline system.
Improvements reach froth74up t02.54BLEU points.This sectionis based onhte paper of

Ri kters and Bkaedadhahor646@dntri bution to thi

3.2.1Introduction

Different approachesf MSMT have been appearing lately (more detail in Se&idr3.
Traditional MSMT (Hildebrandand Vogel, 2009 selectsthe best translation from a list of
possible candidat&ranslationsgenerated by different MT engines usingynam approach.
Improvement has been reported when translated from French (+1.6 BLEU), German (+1.95
BLEU) or Hungarian (+1 BLEU)nto English. Howeveigpplication ofa similar approach for
EnglishLatvian MT (described in SectioB.1) has resulted imsignificant improvement by
only +0.12 BLEUpoints (Rikters, 2015)

Freitag et al. (2015) presented av@losystem combination approach that enhances the
traditional confusion network system combination approddeafield et al.,2009 with an
additional model trained by a neural network. The proposed approach yielded in translation
improvement from up to +0 points in BLEU and0.5 points in TERor ChineseEnglish and
Arabic-English.

This section presents a method that allows improving the MMT approhgh
incorporatingsyntacticinformation. These experiments were inspired by analysis of typical
errors praluced by statistical MT engines when translation is performed into a morphologically
rich language with rather freeordet at vi an ( Skadi Aa et al ., 2012
that the main type of errors is wrong inflection, which is usually cabgddnoring syntax
rules. Our hypothesis is that translation of smaller, linguistically motivated chunks can improve
this situation.
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Figure8: General workflow of the translation process

The experimerst describedn this sectionuse multiple combinations of outputs frahe
sameEnglishLatvian MT systemss described in the previogsction(3.1). We believe that
thesyntaxbasedcombination of two MT systems from compartiest have access to enormous
language resources with an MT system which is tailored for the under resduatvésh
language allows to improve translation qualitythe section we analyse combination af
threeMT systemsas well as combations of gstempairs. The automatic evaluation results
obtained with this hybrid system are analysed and compared with human evaksuitn

The framework developed within this work allows the application of proposed strategy
to other language pairs for whichTVAPIs are available. The develop8gMHyTframework
is freely available on GitH#8

3.2.2 Systemdescription

The hybrid system described in teectionconsists oEimilarcomponentso the previous
onei 1) preprocessing of the source sentences, 2) the sitiquiof a translations and 3) pest
processing the selection of the best translation of chunks and generation of MT output. A
visualized workflow of the system is presentedigure8.

For translation three tnalation APIs are used. Each translation APbur systems
defined with a function that has source and target language identifiers and the source chunk as

20 Syntaxbased MultiSystem Hybrid Translator is availabletstps://github.com/M4t1ss/Multi-SystemHybrid
Translator/tree/SyntactiéViulti-SystemHybrid Translator

35



https://github.com/M4t1ss/Multi-System-Hybrid-Translator/tree/Syntactic-Multi-System-Hybrid-Translator
https://github.com/M4t1ss/Multi-System-Hybrid-Translator/tree/Syntactic-Multi-System-Hybrid-Translator

Il nput parameter and the target chunk as the
flexible allowing to integrate more translation APIs easily.

Although the system is configured to translate from English into Latvian, the source and
target languagesoald also be changed to other language pairs that are supported by the MT
APIs. Changingsaurce languag@volvesneedfor a parser that is compliant with the Berkeley
Parser (Petrov et al., 2006).

Pre-processing

The aim of the preprocessingstep is to divide sentences into linguistically motivated
chunks that will beéhentranslaed with theonline APIs. For this task, the Berkeley Parser is
used.

The parse tree of each sentence is then processed by the chunk extractor to obtain the top
level subtrees (noun phrases, verb phrases, prepositional phraseg,tegcsiep relies only on
source anguage parser and does wonsiderproperties of the target language, i.e., it is
independentrom the target language

Translation with the APIs

In the scope of theection three online translation APIs were ugeGoogle Translaté,
Bing Translatof? and LetsMT?. The less known LetsMTf Vasi Nj evs flt- al .,
serviceplatform that gathers public and ugeovided MT training data and allows us¢o
create custom MT systems by combining and prioritising this data. The training and translation
facilities of LetsMT! are based on the open source toolkit Moses (Koehn et al., RE&GK)T!
also provides accessaavide range of MT systems for different language pairs. These systems
can be accessed using LetsMT! API for MT integration.

These spedé APIs were selected because of their public availability and descriptive
documentation as well as the wide range of languages that they support. One of the main criteria
when searching for translation APIs was plossibilityto translate from English ia Latvian.

Selection of thebest translatedchunk

The selection of the bestanslated chunk is performed described isection3.1.2for
whole sentences with the only difference being that chunks are shorter than wheteesent
When the best translation for each chuslselected, the translah of the full sentence is
generated by concatenation of chunks

21Google Translate API is available onlinéngips://cloud.google.com/translate/
22Bing Translator Control is available online [&tp://www.bing.com/dev/en-us/translator
23] etsMT! Open Translation APl is available onlingtgis://www.letsmt.eu/Integration.aspx
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lllustration of translation process

An exampletranslationof a sentencesingthe syntaxbased multisystemMT apprach
is illustrated inFigure9. At f i r st , 3.tthe ést refarad tein gaagraph 1 and all
amendments thereto shall be published in the official journal of the european comndunities
parsed wittBerkeley Parserin thenextstept he par sed sentence3 i s di)
the list referred to in paragraph 1 and all amendments tiderst@fi be published in the official
journal of the european communities add @&Each c¢chunlklwithenline ARIsa t r an
Obtained three translations for each chunk are then evaluated and the best translation for the
chunk is selected. Finally, the output is generated.

3.2.3 Experiments

This section describes the experiments performed ttheeptoposedyntaxbased multi
system translatioapproach

Data

The experiments were conductesingthe same LM and test dataset as mentioned in
section3.1.3

System combination

The proposedmethod was applied to all combinations of two #meh all three APIs.
Thus, seven different translations for each source sentence were ob&oogte Translate
andBing TranslatorAPIs were used with the default configuration andLibesMT! API used
the configuration of TB2013 EMYV v03.

Automatic evauation

Output of each system was evaluated with two scoring methd@IsEU and NIST
(Doddington, 2002). The results of the automatic evaluation are summarizaflled. The
evaluationresults clearly show an impvement over the baseline hybrid system (MHyT) that
does not have a syntactic gecessing ste@nd thus selects the best translation from
translations of full sentences.
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Figure9: lllustrationof the syntaxbased multsystem translation approach

<=

The combination ofGoogle Translateand Bing Translatorshowsabout +2BLEU
improvement compared to each of the baseline systems.

Surprisingly all hybrid systems that include thetsMT! API produce lower results than
the baselindetsMT! systemThus, resulting translations were inspected with the Wabed
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MT evaluation platfom MT-ComparEval (Klejch et al., 2015) to determine, which system from
the hybrid setups was selected to get the specific translation for.cHAiaite 6 shows the
percentage of translations from each API for thierisysystems.

Table5: Evaluation results: MHyT baseline hybrid system, SyMHyiTsyntaxbased hybrid
system

BLEU NIST
System MHyT | SyMHyT | MHyT | SyMHyT
Google Translate 18.09 8.37
Bing Translator 18.87 8.09
LetsMT! 30.28 9.45
Google + Bing 18.73 21.27 7.76 8.30
Google + LetsMT 24.50 26.24 9.60 9.09
LetsMT! + Bing 24.66 26.63 9.47 8.97
Google + Bing + LetsMT!| 22.69 24.72 8.57 8.24

Table6: Distribution of selected chunks from different MT APlIs

System Google | Bing LetsMT
Google Translate 100% - -
Bing Translator - 100% -
LetsMT - - 100%
Google + Bing 74% 26% -
Google + LetsMT 25% - 74%
LetsMT+ Bing - 24% 76%
Google + Bing + LetsMT | 17% 18% 65%

Source 3 . the list referred to in paragraph 1 and all amendments thereto shall be published in the official journal of the european
communities .

Chunks 3 _the list referred to in paragraph 1 and all amendments thereto
shall be published in the official journal of the european communities

Reference 3 . sarakstu , kas minéts 1 . punkta , un visus ta grozijumus publicé eiropas Kopienu oficialaja véstnesi .

LetsMT 3 . punkta minéto sarakstu un visus grozijumus 1 ir_publicéli Eiropas kopienu oficidlaja Zurnala . .
Google 3 . sarakstu , kas [iEaN1 . punkta lun [ ERER e uEapublicé BB D ER el Eiropas Kopienu |
Bing 3 . sarakslu , kas minétas punkia 1 un visi grozijumi tajos publicé Eiropas Kopienu Oficialaja Véstnesi

SyMHyT 3 . sarakstu JlEERINEGE1 . punkta Mlun visus [Elgrozijumus ir publicéti Eiropas kopienu oficialaja Zurnala

Figure 10: Comparison of ainslations of a sentence with the different systems with MT
ComparEval

Contrary to the baseline hybrid systé@oogle- 28.93%, Bing- 34.31%, LetsMT!-
33.98%, equat 2.78%9 the SyMHyT system tends to use more chunks from LetsMils
resulted in increasof theBLEU score by +1.7 2.03 points over the baseline hybrid solution.
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Figurel0shows an example of the sousamtence, extracted chunksference sentence
and all system translationscluding the hylid SyMHyT, with the differences highlighted.
The purple line highlights the chunk selected frGwogle Translatend the green link the
chunks from LetsMT.tlcan be seen that the hybrid system (SyMHyT) used the first chunk
from G o o g bugpdt and theexond chunk from LetsMT.

This illustration also shows weakness of the proposed appioselected chunks are
very long and are independent from the target language. Our hypothesis is that this is the reason
why the hybrid approach did not perform betteiLatsMT system.

Experiments with different language models

To evaluate the influence of language model size on the chunk selection process we
trained two 12Zgram language modelsone on thelRCcorpus(section3.1.3 and anther one
on theDGT-Translation Memory[@GT-TM) corpus Steinberger et al., 4@). The results of
this experiment are presentedliable?.

Table7: Influence of different language models

LM Size (sentences) BLEU
5-gram JRC 1.4 million 24.72
12-gram JRC 1.4 million 24.70
12-gram DGFTM 3.1 million 24.04

For this approach the higher order language model did not show improvement. Some
additional experimentsdescribed insection 3.3, using 6-gram, 9gram and 1Zjram LMs
resulted irslightly higher BLEU score but the change was not statistically significant.

Application of random chunks

To justify that our approach that uses the linguistically motivated chunksuate better
as just cutting sentences into random chunks we performed three experiments. The sentence
was split into 5grams in one experiment (+ one shortagram, if the last one is made up of
less tokens), randomdrams to 4grams in the second expeent, randomi-grams to égrams
in the third, and finally random-§rams to rgrams of sentence length in the last expenime
We used the gram LM asin section 3.1.3for best translation selectioResults of these
experimats (Table8) fully confirmed our hypothesis of advantage obluistically motivated
chunks.
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Table8: Influence of different chunk selection strategies on MT output

Chunks BLEU
SyMHyT chunks 24.72
5-grams 11.85
Random 14 grams 7.33
Random 16 grams 10.25
Random émax grams | 20.94

3.2.4Human evaluation

A random 2% (32 sentences) of the translations from the experiment were given to 10
native Latvian speakers with instructionsetaluatefluency and adequacyhe MT-EQuAI
tool (Girardi et al., 2014) was used for evaluatione Three baseline systemsre compared
with the syntaxbased hybrid system that comlsnall three baselines Evaluatorswere
instructed to mark each sentence wittkonof t he f ol |l owing | abel s:
Amost precise translmdn om®s t ofirm refié kit ohtele 0 nmoosstt  ffll
mo st pr easeifsadranslatidrismarked as most fluent and adequate, #ieathers
alternativesneeded to be markesii n e i t her ,nmoors tmofsltu epnrte ci s e 0.

The result®f evaluatiomare summarized ihable9. The freemarginal kappa (Randolph,
2005) for these annotations is 0.335 that indicates substantial agreemesiibie annotators.

Table9: Manual evaluation results

Fluency | Accuracy | SYMHyT
System | "au6” | " ave | selection | BLEY
Google 35.29% | 34.93% 16.83% | 18.09
Bing 23.53% | 23.97% 17.94% | 18.87
LetsMT 20.00% | 21.92% 65.23% | 30.28
SyMHyT | 21.18% | 19.18% - 24.72

As it can be seen from the table, about 1/3 of translations recognized by annotators as
most fluent and most adequate are translations Gooygle Translatsystem This contradicts
with the automaticevaluation results and the selections miagléhe syntaxbased hybrid MT,
wherea tendency towards theetsMT! translationis observed

Inspecting the annotations closer, we performed a broader analysis of thisQ@esult
hypothesis is that LetsMTwas chosen lessften by the annotators becausé failure to
translate dates or numbers in specific sentences while the rest of the sentence was very similar
to the reference, hence scoring more BLEU poifi®ser inspection revealed that three
sentences from ANWUMMT=agc o mwhta mefme argrin ¢ha named
entity processor during time of experiments. There were also five sentences that contained
untransl! at e3d dedembee 9 eabmary, 199® These errors

41

acC



LetsMT! not be selected by annotators in 2&86es of the evaluation dataset, whilease of
BLEU score, their influence was not so significant.

3.2.5Conclusiors

Thissectiondescribed an improved machine translation system combination approach for
public online MT system APIs that uses syntactic datissical features. All test cases showed
an improvement in BLEU score when compared to the baseline hybrid system and improvement
in NIST score in one case. When used only v@thogleTranslateandBing Translator the
SyMHyT approach resulted in +2.4.BU points compared to the best individual API.

For hybrid systems that included thetsMT! API a decrease iBLEU was observed.
This can be explained by the scale of the enginée Bing and Googlesystems are more
general, designed for many languggers, whereas the MT systemliatsMT! is customized
for Englishi Latvian translations.

The proposednethod for chunking is very straightforward and easdgomplishablein
| ater experiments (Rikters and ShuakdrithAtas, 201¢
slightly more dependent on the source languageit includesadditional rules forchunk
selection.

In the describedapproach,the chunker splits sentences top-level chunks witbut
analysis ofsubchunks orcaseswhen a chunk isingle t«ken However, he larger chunks
should be split in smaller stdhunks and the singlword chunks should be combined with the
neighbouring longer chunkBetter results could be achieved if sentenabvisled into certain
types ofphrases, e.g. noun phrasand verb phrasglut not prepositional phses, infinitive
phrases, etThese ideas lead to the improvements described in theeetidn(3.3).

3.3 COMBINING SENTENCE F RAGMENT TRANSLATIONS - ADVANCED
FRAGMENTING

This sectionpresents hybrid machine translation (HMT) system that pursues syntactic
analysis to acquirphrasesf source sentences, translates gheaseausing multiple online
machine translation (MT) system application program interfaces (APIsjearetate®utput
by combining translated chunks to obtain the best possible translatioainT loé this studys
to improvetranslation quality of English Latvian texts over each of the individual MT APIs.
The selection of the best translation hypothesis is donalbylating the perplexity for each
hypothesis usingran-gram language modé&lhe result is @hrasebased multsystenmachine
translation system thallows to improve MT output compared to individual online MT
systemsThe proposed approashow improvenent up to+1.48points in BLEUand-0.015in
TER scores compared to the baselines and related res@arsBectionis based on the paper
of Rikters and@hskadi ARar280t6hbh)jribution to th
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3.3.1Introduction

Although MT has been resmrched for many decades and there are roafige MT
systems availabléhe output oMMT systems in many casesll has low quality. The problem
of translation quality into undeesourced languages has been also recognized by EU H2020
programme and adessed in QT21 project. The QT21 project investigates novel methods, e.g.
hybrid MT, neural network MT, etc. to improve MT output for morphologically rich under
resourced languages.

To address this issube MSMT approactcan baused poostng the accuracgnd fluency
of the translationgCostaJussaand Fonollosa 2015) Our hypothesis is that quality of MT
output for underesourced languages can be increased by appMi@BNIT that combines
outputs of MT systems developed by global players, who have aockesge linguistic data,
with MT systems developed by MT developers, who pay more attention to particular language
and domain.

This sectionpresents several methods htavenrich an MSMTsystemwith linguistic
knowledge The experiments described usaltiple combinations of outputs frotwo, three
or fouronlineMT systemsThe automatic evaluation results obtained with this hybrid system
are analysed ancbmpared witheach otherOur approach allowed to increase outputliz\3
BLEU points when transteng general domain texts. It is a continuation of an experiment series
that started asystaxbased multsystem machine translati¢nRi kt er s and Skadi A

3.3.2Related work

In the lastdecads, the statistical machine translatibilas beerthe dominant research
direction in machine translatiorlowever the quality of theoutput with stateof-arttraditional
methods is insufficienh many casesThis has been a reason, why new techniques, including
hybrid solutions become more and more popular.

In 2014 the EWBRIDGE project reported that thegchieved significantly better
translation performance with gains of up to +1.6 points in Bl&ad-1.0 points in TER by
combining up to nine different machine translation systems for translation between German and
English(Freitag et al., 2014Recently Freitag et al2015)presented novel system combination
approach that enhance traditiomahfusion network system combination approach with an
additional model trained by a neural network. Expents were performed with higiuality
input systems for Chinedenglish and Arabidnglish. The proposed approach yielded in
translation improvementdm up to +0.9 points in BLEU anr@.5 points in TER

A more detailed summary of related work can be found in Se2tba

3.3.3 Systemdescription

Themajor componentsf the systenare the same as in the previsastion ¢.2.2, and
thegeneral workflow is very similar to what wakown inFigure8.
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Pre-processing

The preprocessing step gerformed similar to what was describedaation3.2.2 using
theBerkeley Parser to obtain initial chunksd then processirigem withthe chunk extractor
to obtain the parts of the sentence that will be individually translated.

It mustbe stressed that when translation is performed intpinadogically rich language,
a simple chunk translation approach will not lead to a better translation. For example, when
small chunks are translated into Latvian, they usually will be in canonical form that correspond
to subject ofsentence buwvill be incorrect for object. On the other hand, if long chunks are
translated, then translation usually breaks agreement rules or translation has wrong word order.
Thus,several approaches how to select best chunks for translation have been investigated.

Translation with the APIs

In addition to the APIs used in the previous setugeation3.2.2 here we addedandex
Translaté* and Hugd®, but no longer used LetsMTMandex Translatevas added due to its
recent updatadding support for atviarf®, andLetsMT! was replaced bilugobecause it was
a newer creation by the same developer team

Selection of the best translated chunk

Selection ofbest translabn from all possible chunk translations is ddrecalculating
perplexity for each traslationas described igection3.2.2 If two or more translations are
identical, the translation is selected as the B&%$ten the best translation for each chusmk
selected, the translanh of sentence is generated

Postprocessing

The postprocessing step is necessary to correct some common mistakes of the translation
engines andemove duplicat@unctuation marks that result by concatenating chunks into full
sentences.

3.3.4 Experiments
Setup

Experiments were conducted on theglishi Latvian language paiiTwo legal domain
corporai JRCandDGT-TM i were used for language modelling.

24 YandexTranslateAPI- https://tech.yandex.com/translate/
25 |_atvianpublic administratiormachine translatiorserviceAPI- http://hugo.lv/TranslationAPI
26 hitps://twitter.com/TranslateYandex/status/624533549765521408
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For evaluationtwo different test sets were used:
1 Thelegal domain test set frosection3.1.3

 ACCURAT balanced evmation corpus consisting 0512 sentence§ S k a etialA a
2010)

Translations were automatically evaluated with two scoring meth&l€£U and TER-
and manually inspected in wdlased MT evaluation platforms MJTomparEval and iBLEU
to determine, which system from the hybrid setups was selectgt the specific translation
of chunk and inspect the differences in translations.

Baseline systems

As the baseline, we used full translations from each individolhe API and simple
MSMT system(Rikters 2015)that uses only perplexity to select thesb translation from
outputs of the online APIs. BLEU and TER scores for the baseline systems are presented in
Table10. As it was expected, systems developed by global MT developers show better results
for generaldomain translation, while Latvian public administration MT system is better for
translationof legal texts. The baseline MHE system (singa 6-gram JRCLM) demonstrates
lower results as individual systems in legal domain, while for general domain ersutiese
to the best individuaystem.

Tablel10: Automatic evaluation results for baseline systems

Test Set JRC ACCURAT

System BLEU | TER | BLEU | TER

Bing 16.99 | 0.695| 17.43 | 0.765
Google 16.19 | 0.682| 17.73 | 0.749
Hugo 20.27 | 0.708 | 17.14 | 0.764
Yandex 19.75 | 0.696| 16.04 | 0.776
MSMT - BG 16.38 | 0.689| 17.70 | 0.755
MSMT - BGH 17.89 | 0.694| 17.63 | 0.756

Syntax based MSMT systems

We evaluated two approaches in chunk transldtioanslation otop-level chunks and
translation of smaller chuskhat are selected based on their properties in sentence.

Simple chunkgSyMHyT)

In first experiment, a parse tree of each sentence is processed by the chunk extractor to
obtain the togevel subtrees (noun phrases, verb phrases, prepositional phrasesTlee
chunk extractor use®gular expression® identify subtrees.Whensubtrees aradentified,
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they aretranslated withonline APIs. Finally, thetranslationof the sentences generatedy
combination of translation hypothesissubtreesas itis described in section 3.3.

We evaluated this approach for two SyMHyT systegisg + Google(BG) andBing +
Google+ Hugo (BGH). Similar to he baseline MSMT systensyMHyT also usé a 6gram
LM trainedon JRCcorpus for selection of the best chukaluation results of this approach
are summarized imable11. The SyMHyTapproach allowdto increase translation qualifiyr
combination oBingandGoogleAPIsby +0.37BLEU points to compare with the best baseli
(Bing 16.99BLEU points) on legal domain texts. When applied to general domain balanced
corpus ©.22BLEU points are obtained to compare with best base@eo@le17.73 BLEU
points).

Table11. Automatic evaluation results fomsple chunk baseline system

Test Set JRC ACCURAT
System BLEU | TER | BLEU | TER
Bing + Google 17.36 | 0.672| 17.95 | 0.825
Bing + Google + Hugo| 19.50 | 0.661| 17.30 | 0.817

However, when three APIs wetembired, the decrease of BLEU points is observed.
understandwhy combination of three systems did not improve translation,anaysed
translation selection proce$sgurell shows proportion of translated chunks of different APIs
selected bysyMHyT system. When translatierof all three systems are used to generate MT
output, most of fragments are selected from translations produééadoylv.Since for general
domain translatiohugo.lvshowed the worse result, it influenced SyMHyT output and decrease
of -0.43 BLEU is oberved. In case of legal domaiugo.lvshowed the best result (+3 BLEU
to compare with other baselines), however, since only 63% of fragments were selected from
this system, it was insufficient to beat the basekfer7 BLEU).

Legal General

SYMHYT-BG SYMHYT-BGH SYMHYT-BG SYMHYT-BGH

_ ;;:::E?gl E%:: ;;33;%1 . E%I
crimm / 87 Bing DA gy f Bing
S . AR | | g 7.
SRR Google:: el ——— " Googie !
" Google Hugo BT U ale dites So0%

SR R eaki RSy [ TSR Ep
Figurell: Proportion of chunks selected from translations different APIs
Linguistically motivated chunk@hunkMT)

Although proposedSyMHyT approach demonstrated some improvement for general
domain translation, the analysis of selected translated cheukaled discrepancy between
BLEU score evaluation results and preferences of selection module. In addition, we observed
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some obvious flawse.g. oneword chunks onesymbol chunks or very long chunkKshis
motivated us to investigate more complex algoritbonchunk extraction.

The proposedcchunkextractorreads output of the Berkeley Parser and places it in a tree
data structure. During thjgrocesseach node of the tree is initialised with its phrase (NP, VP,
ADVP, etc.), word (if it has one) and a cluwronsisting of the chunks from its child nodes. To
obtain the final chunks for translation the resulting tree is traversed bofigrastorder (left
to right). A chunk is combined with the previous one, if it is a)4atphabetical, b) only one
symbol, @ ¢) contains genitive phrase. If a chunk is very long (length of chunk > sentence
length / 4 in the first chunking iteration), an attempt to break it into smaller chunks is made.
Figurel2illustrates chunk extréion result of bottMSMT systems.

SyMHyT ChunkMT

Recently Recently there has been an

incr inter
there creased interest

in the automated discovery of

has been an increased interest in ) .
equivdent expressions

the automated discovery of
equivalent expressions in different in different languages .
languages

Figurel2: Examples of chunks extracted by SyMHyT and ChunkMT

The improvedMSMT system was evaluated on legal domain and general domain test
corpora. For selection of best hypothesigr&nm and 1yram language models were used. In
almost all cases better results are obtaineld igher order language model.

Tablel12 Evaluation results for legal domain (JRC test corpus)

12-gram 6-gram
System| BLEU | TER | BLEU | TER
JRC LMs
BG 17.67 | 0.671| 16.70 | 0.686
HY 21.38 | 0.681| 20.18 | 0.703
HG 19.44 | 0.677| - -
All 20.33 | 0.668| 18.47 | 0.698
DGT-TM LMs
BG 17.61]0.675| 16.81 | 0.688
HY 21.39 | 0.684| 20.36 | 0.699
HG 19.86 [ 0.677| - -
All 20.01 | 0.667| 17.98 | 0.699
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For legal domainTable 12), the best result (+1.11 BLEU) is obtained by combining
Yandex(19.75 BLEU) andhugo.lv (20.27 BLEU) systemgHY). Similar to the previous
experiments, inclusion of MT systems with significantly lower BLEU scguesduce output
which in BLEU points did not exceed the best baseline.

Analysis ofselectedchunks(Table 13) revealed interesting phenontenwhich needs
further investigationd when all systems are combinddanslations from the best baseline
system is used only in 33% of cases, but fronstwmndbestsystem only in 16.59% of cases.

Table13. Best results using test data and LM from JRC and selected chunk percentages

System BLEU Equal Bing Google Hugo Yandex
BLEU - - 16.99 16.19 20.27 19.75
MSMT - BG 16.38 4.88% 45.03% | 50.09% - -
MSMT - BGH 17.89 2.78% 34.31% | 28.93% | 33.98% -
SyMHyT - BG 17.36 4.59% 24.61% | 70.80% -

SyMHyT - BGH 19.50 2.88% 18.01% 15.71% | 63.40% -
ChunkMT- BG 17.67 | 15.23% | 41.14% | 43.63% - -
ChunkMT - HY 21.38 9.15% - - 44.79% | 46.06%
ChunkMT - all 20.33 2.94% 27.80% 19.67% | 33.00% | 16.59%

For general domaimata (Table 14), the best result (+1.48 BLEU) is obtained by
combinirg output fran all four MT systems. Just like for tlegal domain, results of two system
combination are better, when better baseline systems are combined. Increase by 0.56 BLEU
points is observed whdBing andGooglesystems are combined (BG).
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Tablel14. Evaluation results on ACCURAT balanced test corpus

12-gram 6-gram
System| BLEU | TER | BLEU | TER
JRC LMs
BG 17.34]0.757] 17.30] 0.757
HY 15.72 | 0.774| 15.78 | 0.775
All - - | 15.88]0.774
DGT LMs
BG 18.29 | 0.753] 17.81]0.760
HY 17.72 | 0.757 | 16.49 | 0.768
HG 18.06 | 0.747| - -
All 19.21 | 0.745| 16.36 | 0.776

Table 15 presents distribution of selected translated chunks between different MT
engines. Most of translations come frbomgo.lv,which can be exgined with choice of legal
domain language model, whit@oogleand Bing were the best baseline systems for general
domain.

Table 15. Bestresultsusingbalancedest dateand DGFTM LM anddistribution of selected
chunks

System BLEU | Equal | Bing | Google Hugo Yandex
BLEU - - 1743 | 17.73 17.14 16.04
MSMT - BG 17.70 | 7.25% | 43.85%| 48.90% -

MSMT - BGH 17.63 | 3.55% | 33.71%)| 30.76%| 31.98% -
SyMHyT - BG 17.95| 4.11% | 19.46%) 76.43% -
SYMHyT-BGH | 17.30 | 3.88% | 15.23%] 19.48%| 61.41% -
ChunkMT- BG 18.29 | 22.75%| 39.10%) 38.15% - -
ChunkMT - all 19.21 | 7.36% | 30.01%)| 19.47%| 32.25% 10.91%

3.3.5Conclusiors

In thissectionwedescribé a machine translation system combination apprdstuses
syntactic features to extract source text fragments, agpligs online MT system APIgor
translationandselects translations usistatistical features he results show improvements in
BLEU (up to +1.11 for legal domain and +1.48 for general domain) and TER (@o@1®15
for legal domain ane0.004 for generallomair) scores compared to the baselines and related
research projects.
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Experiments described in thsgctionwere performed for the Englishatvian language
pair, howeverthe frameworkthat realizes described MSMT approach can be apfuresther
langlage pairs as wedind is freely downloadable from GitHtib

3.4 COMBINING SENTENCE F RAGMENT TRANSLATIONS BY
EXHAUSTIVE LY SEARCHING ACROSS POSSBILITIES

This sectionpresents an attempt to improve the baseline MSMT combination system
described in the previouSection (3.3) by using brute force and searching through all
hypothesegor the besttombined translation instead of incrementally building the translation
piece by piece. The result is an improved phazssed MSMT system thabosts the quality
of the MT output compared to the baseline while taking much more time to produce the final
output. The proposed approach shows improvement up to +3.34 points in BLEU score
compared to the baselines and up to +3.61 BLEU compared talredgesarchThis sectionis
based on the paper of Rikters (20l1dch e aut hor 6 s contri bution to

3.4.1 Introduction

The problem with the previous approaches is that they can potentially miss some certain
combinations of chunks that only scoréow perplexity when put together in a full sentence
but not necessarily as individual chunks.

With this in mind, as well as the increasing availabilityhajh performancesoftware
engineering techniques and computing resources for experimentationp#duwase possible
to not simply evaluate each individual translated chunk and combine them but also iterate
through all variants of different combinations. Doing it this way allows for finding the best
version of a speci fic saewhdebotna netebsarilythatgdod 61 c
as individual chunks.

3.4.2 System design

The full search MT system combination (FUSCoMT) was developed based on ChunkMT
(section 3.3). Therefore, the architecture is very si@mitto ChunkMT but with a few key
differences.The worklow of the system can bdecomposednto following steps: pre
processing of the source sentence, acquisitientdnslationsia online APIs, and generation
of MT output, as it is shown iRigure13. The main difference is in tHast step the manner
of scoring chunks with the LM and selecting the best translation. The other big change is the
utilisation of multithreaded computing that allowsrunthe praess on all available CPU cores
in parallel.

27 ChunkMT- https://github.com/M4t1ss/ChunkMT
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Translation selection

As opposed to ChunkMT, FUSCoMT firstly generates all unique sequential combinations
of translations, using the given chunks. The amount of the combinations is calculated as n
where n is the amount of different translation engaredr is the number of chunks. Since the
translation engines in this case are the same four as in ChunkMT ntivination count will
be 4.

After that comes the scoring of each full sentence perplexity, using the LM. Finally, when
all full-sentence combinations have obtained a perplexity score, the lowest one is elected as the
best candidate.

Multi -threaded computing

Since the original code of ChunkMT was written in PHP, the same environment was used
for FUSCoMT with several slight additions. To be able to support multiple threads in PHP, the
latest version that is PHEPheeded to be utilizedlso, for this, the PHRxtension pthreadd
is required.

3.4.3 Experiments
Experiment data

Experiments were conducted on Englisbatvian data and three different corpora were
used.TheDGT-TM was used for training the LM. The legal domtest setas mentioned in
section 3.1.3 and thegeneral domairiest setas mentioned irsection 3.1.3 were usedfor
testing

28 PHP7: New Feature$ittp:/php.net/manual/en/migration70.newfeatures.php
29 pHP: Pthreadshttp://php.net/manual/en/book.pthreads.php
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Table 16 andFigure 14 outline he statistics of chunks obtained from the test data. The
legal domain test data containethege numbepof sentences that were split into six or more
chunks. Since there aréar 262144 different combinations possible for a sentence that is split
into nine chunks, these experiments were computationally too expensive. Therefore, the
maximum number of allowed chunks was limited to 9, althougtchibaker may have been
able to produce more

Table16: Statistics of the test data

Count Percentage
Chunks | Combinations

Legal | General| Legal | General
1 4 210 16 13.28%| 3.13%
2 16 178 78 11.26%| 15.23%
3 64 262 131 16.57%| 25.59%
4 256 273 127 17.27%| 24.80%
5 1024 275 94 17.39%| 18.36%
6 4096 201 47 12.71%| 9.18%
7 16384 96 11 6.07% | 2.15%
8 65536 49 6 3.10% | 1.17%
9 262144 37 2 2.34% | 0.39%

52




Figure 14. Chunk count visualization for the legal domain test set (left) and for the general
domain test set (right).

Experiment results

To make the experiments comparatidehe baseline MSMT system, the same corpora
were used for both training the LM and preparing test data. The translation quality results of
the experiments are shownTable 17. The time required to run thesgperiments was not
measured but it was significantly higher than an unmodified version of ChunkMT.

Tablel7: Experiment results

BLEU
System

Legal General

Full-search 23.61 14.40

ChunkMT 20.00 17.27

Bing 16.99 17.43
Google 16.19 17.72
Hugo 20.27 17.13
Yandex 19.75 16.03
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Example sentence analysis

In this section an analysis of one particular sentence is given in more detail to show the
differences in how the fullearch method compares to the sirlggst chunk selection that i
used in ChunkMT. The sentence was split into three chunks by the chunker and eaehashunk
translated with the four MT APIs.

Table 18 shows the full sentence with the lowest perplexity score in comparisorawith
sentence that consists of the lowest perplexity scoring individual chunks and also some other
possible sentence chunk combinations and their perpleXiaés 19 provides information on
the perplexity scores @ach chunk translated by each MT API. In both tables chunks and the
sentence made up of chunks with the lowest perplexities are marked in bold whereas chunks
and the sentence scoring best only when combinethareed in cursive.

Tablel18: Example full sentence perplexities

System Sentence / Chunk Perplexity
Full-search GI.‘.S I Um_u ms st Uj as spUkU 16.57
vUstnes?g
ChunkMT go I Umumu . stUjas spUkU t 13214
vUstnes?d '
go | Umumu I Umums st Ujas 54.31
publicUfjanasi ealUbkaj U vUstn '
Other Gis | Umums | Umums st Ujas
possible . . = 68.82
: publicUganas valsts ofici U
variants
Gis | Umums stUjas spUkU t 21.79

Ofici UlajU VUstnes?

54



Table19: Example sentence individual chunk perplexities

System Chunk / Perplexity
Gi s IUIUmur_ps st Ujas |Saviengbas Ofi
Bing dienU pUc tUs
70.73 33.21 678.29
gis I UlstUjas spUkU ¢tofi ci Ulaj U vUst
Google di enU
568.43 64.58 6858.23
go | Um{stUjas spUkU tvalsts oficiUl
Hugo dienU |,
48.04 23.91 951.49
go | Um stl'_sz_;_l_s spUkU tloficiUlajU vUs
Yandex di enU
760.09 61.66 164.97

3.4.4Conclusions

The obtainedresultsshowthat the purposed approach produces a higher quality output
when the chunk counts of the input datdistributed more evenly like in the JR€gal domain
test data. On the other hand, when more thwalf of the sentences csist of three or four
chunks, the baseline ChunkMT is still thestperformer. It is also worth mentioning that due
to the high number of perplexity scores that needed to be calculated for some sentences in the
test data, the experiments took a ratheh laignount of time to perforiinfrom a few days up to
over a week.

3.5 COMBINING SENTENCE F RAGMENT TRANSLATIONS WITH
NEURAL NETWORK LANGUAGE MODELS

This section presents the comparison dbw using different neurahetworkbased
language modkng tools for seleting the best candidate fragmemffects the final output
translation quality in a hybrid muiystem machine translation setup. Experiments were
conducted byomparingperplexity and BLEU scoresn common testases using the same
training datasetA 12-gram statistical language modes selected as a baseline to oppose three
neural networkbasedmodels of different characteristics. The models were integiated
hybrid system that depends on the perplexity score of a sentence fragment to protlase the
fitting translations. The results show a correlation between language model perplexity and
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BLEU scores as well as overall improvements in BLEbis sectionis based on the paper of
Rikters (2016d)T he aut hor 6s contri bution to this wor

3.5.1Intr oduction

Some recenbpensourceMSMT approaches tend to use statistical language models
(LMs) for scoring and comparing candidate translations or translation fragments. It is
understandable, because the statistical approaches have been dominant feir deegokes.
Whereas lately, neural networks (NN&gvebeen showingncreasingly greatepotential in
modelling long distance dependencies in daten compared tstateof-the-art statistical
models. Therefore, the aim of this research is to utilisgptitential in combining translations.

Since LMs are probability distributions over sequences of words, they are a great tool for
estimating the relative likelihood afhethersome sequence of words belongs to a certain
languageIn the previous experimeng{sections3.1, 3.2 and 3.3), different orderLMs were
used inthe describetMSMT approachesThislastsystenthat was presented section3.3and
the statistical model from KenLMhat it uses will be treated as the baseline for further
experiments.

Thissectionpresents an enriament ofthe existingMSMT tool with the addition of neural
language modeld he experiments described use multggenbinations of outputs fronline
MT sources Experiments described in thisection are performed for Englishatvian.
Translating from and tother languages supportedput it has some limitations as described
in theprevioussection The code of th developed system is freely available at Gitfub

The structure of thisectionis as following:subsectior8.5.2describes tharchitecture of
the baseline systerBubsectior8.5.3outlines theLM toolkits that are used in the experiments
andsubsectior8.5.4providesthe experiment setup and results

3.5.2 System description

The core components of the system have not charfiged the ones mentionetthe
previoussections 8.2.2 3.3.3, and the general workflow is very similar to what was shown in
Figures8.

Going into more detail on the chunking part of the-gmacessing stepkigure 15
represents the basic workflow for th@ihe syntax tree of a sentence is traversed bettom
right to left and combines smaller subtrees with bigger ones when passilebycreating
chunks that are ntonger than a quarter of tokens or words in the sentence. This specific
maximum length for chunks was chosen in previous experiments that showed a general
decrease of translation quality or no changes at all for longer maximum chunks. However, if

%0 Machine translation system combination using neural network language models
https://github.com/M4tlss/BatchChunkCombiner
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the chutker returns darge numbeof chunks for a single sentence, this maximum ratio can be
adjusted further. More details on the chunking can be fousetiions3.2and3.3.

For translationthe sameonline MT systemswere usedas in section 3.3.3 Source
languages require compliance wigkrkeley Parsgparse grammars. The parser is able to learn
new grammars from treebankiarget languagerequire a language model thatcismpliant
with either KenLMor one of the NN LM tools. New LMs can also be trained using monolingual
plain text files as input.

cwc ¢ chunk word count Tree data /~ Sentence
swc ¢ sentence word count structure \_parsetree
Post-order traversal h

» Traverse tree/subtree

T~ cwc<swc/ 4
Add o ~_
chunk |€aowe>1< Chunk of current |
i node/subtree
to list
A ovc=1 |
+ genitive phrase
Combine yvith th_e Non-alphabetical
last chunk in the list

‘/ List of ‘«/Tree datastructure
| chunks |\ with marked chunks

Figurel5. lllustration of how chunks are selected

3.5.3Languagemodels
Baselne

The baseline language model was trained withstagstical LM toolkiti KenLM - one
of the most popular LM tooJantegrated into many phrasesed MT systems likMoses
(Koehnet al., 2007)cdec Dyeret al., 2010), and Joshua gt al., 2009). Itdoes the job quite
efficiently, thus, it was included as the only LM option in the baseline system. For training, a
large order of 12 was chosen for maximum quality.

RWTHLM

RWTHLM is a toolkit for training many different types of neural network language
models (Sundermeyeet al., 2014) It has support fofeedforward, recurrent and long shert
term memory NNgHochreiterand Schmidhuber 1997; Gerset al., 2000) While training
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different NN configurations, the best results were achieved with a modeltaumsionefeed
forward input layer with a 3vord history, followed by one linear layer of 200 neurons with
sigmoid activation function.

MemN2N

MemN2N trains an entb-end memory networkSainbayaret al., 2015) model for
language modelling. It is a nelireetwork with a recurrent attention model over a possibly large
external memory with architecture of a memory network. Because it is traing¢d-end, the
approach requires significantly less supervision during training.

MemN2N requires Torch scientific computing framework to be installed for running.
Torch is an open source machine learning library that provides a wide range of algorithms for
deep learningror training, the default configuration was used with an internal state dimension
of 150, lineampart of the state 75 and number of hops set to six.

Char-RNN

CharRNN?®? is a multilayer recurrent neural network for training charatéeel
language models. It has support for recurrent NNg $hrortterm memory (LSTM) andajed
recurrent unitgGRUS)

To run ChaiRNN on a CPU, a minimum installation of Torch is also required. Running
on a GPU requires some additional Torch packages. The best scoring modeinedsusig
2 LSTM layers with 024 neurons each and the dropout parameter set to 0.5.

Environment

The translationexperiments were carried out on Ubuntu server with 16GB RAM and 4
cores.This was sufficient because querying the models requires far less computation power
than training.

Experiments for LM training and perplexity evaluation wel@e on three desktop
workstation machines with different configurations. The KenLM and RWTHLM maodets
trained oran 8core CPU with 16GB of RAM. é1 training MemN2N a GeForce Titan X (12GB
memory, 3072 CUDA cores) GPU with a-&@re CPU and 64GB RAM he ChatRNN model
was trained on a Radeon HD 7950 (3GB memory, 1792 cores) GPU witbcaae 8PU and
16GB RAM.

31 A scientific computing framework fduajit - http:/torch.ch
32 Multi-layer Recurrent Neural Networks (LSTM, GRU, RNN) for charalgieel language models in Torch
https://github.com/karpathy/chann
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3.5.4 Experiments
Data

To train the LMsthe Latvianmonolingual part of the DGTM was used. In the case of
training an LM with ChaiRNN only the frst half of this corpus (1.5 million sentences) was
used in order to speed up the training process as well as because the character level model
requires much less training data when compared with the others. When training all NN LMs
evaluation and validain datasets were automatically derived from the training data with the
proportion of 97% for training, 1.5% for validation and 1.5% for testing.éMaduation data
consisted of 134 sentences randomly selected out of a different legal domain ¢ogRS
(section3.1.3.

Test datasets were made up fromldgal domairtest ses mentioned isection3.1.3
andthe generaddomaintest ses mentioned isection3.1.3

A 12-gram language model for the baseline was trained using KenLM.
Languagemodelling experiments

To justify using different language modelling approaches, different language models
were trained with the same and similar (half of the corpaméncase) &ining dataTable20
shows differences in perplexity evaluations that outline the superiority of NN LMs. It also
shows that the statistical model is much faster to train on a CPU and that NN LMs train more
efficiently on GPUs.

Table20. Results of language model perplexity experiments.

System | Perplexity | Corpus size | Trained on | Training time | BLEU
KenLM 34.67 3.1M CPU 1 hour 19.23
RWTHLM 136.47 3.1M CPU 7 days 18.78
MemN2N 25.77 3.1M GPU 4 days 18.81
CharRNN 24.46 1.5M GPU 2 days 19.53
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Figure16. Changes of training loss and perplexity when training al&ayer CharRNN with
512 neurons on 500 000 sentences.
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Figurel7. Changes of traing loss and perplexity when training a thtager ChafRNN with
1024 neurons on 1 million sentences

Since ChaRNN achieved the best resylteveral inrdepth experiments were conducted
using just this tool with varying training dataset sizes (for fagtgning) and NN layer
combinationsFigurel6shows how the network evolves in a setup with twoBd@ron layers.

This experiment was conducted on a smaller datasely 1/6" of the corpus allowing it to
run for more epochs without early stopping. The perplexity on test data gradually decreased,
reaching a lowest score of 22.18.
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Another variation for training a LM with Ch&&NN is shown irFigure17. Here 1/ of
the corpus was used to train da¥er RNN with 1024 neurons per layer. The lowest achieved
perplexity was 21.23 after training one day on a GPU.

Machine translation experiments

The last column offable 20 shows BLEUscoresfor different NN LMs. Correlation
between LM perplexity and the resulting BLEU score is visible as well as a slight improvement
in the overall result. Again, due to the outstanding scores of-RN&F models, they were
inspected closer to see howBU changes along with perplexity.

The following charts show how perplexity correlates with BLEU in translation test cases
on the general domain and legal domain test dataSigsre 18 represents results from
evalation ofa combination of Google and Bing (BG) online MT translations (denoted with
darker blue colours) and a combination of Hugo and Yandex (HY) online MT (brighter blue
colours) on the general domain test dataset. The trend lines (dotted) indicatetthatlataset
the combination of BG stays mostly stable but the combination of HY gradually improves as
the perplexity of the LM gets lower.

Figure 19 shows results of combining the same g\istemson the legaldomain test
dataset. In this case, while perplexity becomes lower at each step, the linear trend line for BLEU
score of the BG hybrid system does not show a tendency towards climbing higher. As opposed
to the BLEU score trend line for HY hybrgystem, with showcas@énprovement along with
perplexity.
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Figurel8. Changes of perplexity when training a thfager ChafRNN with 1024 neurons on 1 million
sentences and its effect on BLEU score when used in MSMT for combining BingoagieGBG);
Hugo and Yandex (HY) on the general domain test dataset.
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Figure19. Changes of perplexity when training a thtager ChatrRNN with 1024 neurons on
1 million sentences and its effect on BLEU score when used in MSMDiobining Bing and
Google (BG); Hugo and Yandex (HY) on the legal domain test dataset.

3.5.5Conclusiors

This sectionanalysedvays to improve the baseline MSMT system with neural network
language modelsTest cases showed an improvement in BLEU scshen ugd only with
Google and Binghy 0.35BLEU points.

In the detailed translation experiments where a BLEU score was obtained in every stage
of the LM training there was only a steady correlation of BLEU and perplexity in the case of
using Hugo and Yandexanslations, which were very differei.$27 1.10 BLEU difference
with each other) to begin withn the case of combining Google and Bing translations where
the difference was far less significant (0.8.8 BLEU difference with each other), the BLEU
scaes of the NN hybridnodelwere less uniform with perplexity. This indicates that out of
very similar options, even the NN mod#lictuateswith its predictions but it getmore
confidentwhenthe difference is more obvious.
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4. COMBINING NEURAL MACHINE TRANSLATION OUTPUT

4.1 FINDING CORRELATION BETWEEN NEURAL NETWORK
ATTENTION AND OUTPUT TRANSLAT ION QUALITY

Processing of muklword expressions (MWES) is a known problem for any natural
language processing task. Even neural machine translation (NMT) strugglesr¢onoe it
Since MWEs are often groups of words that have a specific meaning when viewed together,
they make great subjects for exploring if NMT systems can learn to handleagharmnion
This sectionpresents results of experiments on investigating Nd#&ntion allocation to the
MWESs and improvingautomatedranslation of sentences that contain MWEs in Eng¥ish
Latvian andEnglishY Czech NMT systems. Two improvement strategies were explfd
bilingual pairs of automatically extracted MWE candidates were added to the parallel corpus
used to train the NMT system, and (2) full sentences containing the aiclmaextracted
MWE candidates were added to the parallel corpus. Both approaches allowed to increase
automated evaluation results. The best resdl99 BLEU point increase has been reached
with the first approach, while with the second approachnmmahimprovements achieved. We
also provide opesource software and tools used for MWE extraction and alignment
inspection.

The experiments described in tlsisctionhelped the authotomprehend possible use
cases for NMT attention alignments. The achieesdltswere essential tenableNMT system
combination described sections4.2and4.3. This sectionis based on the paper of Rikters and
Bojar (2017) The aut hor 6s cont8%. bution to this worKk

4.1.1 Introduction

It is awell-knownfactthat NMT has defined the nestateof-the-artin the last few years
(Sennrich et al., 2016a; Wu et al., 2016), but the many specific aspects of NMT outputs are not
yet explored. One of which is translation of matord units or multword expressions
(MWES). MWEs are defineby Bal dwi n a n dexi¢al items that0(4) @an bea s
decomposed into multiple lexemes; and (b) display lexical, syntactic, semantic, pragmatic
and/or statistical idiomaticity MWEs hae been a challenge for statistical machine translation
(SMT). Even if standard phratmsed models can copy MWEs verbatim, they suffer in
grammaticality. NMT, on the other hand, may struggle in memorizing and reproducing MWEs,
because it represents the whaentence in a higlimensional vector, which can lose the
specific meanings of the MWESs even in the more-frened attention model (Bahdanau et
al., 2015), because MWEs may not appear frequently enough in the training data.

The goal of this researchto examine how MWEs are treated by NMT systems, compare
that with related work in SMT, and find ways to improve MWE translation in NMT. We aimed
to compare how NMT pays attention to MWES during translation, using a test set particularly
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targeted at harithg of MWESs, and if that can be improved by populating the training data for
the NMT systemsvith parallel corpora of MWES.

The objective was to obtain a comparison of how NMT with regular training data and
NMT with synthetic MWE data pays attention to NB&/during the translation process as well
as to improve the final NMT output. To achieve this objective, it needed to be broken down
into smaller suibbjectives:

Train baseline NMT systems,
Extract parallel MWE corpora from the training data,

Train the NMI' systems with synthetic MWE data, and

= =_ =4 =

Inspect alignments produced by the NMT.

The structue of thissectionis as follows:4.1.2summarizes related work in translating
MWEs with SMI and NMT .4.1.3describes the architecture of the baseline system and outlines
the process of extracting parallel MWE corpora from the training daia4 provides the
experiment setup and results. Finally, conclusions and aims for furtbetiains of work are
summarized i.1.5

4.1.2 Related work

There have been several experiments with incorporating separate processing of MWES in
rule-based (Deksne et al., 2008) and statistical machine translation tasks (Bouam@0&®;
Skadi Aa, 2016). However, there is little |it
so far.

Skadi Aa (2016) performed a series of expe
integrating them in SMT. The author experimented with iséwifferent methods for both the
extraction of MWEs and integration of the extracted MWEs into the MT system. In terms of
automatic MT evaluation, this allowed to achieve an increase of ~0.5 BLEU points for an
EnglishY Latvian SMT system.

Tang et al. (216) introduce an NMT approach that uses a stored phrase memory in
symbolic form. The main difference from traditional NMT is tagging candidate phrases in the
representation of the source sentence and forcing the decoder to generate multiple words all at
once for the target phrase. Although they do mention MWESs, no identification or extraction of
MWEs is performed and the phrases they mainly focus on are dates, names, numbers, locations,
and organizations, which are collected from multiple diwiies. FoChineseY English they
report a 3.45 BLEU point increase over baseline NMT.

Cohn et al. (2016) describe an extension of the traditional attentional NMT model with
the inclusion of structural biases from wdrdsed alignment models, such as positional, bias
Markov conditioning, fertility and agreement over translation directions. They perform
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experiments translating between English, Romanian, Estonian, Russian and Chinese and
analysdhe attention matrices of the output translations produced by runningregpts using

the different biases. Specific experiments targeting MWEs are not performed, but they do point
out that using fertility, especially global fertility, can be useful for dealing with audtd
expressions. They report a statistically significenprovement of BLEU scores in almost all
involved language pairs.

Chenetal. (2016)useasi | ar approach as weautamaticallyT hei r
extracts smaller parts of training segment pairs and adds them to the training data for NMT.
The man difference is that they rely on automatic word alignment and punctuation in the
sentence to identify matching ssbgments.

4.1.3 Data preparation and systems used

To measure changes introduced by adding synthetic MWE data to the training corpora,
first, a baeline NMT system was trained for each language pair. The experiments were
conducted on Englisif Czech and Englisif Latvian translation directions.

Baseline NMT system

To be able to compare the results with other MT systems, training and development
corpora were used from the WMT shared tasks: data from the News Translatioh fbask
EnglishY Latvian and data from the NeursIT Training Task* (Bojar et al., 2013) for
EnglishY Czech. The Englisf Czech data consists of about 49 million parallel semtenc
pairs and the Englisti Latvian of about 4.5 million. The development corpora consist of 2003
sentences for Englisti Latvian and 6000 for Engliski Czech.

Neural Monkey (Helcl and i b o v40X7k dn opesource tool for sequence learning,
was used tarain the baseline NMT systems. Using the configuration provided by the WMT
Neural MT Training Task organizers, the baseline reached 11.29 BLEU points for Bhglish
Latvian after having seen 23 million sentences in about 5 days and 13.71 BLEU points for
EnglishY Czech after having seen 18 million sentences in about 7 days.

Extraction of parallel MWEs

To extract MWESs, the corpora were first tagged with morphological taggers: UDPipe
(Straka et al., 2016) for English and Czech, LV Tagger (Paikens et @), 201 atvian. After
that, the tagged corpora were processed with the Muoltd Expressions toolkit (Ramisch,
2012), and finally aligned with the MPAligner (Pinnis, 2013), intermittentlygpoeessing and
postprocessing with a set of custom tools. ktract MWES from the corpora with the MWE

33 http://www.statmt.org/wmtl7/translation-task.html
34 http://www.statmt.org/wmt17/nmt -trainingtask
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Toolkit, patterns were required for each of the involved languages. PatternSfkomd i A a
(2016) were used for Latvian (210 patterns) and English (57 patterns) languages and patterns
from Majchrakova et al. (2012) and Pecina (2008) for Czech (23 patterns).

This workflow allowed to extract a parallel corpus of about 400 000 -woltil
expressions for Englisif Czech and about 60 000 for EngliéhLatvian. For an extension of
this experiment, all sentences containing these MWEs were also extracted from the training
corpus, serving as a separate parallel corpus.

4.1.4 Experiments

We experiment wih two forms of the presentation of MWESs to the NMT system: (1) we
add only the parallel MWEs themselves, each pair forming dsemtence paiin the parallel
corpus, and (2) we use full sentences containing the MWEs. We denote the appvbatEhes
phrases andMWE sentsin the following.

Training corpus layout

Figure20: Portions of the final trainindataset or Engl i s Y Czech
I3 £ N B I - -
Figure21: Portions of the final trainindatasef or Engl i sh Y Latvi a

In both cases, we use the same corpus training corpus layout: we mix the baseline parallel
corpus with synthetic data so that MWEs getrenexposure to the neural network in training
and hopefully allow NMT to learn to translate them befggure 20 andFigure 21 illustrate
how the training data was diwd into portions. The block 1XMWE corresponds to the full set
of extracted MWESs (400K for EXf Cs, 60K for EnY Lv) and 2xMWE corresponds to two
copies of the set (800K for Ex\ Cs, 120K for EnY Lv). For EnY Lv the full corpus was
used. For ErY Cs we used only the first 15M sentences to be able to train multiple epochs on
the available hardward@he MWEs get repeated five times in both language pairs. By doing
this, the Eriy Csdatasetvas reduced from 49M to 17M and the ¥nLv datasetncreased to
4.8M parallel sentences for one epoch of training.

While the experiments were running, early siogpof the training was executed and
snapshots of the models for evaluation were taken in stages where the models already were
starting to converge. For EYi Lv this was after the networks had been trained on 25M
sentences (i.e. 5.2~epochs of the mixeges), for ENY Cs 27M sentences (i.e. 1.6~epochs).
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Neural Monkey does not shuffle the training corpus between epochs. This is not a problem
if the corpus is properly shuffled and the number of epochs is not very large compared to the
size of the epochs. Wahuffled only the baseline corpus and the interleaved it with (shuffled)
sections for MWEs. This worked well when MWEs were provided in full sentences, but not
with MWES presented as expressions. In the latter case, the NMT started to produce only very
short output, losing very much of its performance. We, therefore, shuffitibke composed
corpus for theMWE phrasesuns, effectively discarding the interleaved composition of the
training data.

Results

Table 21 shows the results fazach approacbn onelanguage pairDue to hardware
constraints, we were not able to try out both approaches on both language pairs.

We evaluate all setups with BLEU on the full development set (distinct from theagraini
set), as shen in the columnDey, and on a subset of 611 (Bh Lv) and 112 (EnY Cs)
sentences containing the identified MWEs (coluviWE).

Table21: BLEU scores of experiments

Languages| EnY Cs EnY Lv
Dataset| Dev | MWE | Dev | MWE
Baseline 13.71| 10.25| 11.29| 9.32

+MWE phrases - - 11.94| 10.31
+MWE sents. 13.99| 10.44 - -
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Figure22 Automatic evaluation progression
of EnY Cs experiments on validation data.
Orange- baseline; blue baseline with added

MWEs.

Figure23: Automatic evaluation qogression
of EnY Lv experiments on validation data.
Orange - baseline; purple- baseline with
added MWE sentences.

Figure22 andFigure23illustrates the learning cun&in terms of millions of sentences,
as evaluated on the full development set.
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We see that the difference on the whole development set is not very big for either of the
languages, and that it fluctuates as the training progresses.

The improvement is morgoparent when evaluated on the dedicate@ldgment datset
of sentences coaining multrword expressions. Even thoutite improvement for Latvian is
0.99 BLEU, it must be noted thalhe baseline performance of our system is not very high. Also,

more runsshould be carried out for a full confidence, but this was unfortunately out of our
limits on computing resources.

sentence BLEU  Length ratio Text

Source - - Just like in a city bus or a tram .

Target 100.00 1.00 Stejné jako v mestskem autobuse ci tramvaji .
Baseline 13.54 0.88 jako ve meste autobuse nebo tramvaji .

Improved NMT 47,17 1,00 jen jako v mestskem autobuse nebo tramvaji .

Figure24: Differences in translation between baseline and improved NMT system. Improving
n-grams are highlighteith green and worseninggrams- in red.

Sentence BLEU  Length ratio Text

Source He steps toward the electronic wall map depicting Australia and the surrounding sea areas

Target 100.00 1.00 Pristoupi k nasténné elektronické mapée , niz je znazornéna Australie a prilehlé oblasti .
Baseline 10.74 0.75 ukazuje na mapu elektronicke stény zobrazuje Australii a okolni oblasti .

improved NMT 13.87 0.87 vykrocil smérem k elektronické mapé , které depicting Australie a okolni oblasti .

Figure 25: Differences in translation of a Czech sentence using baseline and improved NMT
systems. Improving-grams are highlighted in green and worseniggams- in red.
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sentence BLEU  Length ratio Text

Source 5 = It should be noted that this is not the first time that Facebook has been actively involved in determining what network users see in their news feeds .
Target 100.00 1.00 Jateic, ka 57 pirma reize , kad Facebook akfivi iesaistas , nosakot , ko tikla lietotdji redz savas jaunumu plismas

Baseline 10.41 1.04 Jaatsimé |, ka 3is pirmaja reiz& , kad Facebook ir aktivi iesaistita , nosakot to , ko tTkl3 izmanto vinu zinu parraides

Improved NMT 27 .41 1.13 Ir jaatzimé , ka 3is ir pirma reize , kad Facebook ir aktivi iesaistijusies , nosakot to , ko tikla lietotd]i dara vinu zinu formata .

Source It should be noted that this is not the first time that Facebook has bg
actively involved in determining what network users see in their nev

feeds.
Baseline JUatzomU, ka ¢gis nav pirmajU r
k IzU Aiuz madr r ai d
Improved NMT jUat zomU, ka is ir pirmU r
kla |ietotUj.i

g
sakot to, ko t2Q
e v

pirmU reize,

nosakot to,t okovitAu
dz savUs jaunu

t ei
kR | ietot

I r

no
Reference J U c, ka ¢g¢ na

t © Uji re

Figure26: Differences in translation between baseline and improved NMT system. Improving
n-grams are highlighted in green and worsenikggams- in red.

Manual inspection

To find out wheéher changes in the results are due to the synthetic MWE corpora added,
a subset of output sentences from the ones containing MWEs were selected for closer
examination. For this task, we uske iBLEU tool.

In Figure 24, an improvement in the modified NMT translation is visible due to the
treda ment of t he -ccioyhypasasiglerexpragsionalt seefns thattaseline
system trans| atde sa nidc ifit lyutituos ardinedualiyfssiting in the
wrong form officity” in Czech (a noun used instead of an adjective). On the other hand, the
improved NMT transl at es Ajest likeythe targettinman frandlation.s k ® mo
Attention alignments will be examined in the following section.

Figure25shows an example where the improved NMT scores higher in BLEU points and
translates the MWE closer to theaman butosesa part of it in the process. While translating
the noun phrasé e | e ct r o n ithe impraved systera gederates a closatcimto the
human transl ati o,it fileolesk tnrodnitacl® srhapgl@o t he wor
i nt o Dysthe Paselie system. Upon closer inspection, we discovered that this error was
caused by the MWE extractor and alignerbectise d ent i fi ed Engl i sh phr e
ma pwas aligned o an i1 dentified Czech phrase fdel ekt
An8stNnn® el evistnot mentifiedlbywthervaVi Exéractor at all.

Figure26illustrates translations of an example sentence by thé En NMT systens.
The MWE, in this case, i's Anet wobyte modified s 0 t h
system and completely mistranslated by the baseline.
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Alignment inspection

Forinspecting the NMT attention alignments, we developed a tool (Rikters et alg) 2017
that takes data produced by Neural Monkey 3D array (tensor) filled with the alignment
probabilities together with source and target subword units (Sennrich et &b) 20byte pair
encodings (BPEs3s input and produces a soft alignment makFigre5) of the subword units
that highlights all units, that get attention when translating a specific subword unit. The tool
includes a web version that was adapted from Nematus (Sennrich et al., 2017) utilities and
slightly modified. It allows to output the soft alignments in a different perspective, as
connections between BPEs as visibl&igure27 andFigure28.

Int hese examples, the attention state of t
transl ations (fAinetwork wuserso) is visible. 1
baseline NMT inFigure27has multip e f aded al i gnment l i nes for
Auserso, which outlines that the neur al netv
the correct translation. However, igure 28, it is visible tha both these words have strong
alignment lines to the words fAtokla lietotUj
an MWE candidate.

% %,
«a%@:’@ ’%,q‘% % & o %N & o «5%@ "’é,%,"‘@ae LR S NS

\ WA
\ TR
\ VAN \

\ \ \A
\ |\

Waee & 8 WONLH B ORET TR R W DBy W meReiig”

F R i
Figure27: Fragment of soft alignments of the Figure28: Fragment of soft alignments of the

example sentence from the baseline WM €xa@mple sentence from the improved NMT
system. system.
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In this section we described the first experiments with handling rwtird expressions
in neural machindranslation systems. Details on identifying and extracting MWEs from
parallel corpora, as well as aligning them and building corpora of parallel MWEs were
provided. We explored two methods of integrating MWES in training data for NMT and



examined the outpuranslations of the trained NMT systems with custom built tools for
alignment inspection.

In addition to the methods described in $estion we also released opsource scripts
for a complete workflow of identifying, extracting and integrating MWiEs the NMT training
and translation workflow.

While the experiments did not show outstanding improvements on the general
developmentatasetan increase of 0.99 BLEU was observed when using an MWE specific
testdatasetManual inspection of the outpuatrslations confirmed that translations of specific
MWESs were improving after populating the training data with synthetic MWE data.

4.2 SIMPLE SYSTEM COMBINATION USING NEURAL NETWORK
ATTENTION

This sectiondescribes the NMT systems of the combined effort ofUheversity of
Latvia, University of Zurich and University of Tartu. We participated in the WMT 2017 shared
task on news translation by building systems for two language pairs: Eagldarman and
EnglishZ Latvian. Our systems are based on an attentienebderdecoder, using BPE
subword segmentation. Wdentified several common mistakes that our baseline systems
seemed to make repeatedly, like not being able to produce sentences that look like news due to
a very limited amount wdlomain (news) traininglata, mistranslating named entities, and
occasionally producing a translation that is completely unrelated to the source. To counter these
problems, weexperimented with baekkanslating monolingual news corpora and filtering out
the best translations alditional training data, enforcing named entity translation from a
dictionary of parallel amed entitiesand combining output from multiple NMT systems with
SMT. The described methods give 0.1.8 BLEU point improvements over our baseline
systemsThis sectionis based on the paper of Rikters et al. (201Vd).e aut hor 6s coni
to this work is65%.

4.2.1 Introduction

The NMT systems are based on an attentional enetdelender Bahdanau et al., 26},
using BPE subword segmentation for opecabulary tanslation with a fixed vocabulary
(Sennrich et al., 2016). Theectionis organized as follows: Irsubsectior.2.2we describe
our translation softwarand baseline setupSubsectiom.2.3descrbes our contributions for
improving the baseline translations. Results of our expetsrae summarized isubsection
4.2.4 Finally, the sectionis concludedn subsectiont.2.5

4.2.2 Baseline systems

Our baseline systems were trained with two NMT and one statistical machine translation
(SMT) framework. For Englisé German we only trained NMT systems, for which we used
Nematus (NT). For English Latvian, apart from NT systems, we additionally traifngdT
systemswith Neural Monkey (NM) (Hlcl, 2017 and SMT systems with LetsMT! (LMT)
(Vasiljevset al, 2012).

In all of our NMT experiments we used a shared subword unit vocab@amn(ich et
al., 2016¢ of 35000 tokens. We clipped the gradient normi. (Pascanu, 2013) and used a
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dropout of 0.2. Our models were trained with Adadelta (Zeiler, 2012) and after 7 days of
training we performed early stopping.

For training the NT models we used a maximum sentence length of 50, word embeddings
of size 512, ad hidden layers of size 1000. For decoding Wih we used beam search with
a beam size of 12.

For training the NM models we used a maximum sentence length of 70, word embeddings
and hidden layers of size 600. For decoding wWiNl, a greedy decoder wassed.
Unfortunately, at the time when we performed our experiments the beam search decoder for
NM was still under development and we could not reliably use it.

4.2.3 Experimental settings
Filtered synthetic training data

Increasing the training data with syntlediacktranslated corpora has proven to be useful
in previous work(Sennrich et al.,2016. The method consists of training the initial NMT
systems on clean parallel data, then using them to translate monolingual data in the opposite
direction and generata supplementary parallel corpus with synthetic input and heneated
output sentences. Nevertheless, more is not always better, as reported by Pinnis et al. (2017),
where they stated that using some amount of tracislated data gives an improvemdmnit
using double the amount gives lower results, while still better than not using any at all.

We used each of our NMT systems to b#eslate 4.5 million sentences of the
monolingual news corpora in each translation direction.,Messtemoved any tratations that
contained at least oneunk> symbol. We trainedraLM using CharRNNwith 4 million
sentences from the monolingual news corpora of the target languages, resulting in three
charactedevel RNN language model€nglish, German and Latvian. Wead these language
models to get perplexity scores for all remaining translations. The translations were then
ordered by perplexityral the best (lowest) scoring@0Owere used together with the sources as
sources and references respectively for the additifiltered synthetic irdomain corpus. We
chose scoring sentences with an LM instead of relying on neural network weights because 1) it
is fast, reliable and ready to use without having to modify both NMT frameworks, and 2) it is
an unbiased approachgoore sentences when compared to having the system score its output
by itself.

Table22: Human judgment matches with LM perplexity for filtering on 200 random sentences
from the newsdev2017 dataset.

EnY De | DeY En | EnY Lv | LvY En
55% 56% 58% 56%

To verify that the perplexity score resembles human judgments, we took a small subset
of the development sets and asked manual evaluators to rate each translation from 1 to 5. We
sorted the translations by manual evaluation scores andhatitally obtainegberplexities and
calculated the overlap between the better halves of each. Results from this manual evaluation
in Table22 show that the LM perplexity score is good enough to separate the veonstife
best translations, even though tiwerelation with human judgments is low.
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Table23: Example sentences translated from Latvian into English that were filtered out from
the backtranslated news data.

Source Hypothesis Perplexity
godien , 21 1 € Sheodiennial 70455722055883
l ai 1 zdzQvotu , |itisnecessaryto fillaround |86070783032565
ap 65 % bet v g65thandthe state is paid to th

population .
potenci Uli z a u d | potential annualised annuity is 73076722556165
, kurus cil vUks |yearthatwould have survived
k Ud am maodcamank tja to a particular old age ifitis
nebl tu miris nelnotdeadinan accidentor for
kUdas sl i mdobas \ anotherreasot be in the age
|l gdz 64 gadu v eqof64yearsold.
tiekoties ar ci l"wearetalkingaboutthe 3.028522451717
vei ksmes st Ust s |peopleof Europe, " he said .
l'iela daNa L at v i| apart of the Latvian populatiol 3.027675077567¢
pieder dgi trgvus a (isasmall and Russian world ,
pasaulei ", vai vismaz Krievija | or at least Russia sees them a
vi Aus sar edz -tield | being belonging to themit is
ne tikai Kr i ev i j|notonly Russia’ civil , but alsg
krievval odggi e , Russianandwell known to liv
pievilcdogU Kr i eyVinthe Russian civil society .

Some extreme examples of sentences translated from Latvian into Englisteatenli
Table23. The first one is just gibberish, the second is English, but makes little sense, the third
one demonstrates unusual constructionsdikaualised annuityThe last two examples have a
good perplexty score because they seem like good English, but when looking at the source, it
is clear that in the fourth example there are some parts thanated

As a result, the filtering approach brought an improvement of- 419 BLEU on
development sets antl5 - 2.8 BLEU on test sets when compared to using the full -back
translated news corpora.

Namedentity forcing

For our experiments with English German we enforced the translation of named
entities (NE) using a dictionary which we built on the trairdatp distributed for WMT 2017.

First, we performed named entity recognition (NER) using spafdy German and
NLTK®® for English. We only conside NEs o f type fApersono,
fgeographic | oc at iealigned the cengnisedientities witblZA+e- (Oalhr vy . W
and Ney, 2008 usingthe defaulparametersindcreated an entry in our translation dictionary

35 IndustriatStrength NaturaLanguage Processing in Pythemttps:/spacy.io
36 Natural Language Toolkihttp://www.nltk.org
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for every mir of aligred (multtword) NEs Since there was still a lot of noise in the resulting
dictionary, we decided to filter it automatically by removing entries that:

T

did not contain alphabetical characters

e.g. filSyeerdlniggmeid thio fAJuneod

started with a dash

e. g. fi FMuenriicnhgd oaulti ginhed t o AHambur go
were longer than 70 characters or five tokens

e. g. filtering out AParl i ament s Committ
I ndustrial Policyo aligned to AEUO

differed from each other in length by mohan 15 characters or two tokens

e.g. filtering out fAGeorgo aligned to AGe

When translatingwe identified all NEs in the source text using the same tools as for the

training datalooking upthe most likely aligned translations by aystems via the attention
matrix for every source NEexpressionFor every NE we checked whether there was a
translation in our NE dictionargnd swapped thédentified alignedrranslation with the one
from the dictionary. Iiit was not in the dictionaryve copied thererbatimNE expression from
the source sentence to the target sentence.

2N %
@4 N 7 S
) (7 @« < v
SN y % . % ON @)
C@ % o on A %, C@ % C@ 5
. I & : %, &
% % e % 7 %, % 4 Yy % % &
%, e % .
a] (7% %
0, %
2

Figure30: Attention alignment visualization of a translation, in which the strongest alignments
are connected with the final token. Referemaaslation: the coldest morning since June , brief
local showers ., hypothesis translation: the House will also vote on a resolution on the situation
in the EU .

Hybrid systemcombination

For translating between Engligh Latvian we used all 3 systems €ach direction and

obtained the attention alignments from the NMT systems. For each direggorhose one
main NMT system to provide the final translation for each sentence and, judging by the
attention alignment distribution, tried to automaticallgndfy unsuccessful translations. Two
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main types of unsuccessful translations that we noticed were when the majority of alignments
are connected to only one token (examplEigure30) or when all tokens strongblign one

to-one, hinting that the source may not have been translated at all (exaffipleesl). In the

case of an unsuccessful translation, the hybrid setup checks the attention alignment distribution
from the second NMT system and outputs either the sentence of that or performs a final back

off to the SMT output. This approach gave a BLEU score improvement eD(B1

(fé Oy %(Q’%) D lo/(“ 7 %
= %, 2 ) I ) 2) C % %,
% % e % % 4 % o B 45 % % % % %
1 40/@ S8 %, ‘fo@ % o % % % . % %
2) 2) ¥ ¥ S 5 2
C@ @ d’% . c) @@ @ @ i

Figure31: Attention alignment visualization of a translatioam which the all alignments are

strong and mainly connected to only €neo n e . Reference translati
zvai ggAu grieganUs Utrumu PlejUdes zvaigznUj
rates of stars in Pleiades cluster

Postprocessing

In postprocessing of translation outpwte aimed to fix the most common mistakes that
NMT systems tend to make. We used the output attention alignments from the NMT systems
to replace anyunk> tokens with the source tokens that align to them thighhighest weight.

Any consecutive repeatinggrams were replaced with a singlgram. The same was applied
to repeating fgrams that have argposition between thene,g., victim of the victim This
approach gave a BLEU score improvement of-@2.
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Table 24: Experi ment results for translating bet
are in bold.

System| EnY De |DeY En
Dataset| Dev | Test | Dev | Test
Baseline NT 27.4121.0|31.9| 27.2
+Filteredsynthetic data] 30.7| 22.5| 36.8| 2838
+NE forcing 30.9] 22.7 | 36.9| 29.0

4.2 4Results

The results of our English German systems are summarized@atle24 and the results
of our EnglishZz Latvian systems in Table 25. As mentioned insection 4.2.3 - each
implemented modification gives a little improvement in the automated evaluation. Some
modifications gave either no improvement for one or both language pairs or lead to lower
automate evaluation results. These were either used for only the language pair that did show
improvements on the development data or not used at all in the final setup

Table 25: Experi ment results for translating be
(newsdev2017) and test (newstest2017). Submitted systems are in bold.

System|EnY Lv |LvY En
Dataset| Dev | Test| Dev | Test

Baseline NM 11.9|11.9| 14.6| 12.8
Baseline NT 12.21 10.8| 13.2| 11.6
Baseline LMT 19.8| 12.9| 24.3| 13.4

NM +filtered synthetiddata| 16.7| 13.5| 15.7| 14.3
NT +filtered synthetiddata | 16.9| 13.6 | 15.0| 13.8
NM+NT+LMT - 13.6] - 14.3

Sharedtaskresults

Table 26 shows how our systes were ranked in the WMT17 shared news translation
task against other submitted primary systems inctirestrainedrack (Bojar et al., 2018).
Since the human evaluation was performed by showing evaluators only the reference translation
and not the soue; the human evaluation rankings are the same as BLEU, which also considers
only the reference translation. One exception is the ranking far Ew, where an insufficient
amount of evaluationwasperformed to cover all submitted systems, resulting ie fot the
15t place across all but one submitted systems.
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Table 26: Automatic (BLEU) and human ranking of our submitted system8NB) at the
WMT17 shared news translation task, only considering primary constrained systena Hum
rankings are shown by clusters according to Wilcoxon sigaek test at gevel p<=0.05, and
standardized mean DA score (Ave %).

Rank

System Human

BLEU Cluster Ave %
DeY En| 60f7 6-7 of 7 7of 7
EnY De | 100f11| 9-110f11| 9of 11
EnY Lv | 110f12| 1-110f12 | 11 of 12
LvY En| 50f6 4-5 of 6 4 of 6

4.2 .5 Conclusions

In this section we described our submissions to the WMT17 News Translation shared
task. Even though none ofir systems were on the top of the list by automated evaluation, each
of the implemented methods did give measurable improvements over our baseline systems. To
complement thesystem descriptignwe release opesource softwaré and configuration
exampleghat we used for our systems.

4.3 SYSTEM COMBINATION BY ESTIMATING CONFI DENCE FROM
NEURAL NETWORK ATTEN TION

Attention distributions of the generated translations are a usefubbtuct of attention
based recurrent neural network translation models and ¢ezslbed as soft alignments between
the input and output tokens. In this work, we use attention distributions as a confidence metric
for output translations. We present two strategies of using the attention distributions: filtering
out bad translations from large backranslatecdcorpus andelecting the best translation in a
hybrid setup of two different translation systems. While manual evaluation indicated only a
weak correlation between our confidence score and human judgments, -tteseseshowed
improvements of up to 2.22 BLEU points for filtering and 0.99 points for hybrid translation,
tested on Englisif German and Englisif Latvian translationThis sectionis based on the
paper of Rikters and Fishel (20lT)he aut hor 6s condg7/%.buti on to

4.3.1 Introduction

The introduction ofthe attention mechanisBahdanau et al., 26} that enables the
model to find parts of a source sentence that are relevant to predicting a target word (pay
attention), without the need to form these parts as adegohent explicitiywas one of the
groundbreaking innovations in NMTDecoding sentences with the attentmsed model
resulted in a useful bgroduct- soft alignments between tokens of source and target sentences.
These can be used for many purposeshsas replacing unknown words with baafk

87 Scripts for TarttRigaZurichNeural MT systems for WMT 1 Tttps:/github.com/M4t1ss/G3MA
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translations from a dictionayjean et al., 201%)nd visualizing the soft alignmer(Rikters et
al., 2013).

In thissectionwe propose using the attention alignments as an indicator of the translation
outputquality and the confidence of the decoder. We define metrics of confidence that detect
and penalize unddranslation and overranslation(Tu et al., 2016) as well as input and output
tokens with no clear alignment, assuming that all these cases nebgtligan that the quality
of the translation output is bad.

We apply these attentidmased metrics to two usases: scoring translations of an NMT
system and filtering out the seemingly unsuccessful ones, and comparing translations from two
different NMT systems,n order to select the best one.

The structure of thisectionis as follows:subsectiort.3.2summarizes related work in
backtranslating with NMT, machine translation combination approaches and confidence
estimation Subsectiort.3.3introduces the problem of faulty attention distributions and a way
to quantify it as a confidence scoBubsectiong.3.5and4.3.6outline the two us-cases for
this score- translation filtering and hybrid selections. Finalbpnclusions are summarised
subsectior#.3.7.

4.3.2 Relatedwork
Back-translation of monolingual data

One of the first uses of batkanslation of monahgual data as an additional source of
training data was reported ($ennrich et al., 2016&) their submission for the WMT16 news
translation shared task. They translated talaygjuage monolingual corpora into the source
language of the respective arage pair, and then used the resulting synthetic parallel corpus
as additional training data. They performed experiments in ranges from 2 million to 10 million
backtranslated sentences and reported an increase of7ZBLEU for translating between
English and Czech, German, Romanian and Russian. The authors also experimented with
different amounts of baekanslated data and found that adding more data gradually improves
performance.

In a later papeBennrich et al. (2016lexplored other methods ofimg monolingual data.
They experimented with addinglarge numbenf monolingual sentences as targets without
any sources to the parallel corpus and compared that to performingréaslation on a part
of the monolingual data. While both methods outpen using just parallel data, the back
translated synthetic parallel corpus is a much more powerful addition than the mono data alone.

Pinnis et al. (2017g¢xperimented with using large and even larger amounts of back
translated data and came to a corolushat any amount is an improvement, but using double
the amount gives lower results, while still better than not using any at all. These results hint that
it may be possible to get even better results when using only the part of the data selected with
some criterion. One of the aims of our work is to provide one such criterion.

Machine translation systemcombination

Zhou et al. (2017)sed attention to combine outputs from NMT and SMT systems. The
authors first trained intermediate NMT, SMT and hieras@ahEMT systems with orlealf of
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the training data. Afterwards, they used each system to translate the target side of the other half
of the training data. Finally, the three translated parts as source sentence akneysisiethe

clean target sentenceeve used for training the combination neural network. This approach
gave the network more choices of where to pay attention and which parts should be ignored in
the training process. They perform experiments on Chiviegmglish and report BLEU score
improvement by 5.3 points over the best single system and 3.4 points over traditional MT
combination methods

Peter et al. (201§)erform MT system combination in a more traditional marmnesing
confusion networks. They use 12 different SMT and NMT systengenerate hypothesis
translations, align and reorder each hypothesis to match one skeleton hypothesis, creating a
confusion network. For the final output is generated by finding the best path in the network.
The authors report an improvement of 1.0 BLEthpared to the best single system, translating
from English into Romanian

Translation confidencemetrics

Lately the idea ofmodellingcoverage in NMT was introduced, for example, Tu et al.
(2016)integrate it directly into the attention mechanism and tepgroved translation quality
as a result. On the simpler side of things, Wu et al. (2016b) perform tests with a baseline
attention that uses an additional coverage penalty at decoding time; they report no improvement
compared to the common length norreation. Our metrics are partially motivated by the
coverage penalty, though we apply them at the-passlation stage to determine the
confidence of the decoder and the quality of the already made translation, which makes it
applicable regardless of whicoftware or approach were used.

Another closely related task is quality estimation. The dominating approach there is
collecting postedits and training a machine learning model to predict the quality score or
classify translations into usable/not, nearfect/notetc.(Bach et al., 2011; Felice and Specia,
2012) The main similarity between our work and quality estimation is their usage obglass
features (i.e. information about the MT system or the decoder's internal parameters). While our
approactdoes not cover all aspects of quality estimation, it requires no data or training and can
be applied to any language and neural machine translation system.

4.3.3 Penalizingattention disorders

Before describing the confidence metrics based on attention welgts,is a brief
overview of the NMT architecture whettee attention weights come from

Source ofattention

Our work is built around the encod@ecoder machine translation appro&8Shtskever
et al., 2014; Cho et al., 2014)th an attention mechanis(Bahdanau et al., 2@). In this
approach the source tokens are learned to be represented by an encoder, which consists of an
embedding layer and a-tirectional LSTM or GRU layefor 8, Wu et al., 2016b}he outputs
of which serve as the learned represtora

There is also a decoder that consists of another layer (or 8, ibid.) of LSTM/GRU cells,
with an output layer for predicting the softrmamcoded raw probability distribution of each

80



output word, one at a time. The state of the decoder layer(s) anththoutput distribution
depends on the previous recurrent states, the previously produced output word and a weighted
sum of the representations of the source sentence tokens. The weights in this sum are generated
for every output word by the attention a@anism, which is a feefdrward neural network with

the previous state of the decoder and each input word representation as input and the raw weight
of that word for the next state as output. Finally, the attention weight®aralsed (13),

| (13)
wheresg; is the raw predicted weight aki - the final attention wight between the input token
j and output token

Once the encodeatecoder network has begained, it can be used to produce translations
by predicting the probability for each next word, which can serve as the basis for sampling,
greedy search dream searcfSennrich et al., 2017More detail on the attention mechanism
is given in the papdyy Bahdanau et a(2015).

Together with the translation, it is also possible to save the attention values between the
input tokens and each produced output token. These values can be interpreted as the influence
of the input token on the output token,tbe strength of the connection between them. Thus,
weak or dispersed connections should intuitively indicate a translation with low confidence,
while high values and strong connections between one or two tokens on both sides should
indicate higher confidece. Next, we present our &kt formalizing this intuition

Measuring attention
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Figure 32 Attention alignment visualization of a bad translation. Reference translation: 71
traffic accidents in which 16 persons were injuredehbappened in Latvia during the last 24
hours., hypothesis translation: the latest , in the last few days , the EU has been in the final day
of the EU 's " European Year of Intercultural Dialogue ". CDB.800, ARu=-2.809, AR =

-2.137, Total =5.846.

Figure32 shows an example of a translation that has little or nothing to do with the input,
a frequent occurrence in NMT. Besides the text of the translation, it is clear already by looking
at the attention wghts of this pair that the translation is weak:
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1 some input tokens (like the sentetimal full-stop) are most strongly connected to
several unrelated output tokens, in other words their coverage is too high

1 most of the input token attentions as well ame output token attentions are highly
dispersed, without one or two clear associations on the counterpart.

On the other hand, a picture likegure33 intuitively corresponds to a good translation,
with strongly bcused alignments. It is this intuition that our metrics formalize: penalizing
translations with tokens with a total coverage of not just below but much higher than 1.0, as
well as tokens with a dispersed attention distribution
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Figure 33: Attention alignment visualization of a good translation. Reference translation: He
was a kind spirit with a big heart., hypothesis translation: he was a good man with a broad heart.
CDP =-0.099, ARyt=-1.077, AR, =-0.847, Total =2.024.

Coveragedeviation penalty

Previous work (Wu et al., 2016b) defines a coverage penalty, which is meant to punish
translations for not paying enough attention to input tokk4s

60 1 BI1 TICEB| fpst (14)

wherei is the output token tfex,j - the input token index i Bittention probabilityb is used
to control he influence of the metric arf€P - the coverage penalty.

The first part of our metric drawisspiration from the coverage penalty; however, it
penalizes not just lacking attention but also too much attention per input token. The aim is to
penalize the sum of attentions per input token for going too far from 1.0, so tokens with total
attention of1.0 should get a score of 0.0 on the logarithmic scale, while tokens with less
attention (like 0.2) or more attention (like 2.5) should get lower values. We thus tlefine
coverage deviation penalf¥5),

600 -B1 1 @ B (15)

whereL is the length of the input sentences the output token indek; the input token index,
Ui attention probabilityThe metric is on a logarithmic seaknd it is normaded by the length
of the input sentence in order to avoid assigningdrgcores to shorter sentenclss is not
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required for choosing translations of the same sentence by thesgst@e buts required in
our experimentslescribedn the next sectionsSee examples of the CDP metric's values on
Figure32 andFigure33.

Absentmindednesgpenalty

However, it is not enough to simply cover the input, wejecture that more confident
output tokens will allocate most of their attention probability mass to one or a small number of
input tokensThus,the second part of our metric is called the absentmindedness pd@alty
and targets scattered attention per output token, where the dispersion is evaluated via the
entropy of the predicted attention distribution. Again, we want the penalty value to be 1.0 for
the lowest entropy and head towards 0.0 for higher entropies.

00 -BB| ¢gQ (16)

The values are again on the degale and normaded by the source sentence lengtffi is the
output token index,-t he i nput itatdntempobabilig)e x , U

The absentmindedness penalty can also be applied to the input tokens aftesimgrmali
the distribution of attention per input token, resulting in the cotpdaér metricAP. This is
based on the assumption that it is not enough to coverghetoken, but rather the input token
should be used to produce a small number of outputs. See examples of both metricis values
Figure32 andFigure33.

Finally, we ©®mbine the coverage deviation penalty with both the input and output
absentmindedness penalties into a joint metric via summ@tn

D€ & QQQBEQDD 0 60 (17)

Next, we evaluate the metrics directly against human judgments and indirectly by
applying them to filtering translations and plugging them into a sentemek hyklrid
translation scheme

4.3.4Human evaluation

It is clear that the defined metrics only paint a partial picture, since they rely on the
attention weights only. For instance, they do not evaluate the lexical correspondence between
the source and hypothesis, andre generally, being confident does not mean being right. We
wanted to find out how much confidence in our case correlates with translation.quality

To do so we asked human volunteers to perform pairwise ranking of translations from
two baseline NMT systes: one done witNematusand the other with Neural Monkey. The
translations and measurements were done for Enrglishan and LatviarEnglish, using
corpora from the news translation shared task of WMT'2017; further details can be found in
section4.3.5 We selected 200 random sentences for both translation directions and these were
given to native Latvian speakers for evaluation. The BQIUAI (Girardi et al., 2014) tool was
used for the evaluation task. The evaluators wsbmvn one source sentence at a time along
with the two different translations. They were instructed to assign one of five categories for

each translation: "worst", "bad", "ok", "good" or "best", noting that both may be categorized as
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equally "good" or "bad etc. Differing judgments for the same sentence were averaged. All 200
sentences were annotated by at least one human annotator

It makes more sense to treat the results as relative comparisons, not absolute scores, as

the annotators only see two trarniglas at a time. We use these comparisons to compute the
Kendall rank correlation coefficient (Kendall, 1938) by only looking at the pairs where human
scores differ. Since we only have comparisons for each pair and not between different
sentences, the cdilient is computed as

.'.

(18)

whereposis the number of pairs where the metric agrevith the human judgment andgis
the number of pairs where they disagree.

The results are presentedTiable27, and as we can see they indicate weak correlation,

U bet ween

with the absol ut €0 2and0.208. o f

Table27: The Kendall 6s Tau correl ati
Language pair | CDP | APin | APou | Overall
En-Lv 0.099 | 0.074 | 0.123 | 0.086
Lv-En -0.012| -0.153| -0.200| -0.153

on

bet ween

Let us look closer at where the metrics disagree with human judgrReus234 shows
an example of a translatiovhich was rated highly by human annotators but poorly with our
metrics. While the sentence is a good translation, it does not follow the sourcbyawond.
Some subword units and functional words do not have a clear alignment, even though they are
undestood/generated correctly. This means that one problem with our metrics is that they might

be overpenalizing translations that deviate from a direct literal translation.
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Figure34: Attention alignment visualization of a badrstation. Reference translation: a 28
yearold chef who had recently moved to San Francisco was found dead in the stairwell of a
local mall this week ., hypothesis translation: ay2&rold old man who has recently moved
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to San Francisco has died this WweeCDP =-0.250, ARut = -1.740, AR, = -1.46, Total =
3.45.

Next, we continue with the experiments of using our metrics to filter synthetic data and
to select translations in a hybrid MT scenario

4.3.5Filtering back-translated data
Baselinesystems anddata

Our baseline systems were trained with two NMT framewerkiematus (NT) and
Neural Monkey (NM). For all NMT models we used a shared subword unit vocabulary of 35000
tokens, clip the gradient norm to 1.0, dropout of 0.2, trained the models with Adaoielta
performed early stopping after 7 days of training. For models with each NMT framework we
used the default settings as mentioned in the frameworks documentation:

1 For NT models, we used a maximum sentence length of 50, word embeddings of size
512, and hdden layers of size 1000. For decoding with NT, we used beam search with
a beam size of 12.

1 For NM models, we used a maximum sentence length of 70, word embeddings and
hidden layers of size 600. For decoding with NM, a greedy decoder was used.

Training, cevelopment and test data for all systems in both language pairs and translation
directionswereused from the WMT17 news translation t&slor the baseline systems, we
used all available parallel data, which is 5.8 million sentences fdar Ee and 4.5 niiion
sentences for Eh Lv.

Back-translating and filtering

We used our baseline B Lv and LvY En NM and NT systems to translate all available
Latvian monolingual news domain dat&.3 million sentences in total froldews Crawl:
articles from 2014, @15, 2016 and the first 6 milbn sentences from the Englislews Crawl
2016 Much more monolingual data was available from other domains aside from news. Since
the development and test data was of the news domain, we only used that, considering it as in
domain data for our systems

For each translation, we used the attention provided from the NMT system to calculate
our confidence score, sorted all translations according to the score and selected the top half of
the translations along with the correspaomydsource sentences as the synthetic parallel corpus.
We used only the full confidencgcore (combination o€DP, APoyt and APy) for filtering
instead of each individual score due to its smoother overall correlation with human judgments.
In between, we ab removed any translatidinat contained anyunk> tokens.

To compare attentichased filtering with a differentiltering method, we trained a
CharRNNLM with 4 million sentencefrom newsdomain foreachof the target languages. We
used these LMs toeg perplexity scores for all tramsions, order them and get thetter half

S8 EMNLP 2017 Second Conference on Machine Transkatiom//www.statmt.org/wmt17
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Table28 summarizes how much human evaluation overlaps with each of the filtering methods.
The final row indicates how much both filieg methods overlap with each other. While results
from either approach don't look overly convincing, the-b&sed approach has been proven to
correlate with human judgments close to the BLEU score and is a good evaluation method for
MT without reference ranslations (Gamon et al., 2005). Therefoilee attentiorbased
approach that does not require training of an additional model and overlaps with human
judgments to approximately the same level should be more desirable

Table28: Human judgment overlap results on 200 random sentences from the newsdev2017

Filtering method EnY Lv | LvY En
LM -based overlap with human 58% 56%
Attention-based overlap with human 52% 60%
LM-based overlap with Attentiebased 34% 22%

NMT with filtered synthetic data

0.000 2.000Mm 4.000M 6.000M 8.000Mm 0.00M 12.00M 14.00M 16.00M 18.00M 20.00Mm 22.00M

Figure 35. Automatic evaluation progression of X En experiments on validation data.
Orange- baseline; dark blue with full backtranslated data; greenwith LM-filtered back
translated data; light bluewith attentionfiltered backtranslated data.

We shuffled each synthetic parallel corpus with theebae parallel corpora and used
them to train NMT systems. In addition to the baseline and two types of filtered BT synthetic
data, we also trained a system with the full BT data for each translation diréatjare 35
shows a combined training progress chart forYL\MENn on the fullnewsdev201dataset that
was used as the development set for training. Here the differences between all four approaches
are clearly visible. Further results on a subseesisdev201@nd the fullhewstes2017dataset
are summarized ifiable29. While for LvY En and Erz De the attentiofbased approach is
the clear leader, for E¥i Lv it falls behind the LM filtered version. As expected, agdBT
synthetic training data allows to get higher BLEU scores in all cases. It can be observed that
filtering out half of the badly translated data and keeping only the best translations either does
not decrease the final output quality in some casesaor fewther increase the quality in others,
when using the LM. With filtering by attention, the results are more inconsistgah higher
in one direction while deterioration in the other. A reason for this could be that f6r En
attentionbased filtering the similarity with human judgments was higher than foy Hrv
(Table28), and it was also more different from the tddsed one. While for the other direction
it is the other way arond
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Table29:

Experi ment

resul ts

i n

BLEU

for

transl| at

types of backranslated data using development (20@dman sentences fromewsdev201)7
and testrjewstest20])7datasets

BLEU
Sysem| EnY Lv LvY En
Dataset| Dev | Test Dev Test
Baseline NM 8.36 | 11.90 8.64 12.40
NM + Full Synthetic 9.42 | 13.50 9.01 13.81
NM + LMFiltered Synthetic 9.75 | 13.52 9.45 14.30
NM + AttentionFiltered Synthetic 8.99 | 12.76 | 11.23 | 14.83

4.3.6 Attention-basedhybrid decisions

We translated the development set with both baseline systems for each language pair in
each direction. The hybrid selection of the best translation was performed similarly to filtering,
where we discarded the wostoring half of the translatisnIn the hybrid selection, we used
the same score to compare both translations of a source sentence and choose the better one.
Results of the hybrid selection experiments are summarizedhlite 30. For translatig
between Eiz Lv, where the difference between the baseline systems is not that high (0.06 and
1.55 BLEU), the hybrid method achieves some meaningful improvements. However zfor En
De, where differences between the baseline systems are bigger (3.481GrRLEU), the
hybrid drags both scores down

Table 30: Hybrid selection experiment results in BLEU on the development dataset (200
randomsentences from newsdev2(17

System| EnY De | DeY En | EnY Lv | LvY En
Neural Monkey 18.89 2607 13.74 11.09
Nematus 22.35 30.53 13.80 12.64
Hybrid 20.19 27.06 14.79 12.65
Human 23.86 34.26 15.12 13.24

Thelast row of the results Table30shows BLEU scores for the scenario when human
annotator prefances were used to select each output sentence. An overview of human
evaluator preferred translation selections is visiblEahle31. The results show that out of all
translations the human evaluators delibeygpeéfer one or the other system. Aside from-En
Lv, where a slight tendency towards Neural Monkey translations can be observed, all others
look more or less equal. This highly contrasts with the BLEU scoresTadste 30, where in
both translation directions from English human evaluators prefer the-Emeang system
more ofen than the highescoring one.The final row of Table 31 shows how much our
attentionbased sca matches the human judgmentséhecting the best translation.

Table31: Human evaluation results on 200 random sentences from the newsdev2017 dataset

System| EnY De | DeY En | EnY Lv | LvY En
Neural Monkey 54% 42% 61.5% 47%
Nematus 46% 58% 38.5% 53%
Overlaps with hybrid selection 57% 47% 62.5% 51%
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4.3.7 Conclusions

In this section we described how attentional data from neural machine translation
systems can be useful for more than just visualizations or replacing specific tokensutptit.
We introduced an attentidmased confidence score that can be used for judging NMT output.
Two applications of using attentional data were investigated and compared to similar
approaches. We used a smaller dataset to perform manual evaluatoomgraded that to all
automatically obtained results. Our experiments showed interesting results and some increases
in automated evaluation, as well as a good correlation with human judgments

In addition to the methods described in #estion we releasd opensource scripf§ for
(1) scoring, ordering and filtering NMT translations, (2) performing hybrid selections between
two different NMT outputs of the same source, and (3) software for inspecting attention
alignmenté® that the NMT systems produce inet transltion process (used fdfigure 32,
Figure 33 and Figure 34). We also provide all development subsets that we used farahan
evaluation with anonymized human annotations.

4.4 DATA COMBINATION FOR TRAINING MULTILI NGUAL NEURAL
MACHINE TRANSLATION SYSTEMS

This sectionpresens results of employing multilingual and multiay neural machine
translation approaches for morphologicailyh languages, such as Estonian and Russian. We
experiment with different NMT architectures that allow achieving sibtbe-art translation
quality and compare the multiay model performance to omeay model performance. We
report improvements of up %8.27 BLEU points over our baseline results, when using a-multi
way model trained using the transformer network architecture. We also providsmpen
scripts used for shuffing and combining multiple parallel datasets for training of the
multilingual systemsThis sectionis based on the publications of Rikters et al. (2018a) and
Riktersetal. (2018bf he aut hor 6 s workig80%.buti on to this

4.4.1 Introduction

One of the major advantages of neural machine translation (NMT) is that unlike statistical
machine translation (SMT), which was the previous industry standard (and is still actively used
in commercial applications), NMT is trained and used jointly as a singktoegrad system
without the need to optimize multiple independent models and reddbemveen the models.
However, training NMT systems for individual language pairs has shown to take significantly
more time (e.g., two to three weeks or up to a week with newer platforms, such as Marian
(JunczysDowmunt et al., 2016) r Go o g | e 0 sor tdokith shanrtraifing of SMT
systems (e.g., less than a day or up to several days for large systems). But even with this
advantage, using the traditional approaches, one would still need to train a separate model for
each translation direction. Sincgnning a high amount of GRldtensive NMT models in a
production environment can quickly sum up to an enormous resosacge cost, it has been

%9 Confidence Through Attentiorhttps://github.com/M4t1ss/ConfidenceThroughAttention
4ONMT Attention Alignment Visualization&ttps://github.com/M4t1ss/SoftAlignments
41T2T: Tensor2Tensor Transfoers- https://github.com/tensorflow/tensor2tensor
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natural (as shown by related wonk subsection4.4.2 to look for solutions thatllow
compressing the models into an even more dens¢oesad solution that is able to handle
multiple languages and language pairs simultaneously.

Another benefit of a single model for multiple translation directions could be the ability
to learn not jsgt from the training data of the language pair in question, but also from language
pairs that include one of the languages. The advantages of learning from multiple translation
directions at the same time can be (1) the ability for a model to learn hamstate language
specific attributes that are common to multiple languages at the same time, and (2) to learn and
generalize translations that may not occur in the parallel corpus of, 2., But do occur in
parallel corpora of, e.g., AC and @ B and therefore argeductible

The structure of thisectionis as follows:subsectior}.4.2summarizes related work in
multilingual and muliway NMT; subsectior4.4.3introduces the setup of our experimental
environment andubsectior}.4.4- the data usedsubsectiort.4.50utlines the main results in
translation quality as well apeed and resource usage, andgubsectiord.4.6 we look at
several examples how translations produced bymesystems differ from mulivay system
translations.

4.4 .2 Relatedwork

Multilingual NMT has recently been investigate¢ Beveral research groups. For
instance, Firat et al. (26) modify the current statef-the-art attentional NMT approach by
supplementing it with the ability to learn from multiple language pairs and multiple translation
directions at the same time. Thag able achieve this by creating a shared attention mechanism
across the involved resources. The authors report improvements in translation quality over most
individual baselines, using a single multilingual model trained on five language pairs in both
directions. The authors especially highlight that by combining data from language pairs with
many resources with data from a loesource language pair, the quality gains for the low
resource language pair are higher.

Johnson et al. (2016) introduce a simmiethod for training a singlmodel multilingual
NMT system, which does not require any modifications to the architecture of the system. They
achieve this by adding a target language identifying token in the beginning of each source
sentence of the traingndata. While they only report comparable and not outperforming results
for models trained on higresource language pairs, the biggest improvements are achieved in
low-resource and even zesbot translation. An interesting aspect of this approach isthan
trained on many translation directions at once, the same input sentence can be translated into
any supported target language by changing only the target language identifying token.

Ha et al. (2016) use a similar approach to Johnson et al. (20@6)aypodifying training
data and using the same NMT system architecture. The main difference is that they add a
language identifying token to each subword unit and apply thipraeessing to bothsource
and target sentences of the training data. Amalifeerence is that they don't use particularly
deep network architectures in their experiments. The authors describe two experiment scenarios
where they train systems to translate from multiple source languages into one target language
by (1) adding an a@ditional parallel corpus and (2) adding a monolingual corpus as the
additional source and target data. The achieved improvements reach up to 2.6 BLEU points for
the first approach and up to 3.15 BLEU points for the second approach.
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4.4.3 Experiment Setup

In our experiments, we mainly followed the path of Johnson et al. (2016) by not making
any modifications to the network architecture and modifying only the data during training and
inference. We did, however, experiment with different encoder and decodepesliand add
slight modifications to the data iterator module for it to automatically read the multilingual
multi-way training data in equal batches for each translation direction and prepend the target
language symbol at the beginning of each sourcersante

Our recurrent neural network NMT systems were trained with Nematus (Sennrich et al.,
2017) using four main configurations. For training of the NMT systems with convolutional
neural networks and transformer networks, we used Sockeye (Hieber et @)., R0BMT
systems were trained using the Moses (Koehn et al., 2007) toolkit in the Tilde MT platform
(Vasi Njevs et al., 2012). The details of the

9 Recurrent neural network models
o0 Maximum sentence length of 50;
o Multiplicative long slort-term memory (Krause et al., 2017) (MLSTM) shallow
oneway (MLSTM-SU - the baseline model)
A Encoder and decoder cell typeMLSTM (same as used by Pinnis et al.
(2017));
A A shared subword unit vocabulary (Sennrich et al., 2016) of 25,000 tokens;
o Gated rearrent units (GRU)
A Encoder and decoder cell typ&RU;
A Shallow multilingual multiway (GRUSM)
1 1-layer encoder and-layer decoder;
A Deep- oneway (GRUDU) and multilingual multway (GRUDM)

1 4-layer encoder and-layer decoder;

1 2 GRU transition operatits applied in the encoder layer; 4 GRU
transition operations applied in the decoder layer; 2 GRU transition
operations applied in decoder layers after the langtr;

1 Additional incremental training (Freitag and-@inaizan, 2016) after
convergence of theRU-DM model, using only parallel training and
development data of a single translation direction;

1 Fully convolutional neural network model®neway (FConvU) and multilingual mult
way (FConvM)
0 Encoder and decoder cell typeonvolutional neural netwrk (CNN);
o 15layer encoder and Hayer decoder;
o Maximum sentence length of 128;
1 Transformer neural network model®neway (Transformet)) and multilingual mult
way (Transformei)
o Encoder and decoder cell typgransformer;
o0 Maximum sentence length &P8;
o 6-layer encoder with convolutional embeddings;
0 6-layer transformer decoder;
o Each block (sefattention or feedorward network) is
A Preprocessed with layer normalization;

90



A Postprocessed with dropout and a residual connection;
1 SMT oneway models (SMT
o Word alignment performed using fedtgn (Dyer et al., 2013);
o 7-gram translation models and/ie msdbidirectionatfe-allff" reordering models;
o Language model trained with KenLM (Heafield, 2011);
o0 Tuned using the improved MERT (Bertoldi et 20,10.
Common parameters for all multilingual multiay experiments:
1 Multilingual training data was shuffled in equal batches per translation direction and
with the target language identifier added before each sentence as described by Johnson
et al. (2016).
1 A sharel subword unit vocabulary of 50 000 tokens was used.
For all oneway experiments we used a smaller shared subwardagabulary of 24 500
tokens.

All other parameters for the models were identicale clip the gradient norm to 1.0
(Pascanu et al., 201,3)se a dropout of 0.2 and trained the models with Adadelta (Zeiler, 2012).
We used a word embedding of size of 500, and hidden layers of size 1024. All models were
trained until they reached convergence on validation data.

4.4.4Data
For training, we used Englih 2 Russi an, English Z Estoni e
data. Theonavay model s were trained on English Z E

while the multilingual multway models were trained on data from all three language pairs in
both directions.The training corpora consist of multiple publicly available and proprietary
datasets. Among the public datasets, the largest were the MultiUN (Chen and Eisele, 2012),
DGT-TM (Steinberger et al., 2012), Open Subtitles (Tiedemann, 2009), Tilde MODEL (Rozis
and Skadi Ag, 2017).

The corpora were cleaned and filtered in order to reduce noise in the parallel training data.
During filtering, we removed neparallel sentence pairs, sentences with sentence splitting
errors, and duplicate entries.

Data processing waeerformed in two stepsfirst, a low content overlap filter, which is
based on the crosgmgual alignment tooMPAligner (Pinnis, 2013), was applied, followed by
the standard data processing pipeline of the Tilde MT platform. For some corpora, tting filte
resulted in an overall reduction of more than 50% of the original size. Corpora with content
overlap below a certain threshold were manually examined and left out from the final dataset.
The data filtering procedure is described in greater detdiarpaper by Pinnis et al. (2017).
An overview of the training data statistics before and after filtering for each language pair is
given inTable32

Table32 Training data sentence coubisfore and after filtering.

Before filtering | After filtering

Language pair (Total/Unique) (Unique)

English 2 62.5M / 24.3M 18.9M
English 72 60.7M / 39.2M 29.4M
Russian z 6.5M / 4.4M 3.5M
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For Estoniarz Russian, we selected 2000 random sentences from the training data to be
used as validation data. The validation datasew@lfother translation directions were obtained
from the ACCURAT devel opme0).tnthe antltdirgualtnalt ( Sk a d i

way model training scenarios, we concatenatédf each 2000 sentence validation dataset,

resulting in batches of33 sentences from each translation direction, which we used as
development data. As for evaluation datae used the ACCURAT balanced evaluation corpus
consisting of 512 sentences in each translation direction, for which the Russian version was
prepared ¥ in-house translators.

4.4 5Results

In this section, we describe the results of our experiments. We evaluate MT system
translation quality using BLEU (Papineni et al., 200®F also analyse translation speed and
GPU memory usage during translation, as wetrasing duration. While training models for
multiple translation directions, we were mainly focused on improving the translation quality
when translating between Russian and Estonian, because this specific language pair had the
poorest performance amotige baseline systems.

Translation Quality

Table 33 shows how each of the models that we described in the previous section
compares to the baseline in terms of development and evaluation data translation quality.

When we compare the baseline am&y model (MLSTMSU) to the other oneay
models, the results show that the GRU and FConwJ models reach lower translation quality
on all development sets and all but one (for FCOhwr two (for GRUDU) evaluation sets.
The GRUDU model insignificantly ouperforms the baseline model on the EstonYan
Russian evaluation set (by 0.04 BLEU points) and the Estdfi&nglish evaluation set (by
0.08 BLEU points). The FCorM model shows slightly higher results (by 0.18 BLEU points)
on the EstonialY English evaluation set. However, the results of thexdfiaamerU model
are interesting. Although it got lower results on the EstohiaRussian evaluation sets (by
1.15 and-2.01 BLEU points), it outperformed the baseline model on the EstdniRussian
evaluation sets (by 2.29 and 3.3 BLEU points). A pateiplanation of these results is that
the Transformel model becomes more advantageous than the ML-SUMnodel when using
largerdatased, however, for smaller datasets the MLSBW model is still able to achieve
stateof-the-art results

Table33: Translation quality results for all model architectures on development and evaluation
data. The best results are in bold.

Development Test

RuY Et | EtY Ru| EnY Et | EtY En| RuY Et | EtY Ru | EnY Et | EtY En
SMT 27.74 | 2548 | 1799 | 25.89 | 9.88 7.27 | 21.44 | 29.69
MLSTM-SU | 17.51 | 18.46 | 23.79 | 34.45 | 11.11 | 12.32 | 26.14 | 36.78
GRU-SM 13.7 13.71 | 1795 | 27.84 | 10.66 | 11.17 | 19.22 | 27.85
GRU-DU 17.03 | 17.42 | 23,53 | 33.63 | 10.33 | 12.36 | 25.25 | 36.86
GRU-DM 17.07 | 17.93 | 23.37 | 33.52 | 13.75 | 1457 | 25.76 | 36.93
FConvU 1524 | 16.17 | 21.63 | 33.84 | 7.56 8.83 | 24.87 | 36.96
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FConv+M 1492 | 158 | 18.99 | 30.25 | 10.65 | 10.99 | 21.65 | 31.79

Transf:U 1744 | 18.90 25.27 | 37.12 9.10 11.17 | 28.43 | 40.08
Trarsf.-M 18.03 | 19.18 | 23.99 | 35.15 | 14.38 | 15.48 | 25.56 | 37.97
40
35
30
25
%20 17.44 1L

Start of incremental training

0 5 10 15 20 25 30 35
Train time, days

En = Ru Et > En —Ru—>Et —Et—>Ru En = Et Ru = En

Figure36: Training progress for the deep multilingual muy model (GRUDM).

Next, we look at whether the muitiay models allow increasing translation quality over
oneway models. The results show that the GRU muéty model outperforms the oneay
models for all language pairs on all datasets. However, the convolutional and transformer
models increase quality only for the le@source language pairs. The quality imgmoent for
the Estoniaiz Russian language pairs ranges from 2.16 BLEU points (for the Fonuedel
on the EstoniarY Russian evaluation set) up to 5.28 BLEU points (for the Transfelkner
model on the Russiavi Estonian evaluation set). For the higisource language pairs, the
other hand, both FCoAM and TransformeM models show significantly lower translation
guality than their respective omeay models. The quality decrease ranges frarhl BLEU
points (for the Transformevl model on the Estonia¥i English evaluation s$pdown to-5.17
BLEU points (for the FCon model on the Estonia¥i English evaluation set). This shows
that the newer NMT architectures in muitay scenarios are beneficial only to lo@source
language pairs.

Finally, if we look at which models achied the highest overall results on evaluation
sets, it is evident that the transformer models performed the best. For tfestawce language
pairs, the best results were achieved by the ruati model. However, for the higiesource
language pairs, thegest results were achieved by the respectivenamemodels.

The reason why the results of the SMT system on the development set for E&tonian
Russian (underlined) are so much higher than for all other models may be due to the
characteristic of SMT systems being good at memorizing similar sentences to what they have
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already seen during training. As stated in the previous section, this wadyHanguage pair
for which the development dataset was derived from the training dataset. For all other language
pairs, we used a separate dataset.

When the GRLDM model had converged, we performed additional incremental training
for two language pairsiiboth ways (English  Estonian and Russian Estonian)Figure36
illustrates the training progress of this model and the four individual incrementally trained
models. The idea of the incremental training was to adapt the systespaxific domain,
which in this case would be translation into a single language. Incremental training improved
the translation quality of the mulivay GRUDM model for the individual language pairs by
up to 0.60 BLEU points.

Figure 37 shows the training progress for multiple variations of Rusgiakstonian
models. The deep orveay models (Estoniah Russian GRLDU) reached the early stopping
criterion very quickly but did not get as high as the other models over more time. The other
RNN-based models converged after observing approximately 14dnmsentences during
training. The transformer models stand out the most by being the very first to stop training, as
well as reaching the highest BLEU scores the quickest.
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Figure37: Training progress for Russidn Estonian gstems.

Table 34: Resource usage for all NMT model architectures during translation. The most
efficient values are in bold. The final column shows the training time until the system
converges.

Seconds Sentences| GPU Train
Translation | Per sentence per RAM, time,
second MB days
Theano-based Nematus
MLSTM-SM 274.57 0.54 1.86 651 16.4
GRU-SM 211.51 0.41 2.42 611 8.5
GRU-DM 460.07 0.9 1.11 979 36.6
MXNet-based Sockeye
FConv+M 177.19 0.35 2.89 971 4.5
TransformeiM 191.05 0.37 2.68 1391 3.8

Resource Usage During Translation

Training models with deeper architectures increases resource usage-itrdiothg time
and required computational power. The higher resource usage is present during translation as
well. Table34 shows a comparison of time and GPU RAM consumption when translating the
evaluation dataset using the NMT systems with several architectures from our experiments. In
the table, we isolate models trained with Nematus fmomadels trained with Sockeye, as they
are based on different deep learning frameworks, respectively, Theano (Theano Development
Team, 2016) and MXNet (Chen et al., 2015).

The highestcoring Transformer models are the quickest to train and also nearly the
fastest during translation, but they consume more than twice the amount of GPU memory during
translation. The GRUDM model, which was the runneip model for translating Estonian
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Russian uses 30% less GPU memory during translation, but takes 2.4 times longer to complete
the job, and training also took ~50% longer.

All tests were performed on a machine with an NVIDIA Titan X (Pascal) GPU, Intel Core
i7-6850K CPU @ 3.60GHz, 64G& RAM, and 1TB SSD. We only used a single GPU for
training and translating, even though the frameworks have support for@mRikitraining and
translation.

It is worth mentioning that while training all shallow RNN modelswulti-way or one
wayi the traning time for a single model to converge did not change noticeably. The same can
be said about CNN and Transformer models. In the case of deep RNN models, training time
increased by about2 times, reaching-8 weeks on a single GPU.

4.4.6 Translation Examples

Source: il e poole rahvasti kust kasut
Transformer-U: BiBdzy J ftdztse ddg’ dzOfyj dzj dedv f tcO
(transl. into English): | More than half of the population practice working with the Interr
Transformer -M: Btsdzjdetsafdsdz” dzOfj dzj dzdv toj 6 zdzv tg
(transl. into English): | More than half of the population regularly uses the Internet.
Reference: BtsdzjJ fYodzsoddz Ydlsjdzj?2 tcjclkzdz
English Reference: | More than half the population aregular internet users.

Figure38: Translation examples comparing the higksesiring system (mukivay transformer)
with its oneway counterpart. BLEU score of boti15.62

In this section, we show three examples where we cargantences from ofveay and
multi-way architectures (e.g. the deep GRU models or transformer models).
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Source: Al gusaastatel tegi koosto°ood
] majanduse valdkonnas.
GRU-DU: o (ZOYOdz dF 7 GBHOR LOCHksfts,

, 9 Bimdsodsd , o MWjtt] bt
In the initial years of the bill project, six countries worked togeth
mainly in the sphere of trade and economy.

of jtcor j GeBBHT MmMtsltekzHdzdyoOdzd h j
sstcesodzd d 1 Ctsdasdzd € (.

In the first years, six countries cooperated, mainly in the spherg
trade and economy.

o fjtcar 2 cEtH MtsilsteclkzH dzd Yt fifdsts asdzl
MW jitcj Iststcetsodzd d { Ctsdetsazd € (.

In the early years , the cooperation was between six countries i
mainly about trade and the economy.

(transl. into English):

GRU-DM:

(transl. into English):

Reference:

English Reference:

Figure39: Translation examples comparing the second higgmsingsystem (deep mutivay
GRU) with its oneway counterpart. BLEU score€l7.63(GRU-DU - orange alignments) and
67.04(GRU-DM - green alignments).

Source: Charles t»usis ja v
Transformer-U: ZOtdzr oMlsOdz d f tsmdits
(transl. intoEnglish): | Charles stood up and looked out the windo
Transformer-M: ZOtdzr oMlsOdz d tsc dzv dz
(transl. into English): | Charles stood up and looked out the windo
Reference: YOtdz L. §tssHdYdEihW d
English Reference: | Charles rose andoked out of the window.

Figure40: Translation examples comparing the higksesiring system (mukivay transformer)
with its oneway counterpart. BLEU score$1.48(TransformetU) and26.27(Transformer
M).

In Figure38, we compare one of the poorssbring translations generated with both the
overall highesscoring multiway system (Transformévl) and its onewvay counterpart. The
BLEU score of both translations is identical, butiletihe translation of Transformdd is
almost perfect (with fluency issues in the last two words), the translation of Transtdrmer
features a more significant lexical choice mistake.
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l.e., the words "kasutab}" (uses) and "regulaarselt}", which aredbriteanslated by the
multtway mod el as "dmMyftsd Lkzjls}" (uses) and "]
theoneway model as "ftOClsdSkzeIls}" (practice) andc

Figure39 shows a comparison afsentence that had one of the highest BLEU scores out
of all GRU-DU translations compared with the same sentence translated usinp@RThere
i's a redundant wohbillgrojéct or dieft rwipis fhestmpskatio®df the ene
way model, whth is not present in the source. It is also evident in the attention alignments
(visualised using the toolkit by Rikters et al. (280 Zhat the sutword units of this word are
strongly aligned only to the target language tag at the beginning of the smntence. This
may mean that these are not translations of any specifiwsubunits of the source sentence.
The translation of the multvay model does not exhibit such a problem in this example.

In Figure 40, we show the third example. Here the translation from thewae
transformer model scores higher according to BLEU than the -majtimodel. The only
difference between these two translations is how the Estonian word "vaatas}" (looked) is
translated. Th@&ransformetU mo d e | produced the translati on
matches the reference translation, but the Tranfeivhenodel produced the translation
"sedw dzzazmw} * (Il ooked back), which is the wro

4.4.7 Conclusions

In this section we described a wide range of experiments on training and evaluating
multilingual and multway neural machine translation systems. Our results show that for low
resource language pairs, such as EstordianRussian, we can achieve a sigreidnt
improvement in translation quality by adding data from other languages over using only one
way parallel data. Mukwway NMT systems in both directions improved translation quality (by
3.09- 5.28 BLEU points for Russia¥i Estonian and 2.164.31 BLEUpoints for EstoniaY
Russian) for all three model architectures (deep GRU, convolutional, and transformer), for
which we performed mulivay experiments. Our experiments also show that the largest
improvements in BLEU scores, as well as the highest bh\Bir&U scores in the lowesource
multi-way scenario were achieved by training systems with the Transformer model.

While the multilingual approach helped gaining improvements for theréswurce
language pair, it did degrade the performance for the-feighurce language pairs by several
BLEU points. In almost all of our experiments the multilingual models showed airdrop
translation quality by 2.873.22 BLEU points for Englisly Estonian and 2.115.17 BLEU
points for Estoniary English. However, the results showed that the most stable architecture
for multi-way model training was the deep GRU model architecture. It showed improvements
for both lowresource and highesource dnguage pairs on both development and evaluation
datased.

The results also showed that when training-wag systems for the lowesource
language pairs, the newer convolutional and-aténtion (i.e., transformer) models under
performed. The best ressiiin these experiments were achieved by the MLS$ESed models
(outperforming the convolutional models by up to 3.55 BLEU points and the transformer model
by 2.01 BLEU points).
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While manually analysing the evaluation sets, we noticed that there weralsever
sentences translated perfectly by TransforMebut much worse by GRIDM and vice versa.
This suggests that further investigation may be required to find out whether a combination of
the systems can lead to translations of even higher quality. Tieemgaary successful methods
for MT system combination that could be utilized, for example, using confusion networks (Peter
et al., 2017) to align hypotheses and pick the best parts of each as the final translation. A more
neural network specific option for Msystem combination by combining outputs according to
the attention alignments produced by the neural networks (Rikters and Fishel, 2017) could also
be used for this purpose.

Finally, we provide an update to Nemdtfuthat allows training of mukivay modés by
providing multiple parallel corpora as input data. We also release a set of*3thiptsan be
used to prepare a multiay corpus from multiple parallel corpora for training of mulay
NMT systems with other frameworks.

42 Multilingual NMT iterator https://qit.io/vAgfv
43 Multilingual NMT Corpora Toolsittps:/git.io/vAOo0J
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5. PRACTICAL IMPLEMENTA TIONS

5.1 INTERACTIVE MULTI -SYSTEM MACHINE TRANSLAT ION

The tool described in thsectionhas been designed to h&lI researchers to combine
and evaluate various MT engine outputs through alvesed graphical user interface using
syntactic analysis and languagedelling. The tool supports user provided translations as well
as translations from popular online MT system APIs. The selection of the best translation
hypothesis is done by calculating the perplexity for each hypothesis. The evaluation panel
provides smetence tree graphs and chunk statistics. The resuit iisteractivesyntaxbased
multi-system translation toolhissectionis based on the paper of Rikters (201%ah.e aut hor 0
contribution to this work is 100%.

5.1.1 Introduction

This sectionpresents amttempt to enrich an MSMT approach with language specific
information and a clean, seHxplanatory user interfacelhe experiments described use
multiple combinations of outputs from twitiree orfour MT systems. Experiments described
in this sectionareperformed for the Englishatvian language paif.ranslating from English,
French, and German to Latvian, English, French and German is currently suppoveder
the underlyingframework developed within this work allows application of this strategy fo
other language pairs as wdlhe automatic evaluation results obtained with this hybrid system
are analysed and compared with human evaluation. The code of the dewelOpatslate
system is freely available at GitHi{bA demo serveP with data for cenbining English-
Latvian translationss also available.

The structure of thisectionis as following:subsectiorb.1.2describes the baetnd and
the evaluation mechanisrBubsectiorb.1.3 outlines the main functionality of the graphical
interface andsubsection5.1.4 provides information about how the system performs under
certain experiment. Finallghesectionis summarised isubsectiorb.1.5

5.1.2 Systemdescription

For the baclend, the components described section 3.3.3 were used \isualized
workflow of the system is presentedrigure8).

For translation, four tresslation APIs are used. However, the architeabfitbe systenis
flexible, allowing to integrate more translation APIs easily. The system is set to be able to
translate from English, German or French into Latvian, German, English or French.
Neverthelesghe source and target languages can also be changed to other language pairs that
are supported by the APIs, BerkeRgrseparse grammars and KenLM language models. Each
new source language requires a grammar that is compliant with the Berkeley Raagaser
is able to learn new grammars from treebanks. Each new target language requires a language

4 K-Translate on GitHubhttps://github.com/M4tlss/KTranslate
45 K-Translatedemo- http://k -translate.lielakeda.li
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model that is compliant with KenLM. New language models can be trained usitgplze
program included in KenLM.

Pre-processing

The first step is to tokeze the input. The tokenizer uses tidtespace and punctuation
tokenizer from theNIpTools PHP library*® that is included in the system. Tokenization is
essential for proper functioning of all subsequent stepg syntactic parser can misclassify a
word or a phrase and the translation APIs can issue an incorrect tran$tati@xample, the
parser will not correctly understand a word that has a dot, coonraacolon as the ending
symbol.

After tokenization, it is necessary to divide sentences intaistigally motivated chunks
that will be further given to the translation APEr this task the Berkeley Parser is used in
conjunction with a chunk extractor (chunker). The parse tree of each sentence is processed by
the chunker to obtain the parts oé thentence that will be individually translated and passed to
the translation step.

Sentence chunking

The chunker reads output of the Berkeley Parser and places it in a tree data structure.
During thisprocesseach node of the tree is initialised with pisrase (NP, VP, ADVP, etc.),
word (if it has one) and a chunk consisting of the chunks from its child nodes. To obtain the
final chunks for translation the resulting tree is traversed betfopostorder and only the tep
level subtrees are used as theuieng chunks. The chunking consists of steps shovgure
41.

Figure42 showsan example of output generated by the Berkeley Parser for the English
s ent e n c eristit Gdeaaltiascot Latvian cuisine are bacon pies and a refreshing, cold
sour cr e-ghevissaizegparse tree with two chunks highlighted in green and purple
colours.

Translation with online APIs

Support for théour online translation APlhat are described mection3.3.3are included
in the project. Each translation API is defined with a function that has source and target
language identifiers and the source chunk as input parameters and the target chuoklgs the
output. This makes adding new APIs very easy.

46 Natural language processing toelsttp://php -nlp-tools.com/documentation/tokenizers.html
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Figure4l: Chunking process flowchart
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Figure42: Visualised tree with marked chunks
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Figure43: Berkeley Parser parse tree output
Selection of the best translated chunk

The selection of the best translated chungagormed exactly as describedsgction
3.1.2- KenLM calculatesperplexity as shown in(10), andused to compare the translated
chunks.

Sentence recomposition

When the best translation for each chunk is selected, the translation of the full sentence
is generated by concatenation of chuflkse chunks are recomposed in the same order as they
were splitup.

5.1.3 Translation combination panel

This section presents the translation combination panel which is the graphicanfdont
of K-TranslateFigure44 shows a schematic overview of the options available. Each tfithe
ways of combining translations consists of all or most of the steps covered in the previous
section. An exception is when the user choses to input their own transiatmmprocess skips
translation with online APIs.
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online systems to combine
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sentence \ 4
Input
translated
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Translation results: IJ

Figure44: Architectural visualization of the translation combination panel
Translating with online systems

The starup screen of the translation combination panel allows to fully automatically get
translations from several onlin&T systems that have APIs available, combine them and output
the best fitting hybrid translatiohe source sentence input screen is showngare45 and
the results look the same as when combining user protideslations Eigure 50) with the
exception of showing the name of the used online system as the source instead of MT1, MT2,
etc.

Combining multiple user provided translations

The second option of the translati@ombination panel is intended for the more
experienced MT professionals who already have several (two or more) translations of the input
sentence from different MT systems and just want to obtain the combined result. At first the
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user must select sourcedatarget languages and input the sentence in a source language as
shown inFigure46.

Machine Translation Combination

Source language: Target language:
Englizh e Latvian o
Use:

[] Google Translate [ Bing Translator [ ] Yandex Translate [ ] Hugo

Source sentence:

Translate!

Figure45: Translating with online APIs

Machine Translation Combination

Source language’ Target language:

English b Latvian ~

Source sentence:

Characteristic specialities of Latvian cuisine are bacon pies and a refreshing. cold sour
cream soup

Next!

Figure46: First step of combinig of multiple user provided translations

Next, K-Translate willperformsyntactic analysis on the input sentence and split it into
chunks as shown iRigure47*’. The syntax tree with highlighted colooded chunksvill also
be shown so that the user can better understand where and why the chunks have their boundaries
(Figure48). These chunks will be given in a text box each in a new line for the user to translate

4T The process behind chunking is clarified in seclidh
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with the dhosen MT systems. Finally, the obtained translations must be pasted in the MT 1, MT
2, etc. text boxedHgure49) below each chunk per line to move on to the last step.

Source language: Target language:

English = Latvian =

Source sentence chunks:

Characteristic specialities of Latvian cuisine
are bacon pies and a refreshing, cold sour cream soup.

Chunks:

Characteristic specialities of Latvian cuisine  are bacon piesand a refreshing, cold sour cream soup.

Figure47: Secondstep of combining of multiple user provided translatibpsrt 1

NP VP

NP PP NP
| Characteristic " specialities IB ULy NP NP

D —

Figure48: Second step of combining of multiple user provided translatigast 27 a syntax
tree visualization

MT 1:

ir speka piradzini un skabputra

MT 2:

Raksturigas specialitates Latvijas virtuvi
ir speka piradzini un atsvaidzinou, auksts skabais kréjums zupa

MT 3:

Raksturigo Ipatnibu latvie3u virtuve
ir speka piragi un atsvaidzino3u, auksta skaba kréjuma zupa

Figure49: Second €p of combining of multiple user provided translatidngart 31 input
different translated chunks for source sentence chunks

In the last stef§Figure50) K-Translate will provide the best combined translation and
highlight which chunks were used from which inpltitalso shows the source used for each
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chunk and the confidence level of each selection. The confidence is calculated by comparing
chunk perplexities to each other.

Chunks:
Characteristic specialities of Latvian cuisine  are bacon piesand a refreshing, cold sour cream soup.

NP VP

NP PP NP
| characteristic | speciaities || of | | WP NP NP
JL ]

Latvian cuising
= | bacon cream soup.
Combined translation:

Latvijas virtuvé raksturigakie &dieni  ir speka piragi un atsvaidzinodu, auksta skaba kréjuma zupa

Source: MT1 Source: MT2
Confidence: 35% Confidence: 48%

Figure50: Translation combination results page
Settings

Before any work with KTranslate can bperformed one must first provide a Berkeley
Parser compatible grammar file for each desired source language and a KenLM compatible
language model file for each targetdalage. Also, if usage of online APIs for translation is
planned, the corresponding API settings are mandaldrg. settings page allows for easy
configuration of these value$he necessity of these requirements is explained in seions
andoO.

5.1.4 Experiments

This section describes the experiments performed to test the workflow i@rislate At
first, details on the input data and experiment methodology are provided. Next, the results are
summarizednd interpreted. Finally, a human evaluation is performed showing how the results
coincide with judgement of native speakers. For the purposes of the experiment a slightly
similar hybrid MT system Multi-System Hybrid TranslatdiRikters 2015)was choseras a
baseline.

Experiment setup

The experiments were conducted on the Englishtvian part of the JRCorpus(Section
3.1.3 from which both the test data and data for training of_tlewere retrievediortesing,
the tesset from Sectio8.1.3was usedas well as th&-gram LM.

The method was applied by combining all possible combinations of two and then also all
three APIs. As a result, seven different translations for each source senteacebtaeed.
Google Translate, Hugo, Yandex and Bing Translator APIs were used with the default
configuration.

Output of each system was evaluateth two scoring methods BLEU and NIST. The
resulting translations were inspected with the Wabed MT euaation platforms MT
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ComparEval and iBLEU to determine, which system from the hybrid setups was selected to get
the specific translation for each chusakd analyse differences in the resulting translations

Experiment results and discussion

The results othe automatic evahtion are summarized ihable 35. Surprisingly all
hybrid systems that include the Hugo API produce lower results than the baseline Hugo system.
However, the combination of Google Translate ampBlranslator shows improvements in
BLEU and NIST scores compared to each of the baseline systems. The results also clearly show
an improvement\er the baseline hybrid systdahmat does not have a syntactic{precessing
step. Also, contrary to the base, the new system tends to use more chunks from Hugo, which,
according to BLEU and NIST scores, is the better selection.

Table35. Experiment results. BBing, Gi Google, Hi Hugo, L- LetsMT, Yi Yandex.

Hybrid selection
System | BLEU | NIST G B a/L Y
Google 16.19 | 8.37 | 100% - - -
Bing 16.99 | 8.09 - 100% - -
Hugo 20.27 | 9.45 - - 100% -
LetsMT | 20.55 | 9.48 - - 100% -
Yandex | 19.75 | 9.30 - - - 100%
Baseline hybrid MT
BG 17.09 | 841 | 56% | 44% - -
GL 19.87 | 9.03 | 52% - 48% -
BGL 19.32 | 915 | 37% | 29% | 34% -
K-Translate
BG 17.34 | 854 | 74% | 26% - -
GH 18.63 | 9.09 | 25% - 74% -
BH 18.98 | 8.97 - 24% | 76% -
HY 20.01 | 9.33 - - 65% | 35%
BGHY 18.33 | 867 | 17% | 18% | 35% | 30%

The table also shows the percentage of translations from each API for theslygheis.
Although, according to scores, thizigo system was little better than the other systems, it
seems that the language model was eager to favour its translations.

Figure 51 shows an example of the sourced amference sentences, and all system
translations with the differences highlighted. Upon classpection,it can be seen thagt-
Translateu s ed t he first chunk from Go olduge the
baseline hybrid MT systemould haveonly selected one full sentence as its output.

outp
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Source 3 . the list referred to in paragraph 1 and all amendments thereto shall be published in the official journal of the
european communities

Reference 3 . sarakstu , kas minéts 1 . punkia , un visus ta grozijumus publicé eiropas kopienu oficialaja vestnesi
Hugo minéto ir publicéti Eiropas Zurnald

Google Eiropas Kopienu
Bing 3  sarakstu , kas minétas punkta 1 un visi grozjumi tajos publicé Eiropas Kopienu Oficidlaja VEstnesi
Yandex 3 . sarakstu , kas minétas punkida 1 un visi grozijumi tajos publicé Eiropas Kopienu Oficidlajd Zurnala

K-Translate 3 _ sarakstu [EEENNEaN 1 . punkia Bun visus [Ellgrozijumus ir publicéti Eiropas kopienu oficialaja Zurnala

Figure 51. Comparison of a sentence translations with the different systems with MT
ComparEval

Human evaluation

A random 2% (32 sentences) of the translations from the experineeatgiwen to 10
native Latvian speakers with instructions to identify the most fluent and the most adequate
translation for each source sentence. fi@seilts are summarized irable36. Comparing the
evaluation reults to the BLEU scores and the selections made by the slgat®d hybrid MT,

a tendency towards théugotranslation can be observed for the BLEU score and the selection
of the hybrid method, that is not visible from the user ratings. Thenfegginal lappa
(Randolph, 2005for these annotations is 0.335 which indicates substantial agreement between
the annotators.

Table36. Human evaluation results

Fluenc Accurac K-Translate
System AVG Y AVG Y selection BLEU
Google 35.29% 34.93% 16.83% 16.19
Bing 23.53% 23.97% 17.94% 16.99
Hugo 20.00% 21.92% 45.13% 20.27
Yandex 25.93% 27.07% 20.10% 19.75
K-Translate 21.18% 19.18% - 18.33

The table shows that translations from @@ogle Translatesystem were recognized by
annotators as mostuent and most adequate in 35% of casdss contradicts withthe
automaticevaluation results and the selections madk{dyanslate whera tendency towards
theHugotranslationis observed

A broader analysis of this reswias performedThe hypothess is thatHugowas chosen
lessoftenby the annotators because of failure to translate dates or numbers in specific sentences
while the rest of the sentence was very similar to the reference, hence scoring more BLEU
points. Closer inspection revealed thiree sentences frodugoc o nt ah M@Mb fia g,
which appears to be an error in the named entity processor during time of experiments. There
were also five sentences t haldecembertl@d@ned unt
fifebruary 199% T h eoss @accaumt foHugonot be selected by annotators in 25% cases of
the evaluation dataset, whilecase of BLEU score, their influence was not so significant.

5.1.5Conclusions

Thissectiondescribedn interactive MT system combination approtiat uses syntic
and statistical featureend visualizes theatermediate steps'he main goal wereto provide
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MT researchers with an intuitive and easy to use tool for combining translationsapdaee
translation qualityver the selected baseline

All test cags showed an improvement in BLEIWdNIST score when compared to the
baseline systemVhen used only with Google and Bing, teTranslatescores0.35BLEU
points higher than the best individuednslation provided by th&Pls.

In all hybrid systems thiancluded theHugo API a decrease in overall translation quality
was observed. This can be explained by the scale of the engneeBing and Google systems
are more general, designed for many language pairs, whereas the MT systago Wvas
specificaly optimized for Englishi Latvian trarslations

5.2 VISUALIZING AND DEBUGGING NEURAL MACHINE
TRANSLATION S

In this section a tool for visualizing the output and attention weights of neural machine
translation systems and for estimating confidence aboututpeitobased on the attentias
describedThe aim is to help researchers and developers better understand the behaviour of
their NMT systems without the need for any reference translatifamgher in thesection
several specific useases for finding sgscious and faulty translation output with the help of
this tool are providedl'hetool includes command line and wbhsed interfaces that allow to
systematically evaluate translation outputs from various engines and experiments. We also
present a web desff of our tool with examps of good and bad translatioff$is sectionis
based on the papeof Rikters et al. (2017kgnd Rikters (2018ay he aut hor 6 s cont |
this work is85%.

5.2.1Introduction

While theworld of MT transitiors from statistical Koehn, 2009to neural ¢.g. Bahdanau
et al., 205), the systems themselves are slowly being repladdte necessities behind
analysing thentargelyremain the same, as do the tools built mostly for the older approaches

In this sectionintroduces a transléion inspection tool that specifically targets NMT
output. The tool uses the attention weights corresponding to specific token pairs during the
decoding process, by turning them into one of several visual representations that can help
humans better undeastd how the output translations were produdéw tool also uses the
attention information to estimate the confidence in translation which allows to distinguish
acceptable outputs from completely unreliable ones, no reference translations are raquired.
key difference from other similar tools is that to distinguish acceptable outputs from completely
unreliable ones no reference translations are required; instead we rely on the visualized strength
of the connection between the source text and the tramslatitput; sed-igure 52 for an
example.

The sectionis structured as followsubsectiorb.2.2 summarizes related work dools
for inspecting translation outputs and alignmeisbsetion 5.2.3 describes the proposed

48 Attention visualization demehttp://ej.uz/nmt -attention
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visualizations- both command line and wdiased Subsectiorb.2.4provides a look into the
backend of the system. Finally, conclusiarfghesectionare insubgction5.2.5

, @ % %,
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% o8 %, %, %, Sy G %, 2, “a, T, e, %

%

Source 'AT @ RotGlean RASYyyllilo [FTG@A2n NBfAA
Mc OAf BT A®

Hypothesis| The latest, in the last few days, the EU has been in the final day of the EU's
"European Yeaof Intercultural Dialogue".

Reference | 71 traffic accidents in which 16 persons were injured have happened in Latvia d
the last 24 hours.

Figure52: A Latvian to English neural translation output that has no relation toplg. iThe

weak connection is obvious from the visualized attention weights, even without knowing the
source and target languages or seeing the input or output texts. Confitlrddés CDP:
44.49%; ARyt 67.41%; AR 79.58%

5.2.2 Relatedwork

Zeman et al. (@11) describe Addicter a set of commantine and simple welbased
tools that can be useful for inspecting automatic translations and finding systematic errors
among them. One of the tools in Addictejtextview.p] is designed to convert SMT
alignmentsfrom the typical alignment pair formasdurce_token_id target_token_i§) to a
table representation, making it more hurnaadable. Our commasiohe interface took much
inspiration from this work while adapting to the specifics of the NMT counterpart of
alignments.

Madnani (2011) introduces IBLEU a webbasd tool for visualizing BLEUscores.
Unlike alignments between the source and the hypothesis, the calculation of BLEU requires a
reference translation to which the hypothesis will be compared. Oof tihyat, IBLEU also
allows to add another file with hypotheses from another MT system for a direct comparison.
Given these inputs, the tool highlights the differences between the translations and reference
material. It also enables easy navigation thrahglset of sentences by representing the BLEU
score of each sentence in a clickable bar chart. A quick jump to a specific sentence is possible
by entering its number. The clickable chart and jumps seemed most desirable features for us,
so we added similarapabilities to the web version of our tool.

Klejch et al. (2015) developed MCTomparEval a webbased translation visualization
tool that seems to build upon iBLEU by adding many moredraéned features. It also allows
to compare differences betweeartslations and references, other translations and the source
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input. The main differences are that (1) MbmparEval stores all imported data as
experiments for viewing at any time, where iBLEU forgets everything upon a page refresh; (2)
for each of thesexperiments, one can add output from multiple systems (iBLEU can cope with
only 2); (3) MT-ComparEval displays additional scores (precision, recatiecgsure); and (4)

it shows various detailed sentence argtam level statistics with configurable higititing of

the differences. A noticeable shortcoming is that one cannot jump to a specific sentence in the
set. While ordering by sentence ID is possible, to view the 1000th of 2000 one would have to
scroll through the first 999.

Nematusincludes a set of tilities for visualizing NMT attentions. The first one,
plot_heatmap.pylots alignment matrices similar to the previouslgntionedalitextview.p)
using Nematus output translations with alignments. The second visoklize probs.py
generates HTML for aveb view that displays the output translation in a table with the
background of each token shaded according to the attention weight. The final tool, consisting
of attention.jsandattention_web.phpconnects source and target tokens with lines as thick as
the corresponding attention weights between them. However, there is no tool included to
generate the latter visualization for an arbitrary senteitég given only in the form of one set
example. This last tool was a strong inspiration for buildingtook. We reused parts of its
code in the web version of our visualization.

Neural Monkey provides several visualization tools for checking the training process that
include visualizing attention as soft alignments. It can generate matrices similar to the
previously nentionedalitextview.plfor each sentence in the first validation batch during the
training process. A few drawbacks of this method are that the images are (1) of a static size (the
predefined maximum input length * maximum output lengtlif) sentences are longer, the
attention image gets cut off, if shorter, bottom rows of the matrix (representing the input) are
left black and columns (representing the output) onghef r i ght si de are fil |
attention; (2) no input and outpubwds, tokens or subword units are displayed, only the matrix;

(3) there is no option to generate visualizations for a test set outside the system training process.

5.2.3The tool from a users' erspective

The main goals of our tool are to provide multiple walysisualizing NMT attention
alignments, as well as to make it easy to navigate ldagaset and find specific examples. To
accomplish these goals, we implemented two main variations of our tool, a textual command
line visualization and a webased visua&ation. This sectionprovides an insight into the
features of both of them and suggestions as to when they can be useful

Web browser visualization

The web visualization is intended to provide an intuitive overview of one or multiple
translated test set$his is done by showing one sentence at a time, with navigation to other
sentences by ID, length or multiple confidence measures. Switching between experiments (test
sets) is also easy. For each individual sentence, four confidence metrics are shown, and
confidence score for each source and translated token (or subword unit). The tool also allows
to export the alignment visualization of any selected sentence to adsigltion PNG file
with one click
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Figure 53 An example of a translated semte that exhibits a low confidence score.
Confidence27.33%; CDP: 94.81%; AR« 75.9%; ARh: 72.9%

The essential part of the visualization is represented in the following way: source tokens
(at the top) are connected to translated tokens (at the bottarajange lines, ranging from
completely faint to very thick, as visible Figure53 and Figure 54. A thicker line from a
translated token to a source token means tieatecoder paid more attention to that source
token when generating the translation. Ideally, these lines should mostly be thick with some
thinner ones in between. When they look chaotic, connecting everything to everflgumne (
53) or everything in the translation to mostly just one token in the source, that can be a well
indication of an unsuccessful translation that will possibly have little to no relation with the
source sentence. On the other hand, if aldiare thick, straight downwards, connected one
to-one (right part ofigure54), that may point to nothing being translated at all. Additionally,
the matrix style visualization is also available in the web vera®shown on the left part of
Figure54.
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Source Kepler measures spin rates of stars in Pleiades cluster

Hypothesis| Kepler measures spin rates of stars in Pleiades cluster

Reference |[YSLJ SNA AT YTN} 1T @I A30gdz INRSOI yn

Figure54: An example of a translated sentence that exhibits a suspiciously high confidence
score. The translation here is a verbatim rendition of the input. Matnxvisualization on the

left, line form visualization on the right. Confiden&%.44%; CDP: 100.0%; AR 98.84%;

APi: 98.85%

Confidencescores

To aid in locating suspicious and potentially bad translations, we introduced a set of
confidence metrics (me details in4.3.3. For each sentence, the tool displays an overall
confidence score, coverage deviation penalty, and input and output absentmindedness penalties.
The overall confidence score is also shown for each sourea,tatdicating the amount of
confidence that the token has been used to generate a correct translation, as well as for each
translated token, indicating the amount of confidence that it is a correct translation. All of these
scores are represented in pateges from 0 to 100 and can be usetkggate through the test
set Figure 55), making it easy to quickly find very good or very bad translations among
hundreds. The selected sentence is highlighted simultdgemuess all navigation charts and
each chart can be sorted in either direction or reset to the order by sentence ID

_ enny next konkurtes in the sprint , wi ins on today and plays out

I
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Figure55: Navigation charts allow to jump to a sentence based on its length in characters (red),
confidence green), coverage deviation penalty (dark yellow), absentmindedness penalty for
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input (dark blue) and output (light blue). The currently active sentence is highlighted in bright
yellow. All charts are sortable and scrollable for a better user experience

Overlap

The confidence score considers hypotheses translations that are long and have a
significant overlap with the source sentence as a worse translation, while tolerating considerable
overlap for shorter sentences.

In addition to contributing to the finabnfidence score, the overlap ratio has been added
as an individual score for sorting, navigating and comparing sentences dietasatis shown
in Figure56.
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c ... -lllIl-llll-l"U"'-l-l--lll--ll-"lll'Il"-lll'lu--lll‘lll-lll'-l-ll'l-'-ll'--l-ll--l--l-l"--l-"

Source 4SS nXw Y3IAkYE {dzyA MNBYMSYIWYTYAY In XY
p A

a RdzZl A 2dzZKGAYAAaS 2t @OSNBa NfRas
Hypothesisje © nXH Y3IkYE "o nZXy YIkYE o0 nZd YAk
e ao’ 't T .t'E " 7T_o o YD
Match 0,8 mg/ml ( 0,9 mg/ml

Figure 56. An example translation from Estonian into Russian, showing useful features for
debugging translation outcomesinderlining of the longest matching substring between the
source and translated sentences; sorting translations by overlago§ps)kor BLEU score
(purple bars); reference translation (grey background).

The system also underlines the longest matching substring between the source and
translation in cases where the overlap is high enough (over 10%). An example is shown in
Figure56, where the overlap ratio is 20.19%.

References and BLEU

We believe that simply displaying the reference next to the hypothesis is helpful more
often than not. Having provided references also allows to calculatd)Bidéres for the
translations, providing yet another dimension for sortiigure56). Unlike overlap, the BLEU
scores do not influence the overall confidence scores.

115



Comparing Translations

A major feature of théool is the option to directly compare two translations of the same
source sentence. To perform the comparison, all source sentences for botlatiapet must
match, but the target sentences may differ in output token order as well as count. Comparisons
may be performed between translations obtained from any two of the five currently supported
NMT frameworks (Nematus, Neural Monkey, OpenNNKlein et al., 2017) Marian and
Sockeye [ieberet al., 2017) or even an arbitrary input file, as long as itisrfatted according
to the specification provided in the instruction4ile

% ‘6“&- ‘L‘g‘s- E %, 69’)7 ‘K\O“’.\
e”o,, % 4@% ;Ja),/, %O\s :
% i e% 61$ " 40;,) %\O
132,% "o%/_ Ly
Source the loss was by the team.
Hypothesis 1|1 I dzZRT2dzya oA 2l
Hypothesis2 | OA & 1 I dzZRT2dzYa ¢
Reference |1 I dzZRT 12 Yl yRI ®

Figure57: A direct comparison of attention alignments for translating the same sentence with
two different NMT systems.

Figure57 shows an example comparison of a sentence translated by two different NMT
systems. On théop row is the source text and the bottom rows represent output from each
individual NMT system colecoded to match the colours of the alignment lines. The second
hypothesis (in green) exhibits stronger and more reliable output alignments to thewordsnt
while the first shows strong alignments coming from the stop sign. In this example neither
hypothesis matches the reference, but since it is only two words long for a source sentence of
triple the length, it can hint to an oversimplified translabgrihe translator (assuming English
was the original) and does not mean that both hypotheses are completely wrong. In fact, the
second hypothesis is a fairly decent representation of the source sentence.

4% Using other input formats https://github.com/M4t1ss/SoftAlignmentsthow-to-get-alignmentfiles-from-
nmt-systems
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Command line visualization

The command line visuabion is availéle in three different format$i) using twenty
five different shdes of grey as shown figure 58 (right); (2) using five gradually shaded
Unicode block elements as shown kigure 58 (left); and (3) using nine gradually filled
Unicode block elements. Each sentence is output via a graphical matrix, where rows represent
the source input tokens or subword units and columns representing the target side. The
corresponding tokens are printed out on the bottom (target) or far right side (source) of the
matrix. Unlike the authors ddlitextview.p] we chose to represent the source tokens on the
right, so that the graphical matrix starts at the beginning of thédmeach sentence. After
each semnce, one empty line is printed.

One obvious usecase for the command line visualization is to directly compare
alignments of NMT attention with the ones produced by SMT. Thisdipesualizationis also
the fastest, refore it can be used to quickly check alignments for a specific senfexee.
width Unicode fonts can be used in almosteat editors, so redirecting output to a text file to
share with others is also a valid application. However, to vievedhaur version from a text
file, it needs to benterpreted as xterm color sequences,&smg less-R" in a Linux terminal

Waltraud

B
Waltraud a feeling useful
Fusmanmann , i .
is nice it really

<EO5>

it
Deviation Penalty:

det nalty:

ntmindedness Penalty

Figure 58 Visualization in the command line, using five differently shaded block elements
(left), and twaty-five different tones of grey (right).

5.2.4 Systemdescription

The visualization tool is developed Pythonand PHP. It is published in a GitHub
repository® and opersourced with the MIT License.

Both visualizations can be run directly from the command. liffee web version is
capable of launching on a local machine without the requirement for a dedicated web server

SONMT Attention Alignment Visualizationsttps:/github.com/M4t1ss/SoftAlignments
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Scoring attention

This section provides details about how the previously mentioned confidence scores are
calculated and outlines what is neetlednake good usef each option

The basis of our scoring methods was influenced by Wu et al. (2016), who defined a
coverage penalty for punishing translations that do not pay enough attention to input tokens
(14). To complement that, we introduce a set of our own metrics

1 Coverage deviation penalty (CDP) penalizes attention deficiency and excessive
attention per input token

1 Absentmindednesgenalties(APou, APin) penalize output tokens that pay attention to
toomany input tokens, or input tokens that produce too many output tokens

1 Confidenceis the sum of the three metric<DP, APyu: andAP;n.

1 Overlap penalty (OP) penalizes translations that copy large fractions from source
sentences

Coveragadeviationpenally

Unlike CP, CDP penalizes not just attention deficiency but also excessive attention per
input token. The aim is to penalize the sum of attentions per input token for going too far from
1.0, so that tokens with the total attention of 1.0 get a scoréafrOthe logarithmic scale,
while tokens with less attention (like 0.13) or more attention (like 3.7) get lower values. We
thus define the coverage deviation pendliy). The metric is on a logarithmic scale, aids
normalsed by the lengtld of the input sentence in order to avoid assigning higher scores to
shorter sentences

Absentmindedneg®enalties

To target scattered attention per output token, we introduoetpatabsentmindedness
penalty (16). It evaluates the dispersion via the entropy of the predicted attention distribution,
resulting in values from 1.0 for the lowest entropy to 0.0 for the highest. The values are again
on the logscale and normaed by thesource sentence lendth(i is the output token indek;
the i nput itatantmmprobabiie x , U

The absentmindedness penalty can also be applied to the input tokens afteisimgrmali
the distribution of attention per input tokgé).

60 -BB| a1§gQ (19
Overlap penalty

A stronger penalty20) is allocated to longer sentences that copy large amounts from the
source while shorter ones get more tolerance,(@gthreewor d En gl i Shankssent en

Barack Obama.can be perfectly translated iniBaldies Barack Obantealthough- of words
in the translation are the same in the source).
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In all of the metricsL is the lengh of the source sentenck; - length of the target
sentence; Ssimilarity between the source sentence and the translation on the scalk &f 0
- the attentbn weight betweerource tokem and translation token

The final confidence score sums up all three above mentioned mitics
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For visualization purposes, each of the scores needed to be set on the same scale of 0
100%. To achieve that, we appli&®),

wé & QAN (22)

DAOAAT OQACA (22)
whereX is the score to convert ai@is a constant of either 1 for ti@DP or 0.05 for the other
scores APout, AP, confidenci

Systemarchitecture

The code can beivided into two logical partq1) processing input data and generating
output data an{R) displaying and navigating the generated output data in a web browser. The
former part is written in Python and handles all input data, generates output data, displays the
command line visualizationrolaunches a temporary web server for the web browser
visualization. Each time a web visualization is launched, a new folder is created within
/web/datawhere all necessary output data files are stored, a tempek#Pyweb server is
launched 01127.0.0.1:4155 and the address is opened as a new tab in the default web browser.
After stopping thescript all data remains in ti@eb/dataand can be accessed later as well

The latter part is responsible for everything that is shown in the browser. It mainly
consists oPHP, HTML andJavaScriptode that facilitates quick navigation between sentences
even in larger data files, as well as navigation charts and sorting, visualization export to image
files and a responsive user interface. If necessary, this paoeaased as a staatbne website
for displaying and interacting with pgenerated results.

Requirements andusage

The requirements are as follows:
Python(2 or 3) andNumPy
PHP 5.4 or newer (for web visualization)

Nematus OpenNMT,Sockeyeor Neural Moikey (for training NMT systems)

= =2 =4 =4

Nematus, AMUNMT (Junczys, 2016PpenNMT, Sockeyer Neural Monkey (for
translating and extracting attention data)

o Or any NMT framework that can output an attention matrix for each translation
(may require format conversion)
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To use the tool, first translate a set of sentences using a supported NMT framework with
the option of saving alignmenitsswitched on. The sources combined with the resulting
translations + attention matrices can then be used as input fottesss_aligments.pgcript.
Depending on the selected output type, alignments will either be displayed in the command line
or a new tab will be opened in the default web browser. Example input files from each supported
NMT framework are provided along with commandsun them.

5.2.5Finding faulty translations

This section summariseseveral tips and tricks that may come in handy when using the
tool to look for faulty translations of various kinds. Here we also list common causes associated
with the problems. Some peculiges to pay attention to may include:

1 Short sentences with a low confidence, CDPi, APAPout
All of the metrics do not necessarily need to be low, but translations that exhibit
at least one of them to be undeg8@re often worth looking into.
1 Long satences with a high overlap
As stated before, for short, several words long senteitaeay be completely
normal to have an overlap of 50% or more, but if it occurs in sentences that are 10 or
more words long, it may indicate that the system has ontiajpatranslated the source
or not translated anything at all. When completely untranslated sentences are found, it
is worth checking the training data for any soutia@et sentence pairs that are equal.
Removing them from the training data should help.
1 Sentences with a low BLEU score, but normal arekiigh confidence, CDP, ARand
APout
The BLEU metric has its flaws and one of them is comparing each hypothesis to
only one reference, while it is often possible to translate the same sentence in several
different ways. In cases when the only lsaoring metric output by the tool is the
BLEU score, it is often that the translation is perfectly good, but just different from the
reference. Such sentences are often useful examples to show that lower BldslbEcor
neural MT systems do not necessarily represent lower quality translations and are
cheaper to find than performing full manual human evaluations.

A separate recommendation specifically for comparing two translations is to look at the
attention alignmet lines and try to find ones with source tokens having strong alignments to
different hypothesis tokens, while maintaining relatively similar confidence scores. Such
translations are often synonyms.

5.2.6 Conclusions

In this section we described our tool forisualizing attention alignments generated by
neural machine translation systems and for estimating confidence of the translation. The tool
aims to help researchers better understand how their systems perform by enabling to quickly
locate better and worseatslations in a bigger test set.

51 How to get alignment files from NMT systenistps:/github.com/M4tl1ss/SoftAlignments
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Compared to other similar tools, ours relies on the confidence scores and does not require
reference translations to facilitate this easier navigation. This allows to integrate it, for example,
in an NMT system with a welbterface, providing users with an explanation for the result of a
specific translatiorHowever, ifreference translatiorese provided, several additional features
become available.

One limitation of the tool is the inability to make full use of atmtalignments from
NMT systems with a very high amountaifention matrices in the neural netwdflr example,
convolutional neural networlMT systemqGehring et al., 2017end to be trained with 15 or
more layers with an attention matrix in each efth SIf-attentional transformer network NMT
systemgqVaswani et al., 2017nay be trained with 6 layers each having 8 attention hieads
resulting in 48 attention matricésven when all attentions are summed up, the result looks like
every source token onnected to every hypothesis token as can be séegure59.
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Figure59: An example of attention alignments from alager encoder and 1ayer decoder
convolutional neural machineanslation system trained with FairS&q

5.3 CLEANING CORPORA TO IMPROVE NEURAL MACHI NE
TRANSLATION PERFORMA NCE

Large parallel corpora that are automatically obtained from the web, documents or
elsewhere often exhibit many corrupted parts that are bound ativedg affect the quality of
the systems and models that learn from these corporasddtiendescribes frequent problems
found in data and such data affects neural machine translation systems, as well as how to
identify and deal with them. The solut®mare summarised in a set of scripts that remove
problematic sentences from input corpdrae sections based on the papers of Rikters (2018b)
and Pinnisetal. (20)8T he aut hor 06s workigl0d¥%b uti on to this

5.3.1Introduction

MT systems both, SMT and NMT - rely on large amounts of parallel data for training
the models. It is often the case that larger amounts of corpora lead to higher quality models,

52 Facebook Al Research Sequetm&equence Toolkitttps:/github.com/facebookresearch/fairseq
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therefore a common practice is automatic extraction of such corpora from web resources,
digitised baks and other sources. Such data is prone to be noisy and include all kinds of
problematic sentences alongside the fgghlity ones. Data quality plays an important role in
training of statisticabnd, especially, neural netweblased models like NMT, wbi is quick

to memorise bad examples. In the case of training SMT and NMT systems, often the-only pre
processing is done using scripts from the Moses To(flaehnet al., 2007) which is only
capable of removing sentences that are longer or shortea $y@acified amount or the sowrce
target length ratio is too high.

In thissection we explore the types of leguality sentences commonly found in parallel
corpora. We also compare the benefits of using additional filters to remove these sentences
before taining MT systems in contrast to using only the Moses scripts. We introduce a set of
corpora cleaning tootdthat remove sentences that have some of the most common problems
found in large corpora. It is published in GitHub with the MIT ogenrce licens.

5.3.2 Relatedwork

Zipporah(Xu and Koehn, 2017} a trainable tool for selecting a higlality subset of
data from a huge amount of noisy data. The authors report that it can improve MT quality by
up to 2.1 BLEU, but in order to use it, the tool requirkes@vn highqualitydatasetor training.

Wolk (2015 proposes a method that uses online MT engines to translate source sentences
from a parallel corpus and compare them with the given target sentences. It is very expensive
to use on realvorld parallel copora, containing tens of millions of parallel sentences. The
author reports results on using the method on rather small corpora of only several million words.

Khadivi and Ney(2005 introduce a parallel corpora filtering method based on word
alignment modls. Similar to Zipporah, this method also relies on training using aguiglity
Corpus.

5.3.3Problems incorpora

This section outlines some oftexccurring problems in parallel corpora. The specific
examples were obtained from the Engl&$tonian part of @ ParaCrawf corpus.

One of the most common defects in parallel corpora is a high mismatch between-the non
alphabetic characters between source and target sentéiga® 60). Also, often thereare
sentences thatre completely or mostly composed of characters outside the scope of the
language in questiorrigure61l).

In parallel corpora, we may occasionally see the same sentence of one language aligned
to multiple different ones of the other languagkidure 62), but this is not always a bad
indication, since they may just be paraphrases of the same colRicepe63). It is also wise
to dheck if sentences in specific languages actually consist of text in that langigge §4)

53 Corpora Cleaning Toolsttps://github.com/M4t1ss/parallelcorporatools
54 LargeScale Parallel Web Crawttp://statmt.org/paracrawl
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as there may be citations and other parts of foreign language texts, especially in news domain
corpora.

Finally, a little less common observation for automatically gathered corpora, but
somewhat more often in automatically generated (translated) parallel corpora is the repeating
of tokens Figure 65). Sentences like this may not ays be incorrect, but they introduce
ambiguity when used to train MT systems.

English Estonian
Add to my wishlist Hommikul (200 + 200 = 400 kcal)
Dec 2009 <U4MN HANNo

Figure60: An example of a high mismatch in nafphabetical karacter counts between source
and target.

kul ©m I Em | | ( 4}t ©°4ej . ANadn87N}
a%ecal %ONR & L A& [ v

Figure61: Examples of sentences with over 50%-a¢phabetical symbols.

English Estonian
| voted in favour. kirjalikult. ¢ (IT) HN Mtasin poolt.
| voted in favour. Ma andsin oma pooltN M.

Figure62 An example of an English sentence aligned to multiple different Estonian sentences.

English Estonian
That is the wrongvay to go. {SS SA tS p3
This is simply wrong. {SS SA tS p13

Figure63: Multiple English paraphrased sentences aligned to one Estonian sentence.

English Estonian
Zaghachi See okwu 3 Comments
¢CNYy Il YNyYy3IAGdzRY ¢ Ny I itVdNAB 929

Figure64: Examples of sentences with a different identified language than the one specified.

English Estonian
11If, ,and are the roots of , compute . 1 Juhul kui , Ja on juured , Arvutama .
we have that anar oror . meilon, etjgdp A @p A Dp
NXT SprayNAPURA NXT SPRAY NXT SPRAY

Figure65: An example repeating tokens (underlined).
5.3.4 Corpora filters

The filters described in this section are mainly intended for parallel corpora saneist
two files with identical linecounts where each line of one file is related to the same line of the
other file. Several of the filters are applicable to monolingual data as well and can be used to
clean data for unsupervised MT training, ba@nshtion, and other useases.

Unique parallel sentence filteri removes duplicate sourtarget sentence pairs.
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Equal sourcetarget filter - removes sentences that are identical in the source side and
the target side of the corpus.

Multiple sources - one taget and multiple targets - one sourcefilters i removes
repeating sentence pairs where the same source sentence is aligned to multiple different target
sentences and multiple source sentences aligned to the same target sentence.

Non-alphabetical filters i remove sentences that contain ove®o5@on-alphabetical
symbols on either the source side or the target and sentence pairs that have significantly more
(at least 1:3) no@lphabetical symbols in the source side than in the target side (or vice versa).

Repeating token filter i especially useful for filtering baekanslated parallel corpora
that are created by translating a clean monolingual corpus into another language using NMT.
NMT output may sometimes exhibit repeated words in the generated transiahih,
indicates that the system had problems translating a part of the sentence and it used the
repetitions to fill the gap. In such cases the sotanget sentence pair is likely to not be a good
parallel sentence, therefore the repeating token fét@ores them.

Correct language filteri uses language identification softwékei andBaldwin, 2012
to estimate the language of each sentence and removes any sentence that has a different
identified language from the one specified.

Moses Scripts and Subwal NMT 71 calls Moses scripts for tokenising, cleaning,
truecasing, and Subword NMBennrichet al, 20169 for splitting into subword units. This
process prepares the corpus up to the point where it can be passed on to the NMT system for
training.
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5.3.5 Experiments andresults

Corpora cleaning

Table37: Detailed results on filtering Englidastonian/Finnish/Latvian larger common parallel
corpora from WMT shared tasks.

Paracrawl Rapid Europarl
En-Et | En-Fi | En-Et | En-Fi | En-Lv | En-Et | En-Fi En-Lv

Corpus
size 1298103| 624058| 226978| 583223| 306588| 652944| 1926114 638789
Unique 26 37 23| 161463| 80894| 23218 52686 19652
0.00%| 0.01%| 0.01%]| 27.68%| 26.39%| 3.56% 2.74%| 3.08%
src == tgt 242816| 41611 428 3488 2929 490 528 707
18.71%| 6.67%| 0.19%| 0.60%| 0.96%| 0.08% 0.03%| 0.11%
* sources 267235 17239 1108 1513 990 1176 6631 979
1 target 20.59%| 2.76%| 0.49%| 0.26%| 0.32%| 0.18% 0.34%| 0.15%
* targets 69225 9532 752 1016 329 462 3536 435
1 source 5.33%| 1.53%| 0.33%| 0.17%| 0.11%| 0.07% 0.18%| 0.07%
> 50% 200338| 12919 1226 5647 1699 66 285 72
non-alpha 15.43%| 2.07%| 0.54%| 0.97%| 0.55%| 0.01% 0.01%| 0.01%
Non-alpha 23777| 12737 6674| 13311 6361 7211 24847 4012
mismatch 1.83%| 2.04%| 2.94%| 2.28%| 2.07%| 1.10% 1.29%| 0.63%
Repeating 11210 1397 175 396 171 727 2594 703
tokens 0.86%| 0.22%| 0.08%| 0.07%| 0.06%| 0.11% 0.13%| 0.11%
Language | 283152 36233| 14762| 24854 8739 8924 10932 3301
mismatch | 21819| 5.81%| 6.50%| 4.26%| 2.85%| 1.37%| 0.57%| 0.52%
Total 1097779| 131705| 25148| 211688| 102112 42274| 102039| 29861
removed 85% | 21% 11% 36% 33% 6% 5% 5%

We used the toolkit to clean parallel corpora provided in the WNFTATd WMT18°

news

MT shared

t asks

for

English 2
process for three of the largest corpoRaraCrawl, Rapid corpus of EU press releases (Rapid)

Estoni

and European Parliament Proceedings Parallel Corpus (Eurogeglshown imable37.

an/

The results show that ParaCrawl is the most problematic corpus, especially the Estonian
part, where 8% had to be removed. The most frequent problems are 1) specified and identified
languagemismatch; 2) identical sentences appearing on source and target sides; 3) multiple
source sentences aligned to the same target sentence; 4) an overwhelming amount of non
alphabetical characters; and 5) multiple target sentences aligned to the sameestence s
All examples of bad sentences in SectioB.3were selected from the removed parts of the
Endish-Estonian ParaCrawl corpus.

55 SecondConference on Machine Translatiohttp://statmt.org/wmt17
56 Third Conference on Machine Translatidnttp://statmt.org/wmt18
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The Rapid corpus had an overall higher quality with only abot@yarallel sentences
removed. For the three languages it exhibited three main defetjsduplicate parallel
sentences; 2) specified and identified language mismatch; and 3) mismatch in amourts of non
alphabetical symbols bete®r source and target sentences.

Table 38: Detailed results on filtering Englighinnish/Latvian smaller parallel corpora from
WMT shared tasks.

Wiki | DCEP | Leta | Books
En-Fi En-Lv
Corpus size | 153728| 3542280 15671| 9577
Unique 02277397 454 434
0.00%| 64.29%| 2.90%| 4.53%
L 42438| 339861 2 4
src == tgt
27.61%| 9.59%| 0.01%| 0.04%
* sources 161| 12474 2 35
1 target 0.10%| 0.35%| 0.01%| 0.37%
* targets 339 9450 15 12
1 source 0.22%| 0.27%| 0.10%| 0.13%
> 50% 488 31842 0 13
non-alpha 0.32%| 0.90%| 0.00%| 0.14%
Non-alpha 4616 3883 946 20
mismatch 3.00%| 1.10%| 6.04%| 0.21%
Repeating 38 1242 47 8
tokens 0.02%| 0.04%| 0.30%| 0.08%
Language 74507 48910 59 1074
mismatch 48.47%| 1.38%| 0.38%| 11.21%
Total 122587| 2760014, 1525 1600
removed 80% 78% | 10% | 17%

Europarl was by far the cleanestmos, having only %% of sentences removed by the
cleaning toolkit. For all languages, most removed sentences were due to the same two defects
as in the Rapid corpus.

We combined and shuffled all three Englisstonian corpora, resulting in 1 012 824
(4650% of total) sentence parallel corpus for training NMT systems described in the next
section. The total amount of Engligimnish parallel sentences was 2 719 104 (82.G2total)
after adding a cleaned version of the Wiki Headlines corpus, and Ehgligian- 1 617 793
(35.8%% of total) parallel sentences after adding cleaned versions of LETA translated news,
Digital Corpus of European Parliament (DCEP), and Online Books corpora (cleaning details in
Table38). We used the developmetdtaset provided by the WMT shared tasks.

Machine translation

To observe the actual benefit of filtering data for NMT, we trained NMT models using
filtered and norfiltered data in both translation directions for the three langpags. We used
Sockeye to train transformer architecture models with 6 encoder and decoder layers, 8
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transformer attention heads per layer, word embeddings and hidden layers of size 512, dropout
of 0.2, shared subword unit vocabulary of 50 000 tokensjmrmem sentence length of 128
symbols, and a batch size of 3072 words. All models were trained until they reached
convergence on development data.

Table 39: Translation quality results (BLEU scores) for all translation directions on
development data. The best results are marked in bold. The second row shows how much of the
initial parallel corpora remained after filtering for each language pair.

En-Et | Et-En | En-Fi | Fi-En | En-Lv | Lv-En
Unfiltered 1545 | 2155 | 20.07 | 25.25 | 21.29 | 24.12
Corpus after filtering 46.50% 82.72% 35.85%
Filtered 15.8 21.62 | 19.64 | 25.04 | 22.89 | 24.37
Difference +0.35 | +0.07 | -043 | -0.21 | +1.60 | +0.25

The final NMT system results ifiable 39 show that corpora filtering improves NM
quality for Estonian and Latvian systems, but not Finnish. The lack of improvement for Finnish

is mainly due to the Europarl being the largabbit- of total) and at the same time the cleanest
corpus for this language pair. The biggest corpor&$&tonian and LatvianParaCrawl (about

- of total) and DCEPabout- of total) respectively were also the most problematic ones with
85% and 786 sentences removed respectively.

Figure 66 shows training prgression of all 12 NMT systems. Filtered systems are
depicted with solid lines, unfiltered onewith dotted lines, Estonian systems are in light/dark
blue colours, Finnishk orange/yellow, and Latvian are in light/dark red colours. The figure
shows thatthe filtered Estonian and Latvian systems are much quicker to learn than the
unfiltered ones, but eventually, they converge close to the unfiltered systems. As for the Finnish
systems there is no significant difference between filtered and unfilteredt dimes one is
higher than the other or vice versa.

It is generally visible that in both translation directions the filtered systems achieve higher
BLEU scores and reach higher quality quicker. For both Endliskstonian systems, the
unfiltered version catches up to the filtered one later on in the training, but never quite reaches
or surpasses it.
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Figure66: Training progress of English Estonian/Finnish/Latvian NMT systems.
Newstranslation shared task

To test the full potential of the described methods, the higltesingEn gl i sh 2
EstonialandEn g | i s h rmoddisiwera furthdr developed and submitted to the WMT 18
shared taskmachinetranslation ofnews The submitted systns were nametidde-c-nmt2bt
andtilde-c-nmt1bt respectively All systems ranked in the topBby automatic evaluation
(BLEU score)ut of 1723 submissions in thmonstrainedrack (using only resources that were
provided in the shared task).

Systemand dataverview

TheEnglishY Estonian and Estonidf English NMT systemgti{de-c-nmt2bt) (Pinnis
et al., 2018preaveraged from multiple best NMT models. The models were trained using two
sets of backranslated data in atb-1 proportion- one backranslated using a systenaitred
on parallelonly data and the other using an NMT system trained on parallel + the first set of
backtranslated datalhe EnglishY Finnish and FinnistY English NMT systemsti{de-c-
nmt-1bt) were trained identically to the Estonian systems, but-bacislation was performed
only once.

The data processing workflow from Sectibr8.4 was usedto clean and prepare data
provided in the shared taskhe filters were applied to the given parallel sentences, monolingual
news setences before performing batfanslation, and both sets of synthetic parallel sentences
that resulted from baekanslating the monolingual news.

NMT systemsand results

To get the highesquality translation results, wasea multi-pass hybrid approadtor
training NMT systemsWith each trained NMT systemve supplementhe parallel training
data with an additional set of battanslated for the next system ($&gure67) resulting in
multiple passes dfainingdata during training. The final translatiosse producedusing only
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the final NMT system (i.e., NMT3ynlike themulti-passapproach mentioned in Sectignmt.2
in which each input sentence is passed through multiple M&ragst

) )

Parallel ‘I Parallel + Backtranslated

NMTL

NMT3

+
Backtranslated + Backiranslated

EI
Figure67: Multi-pass NMT training via double battanslation.

First, we trained baseline models using only filtered parallel datasets (Pandiéh
Figure68). Then, we backranslated the first batches of monolingual news data and trained
intermediate NMT systems (Parallel + First Baknslated). Finally, we used the intermediate
NMT systems to backanslate the second batches of monolingual netss ahd trained final
NMT systems (Parallel + Second Baitknslated).The final step was performed only for
Englishz EstoniarsystemsTraining progress ifigure68s h o ws t hat Esttnen En gl i
system bendf from the additional data, but the system in the other directiohso much.
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Figure68 NMT system training progress (BLEU scores on the validation set) fordBngli
Estonian (left) and Estoniaf English (right).

For the final translations, we used a ppsbcessing script (Rikters et al.,, 2017a) to
replace consecutive repeatinggrams and repeatinggrams that have a preposition between
them (i.e., victim of the victim) with a singlegram.

The automatic evaluatioresults of the NMT systems, which were trained on all training
datasets, using the SacreBLEU evaluation tool (Post, 2018) areigiVable40. The results
show that themulti-pass hybrid approactor backtranslating additional monolingual data
turned out to be the most competitive, reachifigpRice according to automatic evaluation
Table41 shows the manual evaluation results of the two final submissions to the &sked
The manual evaluation results show that there was no statistically significant difference
between the first threEt Y En systems and first seven EnEt systems, meaning that both
tilde-c-nmt2bt systems were tied forf'place.

Table40: Automatic evaluation resultsf the submitted systemgilde-c-nmt2bt andtilde-c-
nmt1bt) at the WMTB shaed news translation task, only considering constrained systems

BLEU
Score Rank
EstonianY English 28.0 7 of 23
EnglishY Estonian 23.6 30f 18
FinnishY English 23.0 5 of 17
EnglishY Finnish 16.9 5 of 18

System
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Table41: Automatic (BLEU) and human ranking tife submitted systemdilde-c-nmt2bt) at

the WMTI18 shared news translation task, only considering primary constrained systems.
Human rankings are shown by clusters according to Wilcoxon sigimédtest at pevel
p<=0.05,

Rank

System Human
BLEU Cluster Ave %
Estoni an 7 of 23 1-70f 9 30f9
English Y 4o0f9 1-30f 9 30f9

5.3.6 Conclusions

This sectionintroduced several types of problematic sentences that can be found in large
text corpora and a set of filters that help to remove them in tydein higher quality neural
machine translation models using the remaining clean part of the corpora. Results show that in
cases where the majority of given parallel corpora are very noisy and there is a small fraction
of high-quality corpora, cleaningpoosts NMT performance. This is especially evident for
translation into morphologically rich languages like Estonian and Latvian.

In this section we mainly focused on cleaning parallel corpora, but the toolkit is also
capable of cleaning monolingual corp separately. In the MT system training workflow,
cleaning monolingual data is useful before performing tieakslation of an idomain corpus,
so that only fitered sentences get translated.
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6. CONCLUSIONS

The research conducted in this theaismlysesa variety of methods for combining
multiple machine translation systems. Tasearclis mostly dedicated to combining statistical
and neural machine translation methods in theoretical and practical implemeniatédss
includes atheoreticaloverview d system combinations of ruleased and other less popular
machine translation paradigms. A majority of this resemrébcused on translatioimom and
into Latvian, severaladditional experimestareperformedwith other morphologicallyich
languages,&h as Czech, Estonian, Finni§ermanand Russian

The author of this thesis carried out the majority of research and develofomére
described systems armbntinuesto adwance their further evolution. MTranslations were
evaluated using automatieetrics. For most of them, medium or srredhle manual evaluation
was also performed. The four main results of the thesis are:

a method for hybrid MT combinatiamsingchunking and neural language models;
a method for hybrid NMT combinatiamsingneural retwork attention alignments;

a method for multpass incremental training for NMT;

= =A =4 =

graphical tools for overviewing and debugging the processes.

The work conducted in this thesis is a substarbaltributionto the field of machine
translation on a natiohand international level:

1) the authorodés initial idea of employing an
proven to be useful even after the paradigm shift from SMT to NMT;

2) among noteworthgontributiors of this work are alseeverahighestquality MT systems
(Estonianz Russian and Estonian English) along with details and required tools for
reproducibility;

3) the tool for NMT outputcomprehensiorusing attention alignments not only clearly
displays the relation between the source text and the translation, but aksdinst thnd
only tool that allows the user quickly locate worse example translations to better
understand shortcomings of the MT system in question.

The method for hybrid MT combination via chunking and neural language models has
proven to outperform indidual similarquality systems inmachinetranslaton of texts with
very long sentencesl’he method demonstratgmod performance when working with SMT
output, while for N\MT output and shorter sentendd® chunking method had little to poor
influence.Nevetheless, even without chunking part, it is still often very useful to rescore NMT
output or choose the best translation using a neural LM.

The hybrid combination method for NMT via neural network attention alignments
complies with the emerging technologfyneural networtMT. It helps distinguish low quality
resulting translations frorhigh-quality ones without any references and use them in a hybrid
combination setupAside from using the method for combining MT output, it has been
employed in several Muality estimation research papehge(et al., 2018)Yankovskayaet
al., 2018).
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The hybrid method of mulpass incremental training for NMT allowed be between

the top3 best systems in the annual news translation competition when translating into a
morphologicallyrich and lowresourced language Estonian.Since the difference in human
evaluation between the tpsystems was not statistically significant (while it was statistically
significant when compared to all other systems), both systems cam&idered as the current
stateof-the-art for Estoniarz English MT.The method has also proven to be competitive for
systems translating into Finnish, Latvian and other complex langaadesis anticipated that

it will be wi de My sharedaadk far mewd translationy e ar 6 s W

The developed graphical tools heip inspecthow translationsare composedrom
component systemsnd overviewresults of generated translatioioslocate better or worse
results quickly Aside from being useful faesearchers to help them understand how systems
produced specific output, these tools can also help people using public online MT systems, by
outlining correlationbetweensourceand translation wordsThe NMT visualization and
debugging tool is used toaeh students in Charles University, the University of Tartu and in
the University of Zurich. It is also currently the most cited publication of the author and has
received the modtars(27) andforks (12) on GitHub, indicating that it is appreciated hg t
research community.

Since in most casesvhen evaluating the three main hybrid methodshunking;
attentionbased; and mulpass, the author observed improvementautomatic and human
evaluatiorof the translationghe hypothesis proposetthe ttesis, i.e., it is possible to achieve
higher quality translations for the Baltic langualgggombining output from multiple different
MT systems than produced by each component system individaaltlybe considered as
proven
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