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Abstract

In this thesis, three possible aspects of using linguis&c (morpho-syntactic) knowledge
for statistical machine translation are described: thattnent of syntactic differences between
source and target language using souros fags, statistical machine translation with a small
amount of bilingual training data, and automatic error gsialof translation output.

Reorderings in the source language based on t®t&ys are systematically investigated:
local reorderings of nouns and adjectives for the Spanispli&h language pair and long-range
reorderings of verbs for the German—English language Both types of reorderings result
in better performance of the translation system, localdexng being more important for the
scarce training corpora.

For such corpora, strategies for achieving an acceptadsiation quality by applying ap-
propriate morpho-syntactic transformations are explofte three language pairs: Spanish—
English, German—English and Serbian—English. Very sctasle-specific corpora as well as
conventional dictionaries are used as bilingual trainiregemal. In addition to conventional
dictionaries, the use of phrasal lexica is proposed andstigagted.

A framework for automatic analysis and classification otiaterrors in translation output
based on combining existing automatic evaluation measutbdinguistic information is pre-
sented. Experiments on different types of corpora and varianguage pairs show that the
results of automatic error analysis correlate very welhvlie results of human evaluation. The
new metrics based on analysed error categories are useshipacison of different translation
systems trained on various sizes of texts with and withoupimo-syntactic transformations.

For improving the quality of a statistical machine transhatsystem by the use of morpho-
syntactic information, the choice of the method and theiB@ance of improvements strongly
depend on the language pair, the translation directionfanddture of the corpus. Error analysis
of the translation output is important in order to define wealknts of the system and apply
methods for improvement in the optimal way.



Zusammenfassung

In dieser Arbeit werden drei Aspekte der Verwendung linisgien (morpho-syntaktischen)
Wissens in der statistischen Ubersetzung dargestellaBiihng der syntaktischen Unterschie-
de zwischen Quellsprache und Zielsprache unter Zuhilfeeaion R s-Informationen, statis-
tische Ubersetzung bei geringen Mengen an Trainingdatéautomatische Fehleranalyse von
Ubersetzungsergebnissen.

Umordnungen in der Quellsprache basierend aabk-Pformation werden systematisch
untersucht: lokale Umordnungen von Nomen und Adjektivend@is Sprachpaar Spanisch-
Englisch sowie weitraumige Umordnungen von Verben fur das&paar Deutsch-Englisch.
Beide Typen von Umordnungen fiihren zu verbesserter Ulzensgsqualitat; die lokalen Um-
ordnungen stellen sich als besonderes hilfreich fiir dieré#izung bei geringen Mengen an
bilingualen Trainingdaten heraus.

Fur solche Ubersetzungsysteme, wo nur geringe Mengermbdier Trainingsdaten verflig-
bar sind, werden morpho-syntaktische Transformationérhael Eignung untersucht, um eine
akzeptable Ubersetzungsqualitat zu erreichen. SystechatiExperimenten werden auf drei
verschieden Sprachpaaren durchgefihrt: Spanisch-EhgiBeutsch-Englisch und Serbisch-
Englisch. Sehr kleinvolumige aufgabebezogene Daten,es@&onventionelle Worterbicher,
werden als bilinguales Trainingsmaterial benutzt. Nelbemm\Wo6rterbiicher werden auch phra-
sale Lexika vorgeschlagen und untersucht.

Es wird ein Rahmenwerk fur die automatische Analyse unddffiagerung von Fehlern ba-
sierend auf verbreiteten Fehlermassen und auf linguistisd/Vissen vorgestellt. Experimente
auf verschiedene Korpora und Sprachpaaren zeigen, daSséienisse der automatischen Feh-
leranalyse eine hohe Korelation mit den Ergebnissen méokeh Fehleranalyse aufweisen.
Die neu eingefihrten auf den analysierten Fehlerkategbeeuhenden Fehlerraten werden fur
einen Vergleich verschiedener Ubersetzungsysteme leMigse Systemen wurden zuvor auf
unterschiedlichen bilingualen Datenmengen trainientyadd mit als auch ohne Verwendung
morpho-syntaktischer Transformationen.

Die Wahl der Methoden der Verwendung linguistischen Wisaarnverbesserung eines sta-
tistischen Ubersetzungsystems hangt ebenso wie die K@mifder dadurch erreichten Verbes-
serungen sehr vom zugrundeliegenden Sprachpaar, derdiihergsrichtung und der Art des
Korpus ab. Fehleranalyse erweist sich als wichtig, um die&chen eines Ubersetzungssys-
tems zu entdecken und geeignete Methoden fir eine optinesbe¥serung zu entwickeln.



Contents

1 Introduction 1
1.1 Statistical machine translation and linguisticknalge . . . . . . . . ... .. 1
1.1.1 Posbasedwordreorderings . . . . . . . .. ... 2
1.1.2 Translation with scarce bilingual resources . . . . ...... . . ... 3
1.1.3 Automatic error analysis of translationoutput . . ...... ... ... 4
1.2 Relatedwork . . . . . . . . . 4
1.2.1 Morphological and syntactic transformations for SMT. . . . . . .. 4
1.2.1.1 Morphological transformations . . . . ... ... . ... .. 5
1.2.1.2 Bsbasedwordreorderings . . ... ............ 5
1.2.2 Translation with scarce bilingualresources . . .. ...... .. ... 6
1.2.3 Automatic error analysis of translationoutput . . . ..... ... ... 7
2 Scientific goals 9
3 Morpho-syntactic information 11
3.1 BaSICCONCEPLS . . . . o o ot e i e e e 21
3.2 Analysisandannotation. . . . . . . ... ... ... e 13
4 Pos-based word reorderings 15
4.1 Localreorderings . . . . . . . . 17
4.2 Long-rangereorderings . . . . . . ... e e e 17
4.3 Experimentalresults . . .. . .. .. .. ... .. .. e 23
4.4 ConClusIoNS . . . . . . . e 6 3
5 Translation with scarce bilingual resources 39
5.1 Bilingualcorpora . . . . . . . . . . . .. 39
5.1.1 Conventional dictionaries . . . . . ... .. .. ... .. ... .. 39
5.1.2 Phrasallexica . . . . . . .. . ... .. 41
5.1.3 Smalltask-specificcorpora. . . . . . . .. ... . ... .. .. .. 41
5.2 Morpho-syntactic transformations . . . . . . ... ... ... ... ... 42
5.3 Experimentalresults . . ... ... ... . . ... ... 43
5.4 Conclusions . . . . . .. 45
6 Automatic error analysis of translation output 55
6.1 Framework for automaticerroranalysis . . ... ................ bb
6.1.1 Standard word error rates (overview) ... ............... 56
6.1.2 Identification of VERerrors . . . . . . .. ... oo 57
6.1.3 Identificationof BRerrors. . . . . . . . ... ... .. ... 58

6.2 Methods for automatic error analysis and classification. . . . . ... ... 60



Contents

6.3 Experimentalresults . ... ... ... .. .. .........
6.3.1 Comparison with the results of human error analysis. . .. . . . . .
6.3.2 Comparison of translationsystems . . . . . ... .. ... . ...

6.4 An alternative approach to automatic error analysis

6.4.1 Word errorratesofeactoBclass . . . .. ... ... ...
6.4.2 Inflectionalerrors . . . . . . . . . ... ... . ... ...
6.4.3 Reorderingerrors . . . .. .. ... 00
6.4.4 Experimentalresults . .. ... .............
6.5 Conclusions . . . . . . . . . . ..

Scientific contributions
Future directions

Corpora

A.1 Spanish-Englishcorpora . . . . .. ... ... ... ......
A.2 German-Englishcorpora . . . ... ... ... ... .. ....
A.3 Serbian-Englishcorpora . . ... ... ... ... .......

Evaluation metrics

B.1 Standard evaluationmeasures . . . . . . . .. ... ... ...

B.2 Syntax-oriented evaluation measures . . . . .. ... ... ..
B.2.1 Evaluationset-up . . . . ... ... ... ... .. ...
B.22 Results . ... ... . ... ... .. .. .. . ...
B.23 Conclusions. . . . .. ... ... ...

B.3 Automatic error analysis (Chapter6) . . . . ... ... .. ...

Additional experimental results

C.1 Splitting German compoundwords . . . . . ... ... ... ..
C.2 Spanish—English: reorderings and scarce resources ....... . . . . . ...

Bibliography

85
85
85
86



List of Tables

4.1
4.2
4.3
4.4
4.5
4.6
4.7
4.8
4.9
4.10
411
412
4.13
4.14
4.15
4.16
4.17
4.18
4.19
4.20
421
4.22
4.23
4.24
4.25
4.26
4.27
4.28
4.29

5.1
5.2
5.3
5.4
5.5
5.6
5.7
5.8

Spanish—English: examples of local reorderings. . . . .. . ... ... ..
German-English: examples of long-range reorderings.. . . . . . . .. ..
German—-English: example of local word differences.

Spanish—English: percentage of reordered sentences. . C
Spanish-English: reordering constraints and&based reorderlngs C
Spanish-English: TC-SAR evaluation. . . . .. ... ...........
Spanish-English: local reorderings —results. . . . .. .. ... ... ...
Spanish-English: local reorderings — separated results. . . . . . . . . ..
Spanish-English: translationexamples. . . . . . . .. .. ... ... ...

English—Spanish: local reorderings —results. . . . . . ... ... ... ..

English-Spanish: local reorderings — separated results. . . . . . . . . ..

English-Spanish: translationexamples. . . . . . . ... ... ... ....

Spanish—-English:d®BLEU scores. . . . . . . .. ... .. ... ......
Spanish—English: separateddBLEU scores. . . . . . . . . . .. ... ...
Spanish-English: word graphs —results. . . . . . .. .. ... ... ...
English-Spanish: word graphs —results. . . . . . .. .. ... ... ...
German—English: percentage of reordered sentences. ... . . . . ... ..

German-English, BJROPARL: long-range reorderings —results. . . . . . . .
German-English, VERBMOBIL: long-range reorderings —results. . . . . . .

German-English: long-range reorderings — separated results fdPARL. .
German-English: long-range reorderings — separated results ERBKOBIL.

German-English, BEUROPARL: translation examples. . . . . . ... .. ...
English-German, DROPARL: long-range reorderings —results. . . . . . . .

English—~German, EIROPARL: long-range reorderings — separated results.

English-German, DROPARL: translation examples. . . . . . . .. ... ..
German—-English,l ROPARL: POSBLEU scores. . . . . . . .. .. .. ....
German—English,l ROPARL: separated ®sBLEU scores. . . . . . .. .. ..
German-English, BJROPARL: word graphs —results. . . . ... ... ...
English-German, ROPARL: word graphs —results. . . . . . ... . ...

Spanish-English: small bilingual corpora—results.. . . . . ... .. ...
Spanish-English: small bilingual corpora — translation example... ... . . .
English—Spanish: small bilingual corpora—results.. . . . . . ... . ...
Spanish-English: small bilingual corpora, word graphs —results. ..... . .
English—Spanish: small bilingual corpora, word graphs —results. . .. .. . .
Spanish-English: phrasal lexicon—results. . . . . .. .. ... ... ...

English—Spanish: phrasal lexicon—results. . . . . .. .. ... ... ...
German-English: small bilingual corpora—results. . . . .. .. ... ...



List of Tables

5.9

5.10
5.11
5.12
5.13
5.14
5.15
5.16
5.17

6.1
6.2
6.3
6.4
6.5
6.6
6.7
6.8
6.9
6.10
6.11
6.12
6.13
6.14
6.15
6.16
6.17
6.18
6.19
6.20
6.21
6.22
6.23
6.24
6.25

Al
A.2
A.3
A4

B.1
B.2
B.3
B.4
B.5

English—German: small bilingual corpora—results. . . . .. ... .. ... 49

German-English: small bilingual corpora, word graphs —results. ..... . .

English-~German: small bilingual corpora, word graphs — results.

German-English: phrasal lexicon—results. . . . . . .. ... ... ....
English-German: phrasal lexicon—results. . . . . .. .. .. ... ....
Serbian~English: small bilingual corpora—results. . . . . . ... ... ..
Serbian-English: small bilingual corpora — translation examples. ... . . .
English—~Serbian: small bilingual corpora—results. . . . . . .. ... ...
Serbian—English: small bilingual corpora — exteraatset. . . . . . . . . ..

Example: reference and hypothesis sentence.

Example: VERerrors. . . . . . . . .
Example: V¥R errors with base forms andBtags. . . .. ... ... . ..
Example: BRerIrors. . . . . . . . .
Example: BR errors with base forms and®tags. . . . . . . . ... .. ..
Examples of two variants of human error analysis. . . . ...... . . ... ..
GALE corpora: human and automatic error analysis. . . . . . . . . . ...
GALE corpora: human and automatic error analysis oes fags. . . . . . .
GALE corpora: correlation coefficients. . . . . .. ... .. ... ... ..
TC-SAR corpora: human and automatic error analysis. . . . . .. ...
TC-SAR corpora: human and automatic error analysis of inflections. . . .
TC-SAR corpora: correlation coefficients. . . . . .. ... .. ... ...
New errorrates. . . . . . . . . . . . e e e
Spanish—English: different versions of one transtegiystem. . . . . . . ..
Spanish—English: more details about reordering. . . . . . . ... ... ..
German-English: different versions of one transfesigstem. . . . . . . ..
German-English: more details about reordering. . . . . . . . . ... ...
Serbian—-English: different versions of one transtesiystem. . . . . . . ..
Serbian—English: more details about missingwords. . . . . . . ... ...

Spanish—English: different translation systems.

Spanish—English: different translation systems +edaeb>errors ........
English-Spanish: different translation systems — inflectionalrstro . . . . .
Example: references and hypotheses foreadchkss. . . .. .. .. ...
Spanish—English: reordering errors as relativerdiffees. . . . . . . . . ..
German—-English: reordering errors as relative diffees. . . . . . . . . ..

Corpus statistics for the Spanish-English Tex&task. . . . . .. ... ..
Corpus statistics for the German—EnglisbROPARL task. . . . . . . . . ..
Corpus statistics for the German—-EngliseRB8moBIL task. . . . . . . . ..
Corpus statistics for the Serbian—Englishtask. . . . ...... .. .. ... ..

Test data for the shared task 2006. . . . . . .. .. ... ... . .« ....
Test data for the shared task 2007. . . . . . .. .. ... ... . ... ..
Mean and median Spearman correlations for the 2006 data.. . . . . . . .
Mean and median Spearman correlations for the 2007 data.. . . . . . . .
Percentage of documents where a new measure is bettea gtandard one. . .



List of Tables

C.1 German-English: percentage of transformed sentences.. . . . . . . . .. 97
C.2 German~English: splitting compound words —results. . . . . . . ... ... 98
C.3 German~English: splitting compound words — separated results. .. .. . . . 98
C.4 Germanm-English: SBLEU scores. . . . . . . . . .. ... ..., 98
C.5 German-English: separatedd®BLEU scores. . . . . .. .. ... .. .... 99
C.6 Spanish—English: percentage of reordered sentences. ... . . . ... ... 99
C.7 Spanish-English: local reorderings —results. . . . . . .. ... ... .. .. Q9
C.8 Spanish-English: local reorderings — separated results.. . . . . . ... . 100
C.9 English-Spanish: local reorderings—results. . . . . . .. ... ... ... 100
C.10 English—Spanish: local reorderings — separated results.. . . . . .. . .. 100
C.11 Spanish—-English:d®BLEU scores. . . . . . . . . .. .. ... ... ... .. 100
C.12 Spanish—-English: separateddBLEU scores. . . . . . . . . . . . ... .. .. 101
C.13 Spanishk-English: word graphs —results. . . . . . ... ... .. ... .... 101
C.14 English—Spanish: word graphs —results. . . . . . . . .. .. ... ... ... 101
C.15 Spanish-English: small bilingual corpora—results.. . . . . . ... . ... 102
C.16 English—Spanish: small bilingual corpora—results.. . . . . ... .. ..... 103
C.17 Spanish-English: small bilingual corpora, word graphs —results. ..... . . 103
C.18 English—Spanish: small bilingual corpora, word graphs —results. . .... . . 104
C.19 Spanishk-English: phrasal lexicon—results. . . . . . ... ... ... .... 041
C.20 English—Spanish: phrasal lexicon—results. . . . . .. ... ... ... ... 051



List of Tables

Vi



List of Figures

4.1
4.2
4.3
4.4
4.5

5.1

6.1
6.2
6.3
6.4

Training and translation withd®-based reorderings. . . . . . . ... ... .. 15
Translation of a word graph witho®-based reorderings. . . . . . ... .. .. 16
Spanish: example of a word graph with local reorderings.. . . . . . .. .. 18
German: example of a word graph with long-range reandsri. . . . . . . . . 22
German: examples of word graphs with local and longeaegrderings. . . . 22
Training and translation with scarce bilingualresesrc . . . . . . .. .. .. 40
Automatic error analysis — general procedure. . . ... ... ....... 56
Automatic error analysis — an alternative approach. . .. ... ...... 76
Spanish—English: inflectional errors as relative déffiees. . . . . . . . .. .. 78
German-English: inflectional errors as relative ddferes. . . . . . .. .. .. 79

Vil



List of Figures

viii



1 Introduction

The statistical approach to machine translation has redeavgrowing interest over the last
decade, and different concepts and algorithms have beestigated. The use of linguistic
(usually morpho-syntactic) information can improve thalgy of a statistical machine trans-
lation (SMT) system. The significance of the obtained improents depends on the language
pair, the translation direction and the nature of the carguserror analysis of the generated
output is important in order to choose appropriate methicglsidentification of the main error
sources and possibilities to overcome these problems.

The goal of this work is to systematically investigate thespects of the use of linguistic
information for statistical machine translation:

* “harmonising” syntactic (word order) differences betwdwo languages using part-of-
speech (Bs) information;

* building SMT systems with scarce bilingual training data;

» automatic analysis and classification of errors in thedligtion output.

The languages investigated in this thesis are Spanish, &gr8erbian and English. The
proposed methods are language group-specific: for exatma@enethods appropriate for the
tasks involving the Spanish language can be extended to Bthrean languages like French,
Italian, etc., and the methods for Serbian could be extendexther Slavic languages like
Czech, Slovenian, etc. Treatment of German verbs could dmestully applied to Dutch, and
splitting compound words can be extended to other languagk<ompositional morphology,
such as Dutch and Finnish.

1.1 Statistical machine translation and linguistic knowle dge

The goal of machine translation is the automatic trangtatiba source language sentence
ff = f1...fj... f; into a target language senteréle: €...6.... The statistical approach
to machine translation is defined as a decision problem:ngavsource sequend@, the opti-
mal translation is the target seque@ewhich maximises the posterior probabiliﬂr(e‘ﬂ ff).
According to Bayes’ rule, this posterior probability candieided into two probabilities: the
target language model probabili®r(€}) and the translation model probabiliﬁy(ff|e'1). The
translation model probability describes the correspoodeietween the words in the source
and the target sequence. These correspondences are eedgrialignments which assign tar-
get word positions to each source word position. The languagdel probability describes the
word order of the target language. These two probabilitteslwe modelled independently of
each other.
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Many state-of-the-art 81 systems are based on an alternative approach: the posieyinr
ability is directly modelled as a log-linear combination different models [Och & Ney 02,
Och & Ney 04]. This approach allows the integration of manfjedent sub-models whose
weights can be directly optimised with respect to some etedn criterion. The noisy channel
model described previously can be interpreted as a speasal af the log-linear model. Most
state-of-the-art systems are based on phrase pairs [Zersh& @]. These phrases are simply
sequences of words and not necessarily phrases in thedtigsense.

The main advantage of the statistical approach to machansltion is that it is able to learn
from data automatically, and therefore it can easily be sthfp new domains and language
pairs. However, additional knowledge sources can helpa@ase the quality of the translation.
In this thesis we investigate three possibilities to usatemtl linguistic knowledge within the
statistical framework.

1.1.1 Pos-based word reorderings

The difference in word order between languages is one of thi@ ehfficulties a machine
translation (MT) system has to deal with. These can range simall differences in word order
(as in the case between most European languages) to a celypliffierent sentence structure
(e.g. in the case of translation from Chinese into English).

Two basic approaches are used to overcome the reorderimdeprdor the phrase-based
approach to 8T. One is to allow reorderings at the word level and then allbe $ys-
tem to decide which word order fits best with the translatioodel. Normally this is im-
plemented by building a word graph and then allowing a “monet translation along this
word graph [Zens & Och 02]. Because allowing all the possible reorderings in@edhe
complexity of the machine translation process expondnt{@nd in fact makes the trans-
lation problem NP-complete [Knight 99]), usually so-cdlleeordering constraints are used.
The most widely used are thesm [Berger & Brown™ 96] and the local reordering con-
straints [Kanthak & Vilar 05] which are more succesful for languages with a similardvor
order.

Another possibility is to allow the phrase-based systemkip some parts of the source
sentence and delay its translation to a later point in theckgarocess. How many words to
skip at each step and which costs to assign to such reordeairegusually dependent on the
phrase model. Thus, although it would be possible to reptébese reorderings in form of a
graph, as with the previous reorderings, the process isaltyrmtegrated directly in the search
procedure. This approach allows for longer range reordsrand is therefore normally used
for languages with larger differences in sentence stractur

Both of these approaches, however, have a common problamelynahey allow for “too
many” reorderings, i.e. they have relatively loose restis. This has two immediate conse-
guences: on the one hand, the large number of permitteder@ogd increases the complexity
of the search process. On the other hand, the greater libedigoosing the word order to
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translate can accentuate the modelling errors of the ol system usetl. Therefore, the
reordering constraints and the reordering parameters lpeustrefully tuned.

Additional linguistic knowledge can help to overcome thdgéculties. If the differences
between the word order of the involved languages are knowrgam instruct the system how
to deal with them. An example of translation from Spanislo iBhglish can help to clarify
this point. In the Spanish language most adjectives (afthawot all) are placed after the cor-
responding noun, whereas in English the opposite is true caie therefore, define rules for
moving the adjectives in the Spanish source sentence teguie¢be corresponding noun before
the translation process. In this thesis we explore how téogdmguistic knowledge about the
word order for improving the MT quality usingd® information. We focus on two European
language pairs, Spanish—English, where short-rangel)lacad reorderings are needed, and
German-English, where long-range word reorderings caouosdf.

1.1.2 Translation with scarce bilingual resources

One of the main characteristics of the statistical appréachachine translation is its ability
to automatically learn from training examples. In order toldba system for a language pair
just a set of bilingual parallel sentences is needed. Hoxyvevieile being one of the main
advantages of this approach, it is at the same time one afatslzhcks. The translation quality
largely depends on the size of the available training datshofigh for many language pairs
a high amount of parallel data is availaBlér the vast majority of language pairs only small
amounts of data is available. This is especially true foramtg languages or languages in
danger of extinction. Furthermore, the production of higlality bilingual corpora is still a
time-consuming and expensive task.

In this thesis we will investigate systematically the imipafccorpus size on translation qual-
ity for three European language pairs. We will also consiuev to effectively use standard
(“word-based”) dictionaries as the only bilingual dataikalze or to increase the quality of a
translation system when only a very limited amount of biliabtext is available.

Additionally, one of the main problems of the statisticgbegach is that it is only able to learn
translations of words as whole units, i.e. no generalisdto different forms of the same base
word can be learnt with state-of-the-art approaches. Famgie, if the system has only seen a
limited amount of verb forms (for richly inflected languayyeswill not be able to generalise to
new verb forms not seen in the training data. This limitatgoaspecially important in the case
of scarce training resources.

In this work we will show how to use additional linguistic kmiedge about the morphology
of words to overcome this limitation. This approach will blegoeat advantage for situations
when only a very limited amount of training data is available

11t should not be forgotten that we are dealing witlodelsof the probability distributions, not with the “true”
probability distributions themselves. As such, many minglassumptions are made, most of them highly
approximative or even incorrect.

2For example between some European languages in the forre pftiteedings of the European parliament, or
for the translation from Chinese or Arabic into English, dugreater attention on these pairs in recent projects
such as TC-8AR, GALE, etc.



1 Introduction

1.1.3 Automatic error analysis of translation output

The evaluation of MT output is an important task, yet at theeséime a difficult problem for
progress on the field to be made. Because there is no unicgreme€ translation for a text (like
for example in speech recognition), automatic measureBarkto define. Human evaluation,
while of course providing (at least in principle) the modiadele judgements, is costly and time-
consuming. A great deal of effort has been spent on findingsarea that correlate well with
human judgements when determining which one of a set oflamis systems is the best (be it
different versions of the same system in the developmerggbea set of “competing” systems
as, for example, in a machine translation evaluation).

However, most of the work has been focused just on “bestfivdexisions, i.e. finding a
ranking between different machine translation systemghobigh being useful information and
helping in the continuous improvement of machine transhaiystems, MT researchers often
would find it helpful to have additional information abouéthsystems. What are the strengths
of their systems? Where do they make errors? Does a particudification improve some
aspect of the system, although perhaps it does not impr@vevérall score in terms of one
of the standard measures? Hardly any systematic work hasdmee in this direction and
developers must resort to looking into the translation ot#jin order to obtain an insight into
the actual problems of their systems.

In this thesis we propose a framework for automatic errolyassof MT output. We extend
the standard evaluation measures by the use of linguistwlatge to show which kind of
errors an MT system produces and present methods in ordadtthi problematic sections of
the produced translations.

1.2 Related work

1.2.1 Morphological and syntactic transformations for SMT

There are many publications dealing with various types afghological and syntactic anal-
ysis, such as ®s-tagging [Ratnaparkhi 96, Brants 00, Toutanova & Manning @&covering
of morphemes [Goldsmith 01, Creutz & Lagus 02], etc. Morglgotactic analysis has also
been used to improve the quality of speech recognition Bystéor example treatment of Ger-
man compound words in [Larson & Willett00, Larson 01] and splitting Finnish words into
morphemes in [Siivola & Hirsiméaki 03].

Using this type of information in SMT systems was proposectaaly in the begin-
ning by [Brown & Cocke 90, Brown & Della Pietra 92] for the French—English language
pair, but applied and tested about one decade later on thenaBeE&nglish language
pair [Niel3en & Ney 00, Niel3en 02]. In the last five years theaeehbeen a number of pub-
lications dealing with morphological and syntactic anedyand its applications to SMT which
will be described in the next subsections.

Improving alignment models by different types of morphotsictic knowledge has been also
investigated in recent years, e.g. [Toutanova & Ih@2, de Gispert & Gupta06]. However,
the relation between the improvement of alignment erra ({AER) and the translation quality
is still not clear (see for example [Fraser & Marcu 06, VilaP&povtt 06]).



1.2 Related work

1.2.1.1 Morphological transformations

The first work which reports improvements in the performaot@an SMT system using
morphological transformations is [Niel3en & Ney 00]. Thepmose various methods for the
German—English language pair: splitting German compouadisy disambiguation of am-
biguous words with Bstags, merging multi-word phrases and treatment of unseet fooms.
Further work on the same language pair [Nief3en & Ney Olbdduces a hierarchical lexicon
model for the translation from German into English; the Gammart of the corpus is enriched
with the corresponding base forms and sequences of rel@zsitags. Splitting of German
compounds is also dealt with in [Koehn & Knight 03]. ContréamyjNiel3en & Ney 00], they do
not use any morphological analyser, but propose severplisdrased methods.

The problem of rich inflectional morphology of Spanish verbs adressed
in [Ueffing & Ney 03]. They merge English words which correedoto one Spanish
verb with the use of English &5 tags. Inflections of Spanish verbs are also treated
in [de Gispert & Marifio' 05]. They propose classification and generalisation of Bpaand
English verbs based onoR tags and base forms, where each verb form or verb group is
replaced by the base form of the main verb.

Morphological analysis of the Arabic language is invedtgain [Lee 04]. Word
segmentation into prefix, stem and suffix is applied for fti@e into English.
[Goldwater & McClosky 05] addresses rich inflectional marjdgy of the Czech language for
translation into English.

Although morphological transformations are not in the ®at this thesis, some transfor-
mations will be investigated for cases of scarce trainingpa@ such as optimal use of base
forms.

1.2.1.2 Pos-based word reorderings

Many publications deal with the word reordering problent,dnly few of them make use of
linguistic knowledge about the sentence structure. Thékmeln IBM reordering constraints
for search initially proposed for the word level [Berger &Bm™ 96] are based on a coverage
vector which marks already translated source positionsaah position, only the firg¢ still
uncovered positions can be translated. The tonstraints [Wu 97] are inspired by bilingual
bracketing; the sentence is reordered by combining wortheats, and at each step two adja-
cent segments are merged either in the original or in indestder. Two reordering techniques
for search, inversesiM constraints and local reorderings within windowkgjositions, are pro-
posed in [Kanthak & Vilat 05]. Additionally, they also introduce reordering in trimig based
on monotonisation of the word alignment. Still, they do ne¢ any linguistic knowledge.

Using morpho-syntactic information for local word reorider transformations for the
French—English language pair was suggested already iwjB&Della Pietra 92]. Unfor-
tunately, they did not report any experimental results warghg the effect of the reordering on
the translation quality. The first application of morpha¥sgctic information for word reorder-
ing in SMT is reported in [Nie3en & Ney 01a] for the German—Esigpair. Two reordering
transformations are proposed: prepending German verlxesdf the main verb and inversion
of interrogative sentences using syntactic informationother method for harmonising word
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order between the same language pair has been proposedling@oKoehn™ 05]. They use
a German parse tree for moving German verb prefixes, infastidegative particles and finite
verbs towards the beginning of the clause. A similar metbagplied in [Wang & Collins 07]
on the Chinese—English language pair but for reorderindhcdiges instead of words. All these
publications apply reordering transformations as a prgssing step.

In the last two years several publications addressed tHaeuroof local reorderings for the
Spanish—English language pair. In [Lee & Ge 06] reorderulgs are acquired from a word-
aligned parallel corpus usingoR tags of the source part and then applied as a preprocessing
step. A similar method for extracting local reordering pats for both translation directions is
explored in [Crego & de Gispert06] and [Crego & Marifio 06]. The obtained patterns are then
used for the creation of word graphs which contain all pdeghths. A similar approach for the
Chinese—English language pair is presented in [Zhang & Z6i$, but shallow parsing chunks
for phrase reordering are used instead oSRags for word reordering. Extracting rules from
word alignments and source languagesRags is also presented in [Rottmann & Vogel 07]
for the Spanish—English and German—English language plaése rules are then used for the
creation of word graphs, but the graphs are extended witivéiné or Fos tag context in which
a reordering pattern is seen in the training data.

Some more publications have dealt with this issue: ste#istnachine reordering for the
Spanish—English language pair where the reordering ruéeexracted from word alignments
along with automatically learnt word classes is proposg€osta-jussa & Fonollosa 06]. For
the same language pair, [Kirchhoff & Yah@6] propose reordering of nouns and adjectives as
a postprocessing step for the English output.

This thesis investigatesd®-based word reorderings of the source language for two Eggu
pairs and four translation directions: Spanish—English@arman—English. A word alignment
of the corpus is not needed, the only necessary additionmtsdeing Bs information. A
parse tree or some other type of detailed information abyntiag is not necessary. For the
German—English language pair two novel reorderings arednted which are important, but
have not been tested in previous work, namely reorderingsif participles and specific infini-
tive groups. In addition, reorderings for translation iterman are proposed. Both variants for
applying reorderings on the test corpus are investigatdd:trased reordering before training
and translation as well as creation of a graph containingaasible paths with constraints.

1.2.2 Translation with scarce bilingual resources

Strategies for exploiting limited amounts of bilingual @are receiving more and more at-
tention. In the last five years various publications havdtdeith the issue of sparse bilingual
corpora.

The use of conventional dictionaries to augment or replacaliel corpora has already been
examined by [Brown & Della Pietra93]. In [NieRen & Ney 04] and [Vogel & Monson 04]
conventional dictionaries were augmented with additionatphological variations.

[Al-Onaizan & Germann 00] report an experiment of Tetun—English translation wath
small parallel corpus, although this work is not focusedtangtatistical approach. The trans-
lation experiment is done by different groups including aiseng SMT. They found that the
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human mind is very capable of deriving dependencies suchasshuology, cognates, proper
names, etc. and that this capability is the crucial reasothf®better results produced by hu-
mans compared to corpus-based machine translation. Ifgarosees a particular word or
phrase one thousand times during the training, it is momyliko learn a correct translation
than if it sees it ten times, or never. Because of this, siedistranslation techniques are less
likely to work well when only a small amount of data is given.

[Callison-Burch & Osborne 03] propose a co-training metfi@mdSMT using the multilin-
gual European Parliament corpus. Multiple translation el®drained on different language
pairs are used to produce new sentence pairs. They are tded #mlthe original corpus and
all translation models are retrained. The best improveseete achieved after two or three
training rounds.

In [Niel3en & Ney 04] the impact of the size of training corpos 8MT from German into
English is investigated, and the use of a conventionalahetiy and morpho-syntactic informa-
tion for improving the performance is proposed. They uses#uypes of word reorderings
as well as a hierarchical lexicon based omsRags and base forms of the German language.
They report results for training on the full corpus of abautysthousand sentences, on a small
part of the corpus containing five thousand sentences ankeoconventional dictionary only.
Morpho-syntactic information yields significant improvents in all cases and an acceptable
translation quality is also obtained with the very smallprcs.

This thesis will systematically investigate various task®lving three distinct language pairs
and appropriate morpho-syntactic information. Besidesi$e of conventional dictionaries, the
use of a phrasal lexicon as an additional knowledge sourtéevexplored.

1.2.3 Automatic error analysis of translation output

A variety of automatic evaluation measures have been pemp@sd studied over the
last years, some of which have been shown to be very usefid foo comparing differ-
ent systems as well as for evaluating improvements withia system. The most widely
used are Word Error Rate (¥®), Position-independent word Error Ratee(, the BLEU
score [Papineni & Roukds02] and the NsT score [Doddington 02]. A General Text Matcher
(GMT) approach for measuring similarity between texts dase precision, recall and F-
measure is proposed and described in [Melamed & Gré&3) Turian & Sheri 03]. Re-
cently, the Translation Edit Rate €R) [Snover & Dorr" 06] is receiving more and more at-
tention. It is based on the edit distance €& but with an additional cost for shifts of
word sequences. [Leusch & Ueffind5] investigate preprocessing and normalisation meth-
ods for improving the evaluation using the standard measwer, PER, BLEU and NST.
The same set of measures is examined in [Matusov & LeuUS&h in combination with
automatic sentence segmentation in order to enable ei@iuat translation output with-
out sentence boundaries (e.g. translation of speech régiwrgoutput). An extended ver-
sion of BLEU which usesn-grams weighted according to their frequency estimatedfro
a monolingual corpus is proposed in [Babych & Hartley 04]. eTdutomatic metric M-
TEOR [Banerjee & Lavie 05] uses stems and synonyms of the wordds fieasure counts
the number of exact word matches between the output and tbemee. In a second step,
unmatched words are converted into stems or synonyms anchthiched. The CER mea-
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sure [Leusch & Ueffing 06] is based on edit distance, such as the well-knowerRWbut al-
lows reordering of blocks. Evaluation based on sentenaetsire instead of strings is proposed
in [Liu & Gildea 05] and [Owczarzak & van Genabitl07] — the first approach uses syntactic
features for evaluation, and the other is based on the depepdstructure of the sentences.
IQMT [Giménez & Amigo 06] is a framework for automatic evaluationwhich evaluation
metrics can be combined. Nevertheless, none of these nesasuextensions takes into ac-
count linguistic knowledge about actual translation exyfor example what is the contribution
of verbs in the overall error rate, how many full forms are mgavhereas their base forms are
correct, etc. [Vilar & Xu™ 06] proposed a framework for human error analysis and etasr ¢
sification based on the method presented in [Llitjos & Cadblon05], and a detailed analysis
of the obtained results has been carried out. However, hwaman analysis, like any human
evaluation, is a time-consuming task.

Whereas the use of linguistic knowledge for improving thefqgrenance of an SMT system
is investigated in many publications for various languagiesp its use for the analysis of trans-
lation errors is still a rather unexplored area.

In this thesis, a framework for automatic error analysisblasn the two standard error rates
WER and FER in combination with linguistic knowledge is defined, andadletd and systematic
research is performed on various tasks and language pairs.
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As discussed in the previous chapter, the main objectivds®thesis are the following aspects
of using morphological and syntactic information for SMTdifferent language pairs:

* treatment of syntactic differences between languagegus tags,

» systematic investigation of the trade-off between the sizthe bilingual training corpus
and the translation quality,

e automatic error analysis of the translation output.

Those aspects, as well as the applied methods described ihéisis are not at all indepen-
dent. Rather, they intersect and complement each other.

Word reorderings based on P 0s tags

Although statistical alignment models capture the diffiees in word order between two
languages, and non-monotonic search strategies are ablanttie these differences in the
translation process, word order is still one of the main sesirof errors in SMT. There-
fore it is promising to examine transformations which aim‘f@rmonising” the word or-
der in corresponding sentences on the basis of some lingkisbwledge about the sen-
tence structure. The most used approach is the extractioaoodlering rules using Viterbi
word alignment in combination withds tag or chunk sequences [Costa-jussa & Fonollosa 06,
Crego & Marifio 06, Rottmann & Vogel 07, Zhang & Zen67]. The rules are then used on the
test corpus to create word graphs. Some publications peopogactic analysis for reordering
as a preprocessing step for training and translation [MigBRey 01a, Collins & Koehn 05,
Wang & Collins™ 07]. None of these publications investigates word graphs.

This thesis will investigate the word reorderings baseg onlPos information in the source
language. A word alignment between the source and targpbrs not needed, nor is a deep
syntactic analysis of either language. Reordering rulespplied on the test set in both ways:
fixed reordering as a preprocessing step, and creation ofé gvaph containing the original
path and all possible paths produced by reorderings. Thie wéocused on two language pairs
and two types of reorderings: local reorderings of nounsaaljekctives for the Spanish—English
language pair, and long—range reorderings of verbs for #grex@n—English language pair.

Translation with scarce bilingual resources
One of the objectives of this thesis is to achieve an acceptedmslation quality with very

scarce amounts of bilingual training data. Acquisition d&i@e bilingual parallel text for the
desired domain and language pair is a costly and time—cangui@sk. For some language
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pairs this is very hard or almost impossible. Therefore nmactranslation with small amounts
of bilingual data are receiving more and more attention anliterature. However, the use of
linguistic information as an additional knowledge source d statistical machine translation
system is hardly investigated. In [Nie3en & Ney 04] severathrods for translation from the
German language into English are presented.

In this work, translation with a small amount of bilinguatad#or three distinct language pairs
and different domains will be systematically investigatédanslation with small task-specific
corpora will be examined, as well as translation with a cate@al dictionary. Conventional
dictionaries will be used in two ways: as the only availabilengual corpus, and as addi-
tional training material for a small task-specific corpus.atdition to the use of conventional
dictionaries, the use of phrasal lexica will be examinedr ¢ach language pair, appropriate
morpho-syntactic transformations including$based word reorderings will be examined in
order to improve the translation perfomance.

Automatic error analysis of translation output

The main drawback of the widely-used standard automatiluatian measures is the lack
of information about the nature of actual translation exrodn the other hand, human error
analysis and classification is, as human evaluation, aycastl time—consuming task. Therefore
it is promising to investigate methods for the automatidysis and classification of errors in
translation output. To the best of our knowledge, this arsa ot been addressed yet in the
literature.

One of the goals of this thesis is to set up a framework fonamabf translation errors based
on automatic evaluation measures. The results of the pedjpastomatic error analysis will be
compared with the results of human error analysis. New o®tglated to particular types of
translation errors will be defined in order to compare défgrtranslation systems, i.e. to see
how the new metrics reflect the effects of the applied morpyrdactic transformations as well
as of different sizes of the training corpora.

10



3 Morpho-syntactic information

Morphology is a subdiscipline of linguistics which studibe structure of words, whereas syn-
tax is primarily concerned with the structure of sentencesthe word order and agreement in
the relationship between words. The part of morphology thaers the relationship between
syntax and morphology is called morphosyntax. Morpho-astnt information can be used as
additional knowledge in SMT systems in order to overcomepitodlems caused by the mor-
phological and syntactic differences between two langsiagpart from this, morpho-syntactic
knowledge in combination with automatic error measuresgige a better overview of the
nature of actual translation errors.

Morphological differences: When translating a more inflected language into Englishobne
the problems is a low coverage of the probabilistic lexicimce existing 8T systems usually
regard only full forms of words, the translation of full fosnwhich were not seen in the training
corpus is not possible even if the base form or stem of the wasiseen. Another problem is
that an English word might correspond to only a part of a woitthe other language. For exam-
ple, the Spanish form of the verb “estar” (to be) in the firgspa plural present tense “estamos”
corresponds to the two English words “we are” (the stem "esiaresponds to the word “are”
and the suffix “mos” to the word “we”. A similar problem is cowgitional morphology in the
German language. For example, the German word “Menschaefetorresponds to the two
English words “human rights”. Although phrase-based systare able to handle these phe-
nomena well, there are still a number of translation erratssed by morphological differences
between the languages. Translation from English into a nmflected language is even harder
because it is very difficult to choose the correct inflectidnanslation between two inflected
language poses even more morphological problems. Theréferknowledge obtained from
morphological analysis can help an SMT system, especiadigly a small amount of bilingual
training data is available.

Syntactic differences: The word order of a source language normally differs fromvitoed
order of a target language, and for some language pairs thiéseences are substantial. For
example, in English an adjective always precedes its qooreting noun whereas in Roman
languages such as Spanish, Italian and French it is ushallgther way round. In the German
language, the verb is often at the end of the clause, whiobtithe case for the majority of other
languages. Differences between Chinese and English arelanger; there are long distance
differences between the positions of whole phrases. le sfithe high quality of the state-of-
the art phrase-based translation systems, these difegsestitl pose difficulties. Therefore the
use of syntactic information can be used as an additionakleuge source for improving the
translation quality.

Error analysis: In order to obtain more information about the nature of ddnamslation
errors, morpho-syntactic information can be used in coatimn with automatic evaluation
measures. Syntactic differences and error analysis ar®@ths of this work. Some morpho-
logical transformations are also investigated, but pradantly on the small training corpora.

11
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3.1 Basic concepts

This section presents the basic concepts regarding thehmx@ymtactic knowledge used
in this work. In morphology, three different principles oford formation can be distin-
guished:inflection, derivation and composition. Infleatis a change of the form of a word
(usually by adding a suffix) to indicate a change in its grammeaafunction such as case, num-
ber, gender, person, tense, mood or voice. Familiar exaapiaflections are the conjugations
of verbs and the declensions of nouns. Inflected forms of ir@svdo not generally appear in
dictionaries. Derivation is the combination of a word withadfix, for example cledy, unclear.
Words with derivational affixes often do appear in dictioesr Composition is the construction
of a new word by joining two or more words, such as “Menscheimie’ in German. This pro-
cess can lead to generally infinite vocabularies in langsifilge German or Finnish; new words
can be generated by joining an arbitrary number of existiogi.

These morphological processes are productive in verbsisy@ujectives, adverbs, pronouns
and determiners which results in continuous fluctuatiorhgsé word classes. On the other
hand, conjunctions and prepositions are not subject to tivpmological processes.

The base form (also called “lemma” is the uninflected form wioad which typically serves
as a primary key for a dictionary. For nouns, this is the siagaiominative form, for verbs the
infinitive form, for adjectives the indefinite adverbial tretsingular nominative form. For the
closed word classes, the base form does not differ from thevéud form.

Morphemes are the smallest linguistic units carrying a sgimanterpretation. A base mor-
pheme gives a word its meaning. Affixes are morphemes atldoleebase morpheme. Usually
they cannot stand alone. The affix preceding a base morpleoadied a prefix, and the one
coming after the base morpheme is called a suffix. Affixes @aimtbectional or derivational.
For example, the word “unbreakable” has three morphemeaalyj is the base morpheme,
“un” is a derivational prefix and “able” is a derivational 8xf In the word “goes”, “go” is the
base morpheme and “es” is the inflectional suffix. The stenbessa morpheme which remains
when all inflectional affixes have been removed. The root iasebmorpheme which remains

after removal of all affixes, both inflectional and derivaid

Part-of-speech (@) tags, also called grammatical tags, classify words integm@ies
(classes) depending on the context relationship with adjfaand related words in a phrase
or sentence. Most®s tag sets make use of the same basic categories, such as nerbss,
adjectives, adverbs, pronouns, determiners, preposjteammjunctions and numerals. However,
the detailed tag sets can differ both in how finely they divigeds into categories and in how
they define the categories. For example, “is” might be tagaged verb in the basic tag set, as
a present tense of the verb in one detailed tag set, and asig#rson singular present tense
form of the verb in another detailed tag set. This variatiotag sets is unavoidable, since$
tags are used in different ways for different tasks. In otherds, there is no “right way” to
define tags, only more or less useful ways, depending on $iks tand goals.

12
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3.2 Analysis and annotation

A prerequisite for the methods described in this work is tralability of morpho-syntactic
analysers which can provide the translation corpora withr@mriate morpho-syntactic infor-
mation. The construction of such analysers is a demandsigitaits own right. Usually,
they are based either on pure linguistic concepts (e.g. ti@nsgrammar parsers for En-
glish [Voutilainen 95] and German [Haapalainen & Majoriq @ on a statistical approach
(e.g. maximum entropy tagging [Ratnaparkhi 9&gram-based tagging [Brants 00], decision
tree based analysgr Each approach has advantages and disadvantages. Thadwaitiage
of the linguistic approach is that the analyser could be wsedny text in the given language
regardless of the domain. Another advantage is that narigamaterial is needed. On the other
hand, the statistical approach does not have problems wiitbtation of “ungrammatical” sen-
tences which often appear in dialogues or outputs genebgtsgdeech recognition systems. In
addition, they can be used for any language provided thatta$® annotated training corpus
for the desired language can be found. Among the statistpy@oaches, the maximum entropy
framework [Ratnaparkhi 96] as well as thegram models combined with a good smoothing
technique and handling of unknown words [Brants 00] haverga sk&eong position.

For the Spanish, German and English languages there areybality analysers available.
For the experiments in this thesis, the morpho-syntactiotation of the English corpora is
performed using the constraint grammar parseGEG [Voutilainen 95]. The German corpora
are also annotated using the constraint grammar parseCG [Haapalainen & Majorin 95]
and the Spanish texts are annotated using the FreeLingsang@arreras & Chao04]. In this
way, all texts are provided withds tags and base forms. For applications where ortg P
tags are needed (e.goB-based word reorderings, syntactic-oriented evaluatieasures), the
statisticaln-gram-based N T-tagger [Brants 00] can be also used for the English and &erm
corpora. For the Serbian language, so far there are no mapttactic analysers, and anno-
tation of this corpus is done half manually and half autooaity. All base forms have been
introduced manually and theo tags have been provided by an iterative procedure including
manual annotation and the use of a statistical maximunepytrased Bstagger [Bender 02]
similar to the one described in [Ratnaparkhi 96]. All theseld have high accuracy of about
97% (i.e. low error rate of about 3%).

Certain types of morpho-syntactic information can be aldmeted from the text itself with-
out the help of any linguistic tools, such as the identifmatf compound words or word stems
and suffixes. These corpus-based methods are based ondberfoges of certain words and
their components in the corpus, like for example the splitof German compounds presented
in [Koehn & Knight 03]. The main advantage of such methodshat ho external morpho-
syntactic analyser for the desired language is needed. HEiredisadvantage is that they may
provide some “non-linguistic” annotations as well as oroing linguistic ones. For example,
the German word “Treibhauseffekt” will be identified as a gmuand only if both components
“Treibhaus” and “Effekt” are seen in the corpus as singledsorHowever, these phenomena
are not crucial when the main goal is improving the qualitadfT.

http://www.ims.uni-stuttgart.de/ftp/pub/corporaésmggerl. pdf
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4 Pos-based word reorderings

As already mentioned in previous chapters, word reordasran important issue in SMT.
Although statistical word alignments work rather well aptaing differences in word order
and a number of strategies for non-monotonic search havedmeloped, differences in word
order between the source and the target language are &titffidhe main causes of translation
errors.

In this work, we investigate possibilities for improvingetkranslation quality by rule-based
reordering of the source sentence using ordg EBags. The source languages in our experiments
are Spanish, German and English. Reorderings are applibd source language, then training
and search are performed using the transformed sourcedgagiata. Modifications of the
training and search procedure are not necessary. Figumregrdsents a general training and
translation process with reordering transformations.

bilingual corpus

source Etarget
language! language
—_—

POS-based word
reorderings

y

translation models language model

training of ] training of

language
translation model
models

y
source »{ POS-based word search for w output
sentence reorderings optimal translation sentence

Figure 4.1: Training and translation witloB-based word reorderings as a preprocessing step.

We propose two types of reorderings depending on the laregpaig:
* local reorderings (convenient for translation from an i8panish), and
* long-range reorderings (convenient for translation flaomd into German).

Local reorderings are applied on adjectives and long-raegelerings on verbs. All reorder-
ings are done automatically.
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In addition to the fixed rule-based reorderings of the tegiu® a translation of word graphs
is also investigated, where each source text sentencelacegpby a word graph. This word
graph contains all possible paths obtained by combiningtigenal text with the reordered text.
When the word graph is translated, transformations of thecgopart of the training corpus are
possible but not mandatory. In this work both variants avestigated. The overall translation
process for word graphs is illustrated in Figure 4.2.

bilingual corpus

source Etarget
language! language

_ -

|/ POS-based word \
reorderings  /

[ A
training of training of
translation models language model

language
translation model
models

N

source
sentence

search for w
optimal translation

» output
sentence

POS-based word
reorderings

Figure 4.2: Translation of a word graph created from theioaigtext in combination with the
reordered text; reordering of the training corpus is pdedit not mandatory.

The main motivation for investigating translation with wographs is the fact that some
applied reorderings might not be really appropriate due ds Rgging errors or to specific
phenomena which are hard to cover with rules. An exampleesSfranish—English language
pair, where in English, adjectives always precede the sparding nouns whereas in Spanish
both variants are possible. Therefore some reorderingagh€h might not be optimal.

It should be noted that the word graphs described in this wavktrary to the majority of
publications dealing with similar problems, do not contamy probabilities. The reason is that
in this work the only source of information for reorderindesiare ®stags in the source lan-
guage, and the rules are based on the human knowledge almacttgy differences between
involved languages. In other words, monolingual linggi&mowledge is the only source of in-
formation. On the other hand, in the majority of publicaialealing with reorderings and word
graphs, the rules are extracted bilingually, i.e. from tla¢gistical word alignments in combina-
tion with Postags so that frequencies of crossings of particutas fequences in the alignment
are used for estimating probabilities. For the methodsrde=st in this work, such an approach
is of course not possible. Therefore we tried to extract abdhies from RS sequences in the
target language in the following way: for example, for tdatisn from Spanish into English
we count the number of occurrences of the sequence “nouatadeand the sequence “adjec-
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4.1 Local reorderings

tive noun” in the English training corpus, and divide eachhafse frequencies with their sum.
However, preliminary experiments have not yielded any mapments in comparison with the
word graph without probabilities, so we decided to let tlapext to be explored thoroughly in
the future work.

4.1 Local reorderings

The local reorderings investigated in this work are apptiedhe Spanish—English language
pair and handle differences between the positions of nontsdjectives in the two languages.
Adjectives in the Spanish language, as in most Romanic kgeg) are usually placed after
the corresponding noun, whereas for English it is the otlasr mwund. Therefore, for this lan-
guage pair local reorderings of nouns and adjective graufise source language are applied.
The following sequences of words are considered to be amtadjeggroup: a single adjective,
two or more consecutive adjectives (“difficult politicaltisation), a sequence of adjectives and
coordinate conjunctions (“economic and political”), adlves an adjective along with its cor-
responding adverb (“more important”). If the source largpies Spanish, each noun is moved
behind the corresponding adjective group. If the sourcguage is English, each adjective
group is moved behind the corresponding noun.

Some examples of local reorderings of Spanish and Englishsiand adjective groups can
be seen in Table 4.1. In the first sentence the adjective grongists of two adjectives with a
conjunction, and in the second one of an adjective and arrladve

Table 4.1: Examples of local reorderings for Spanish andigimgouns and adjective groups.

Spanish| motivosecondmicos y politicog situaciénclaramente insatisfactoria

U Y

econdmicos y politicosnotivos | claramente insatisfactoriasituacion
English | economic and politicalreasons,  clearly unsatisfactory situation

U U

reasongconomic and political situationclearly unsatisfactory

An example of a Spanish word graph based on local reordesng®sented in Figure 4.3.
In the case of hard preprocessing, only one (reorderedgisemis given to the decoder, namely
“La claramente insatisfactoria situacion de los humanesd®s...”. When a word graph is
translated, the decoder has four possibilities: the csigsentence, the completely reordered
sentence and two more alternative paths, “La claramenétigfisctoria situacion de los dere-
chos humanos...” and “La situacion claramente insatisfactle los humanos derechos...”.

4.2 Long-range reorderings

Long-range word reorderings in this work are tested on thé geoups for the German—
English language pair. Verbs in the German language, unii&ey other languages, can often
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claramente

situacion insatisfactoria derechos

claramente humanos derechos

situacion

insatisfactoria

Figure 4.3: Example of a word graph created with local remnds of nouns and adjective
groups in the Spanish language.

be placed at the end of a clause. This is mostly the case Withtives and past participles,
but there are many cases when other verb forms also occue anthof the clause. Therefore
long-range reorderings of verb groups are appropriatedostation systems where the German
language is involved.

In this work, we investigate both translation directionsr Eanslationfrom German into
English we investigate all types of long-range syntactic phenomela&ed with German verbs
which lead to quite different word order in English. The oling types of reorderings are
applied:

infinitives:  In the German language, infitinives appear at the end of thesel if an auxil-
iary or a modal verb is present. In English they appear imatetyi after the auxil-
iary/modal verb. Therefore each German infinitive (boldinisved back to the closest
auxiliary/modal verb (italic).

infinitives+zu:

finite verbs:

h

| German | reordered German | English |
es wird ein Kapitel Uber| eswird gebenein Kapitel | there will be a chapter o
Wissenschafyeben Uber Wissenschaft science

sagen

ich kann es lhnen heuté

2 ich kann sagenes Ihnen
heute

| can tell you today

This construction always appears at the end of the clauss) tdgether with

the conjunction “um”. The English equivalent consists & farticle “to” and an infini-
tive, sometimes of the expression “in order to” and an infiait

Reordering is performed as follows: each infinitive+zu gr@oold) is moved back to the
beginning of the clause or to the closest conjunction “urt@li@).

| German

\ reordered German

| English

noch weiterzu gehen

zu gehennoch weiter

to go further

um einige Beispielezu
zeigen

um zu zeigen einige
Beispiele

to show some examples

umEU Standardgu erre-
ichen

um zu erreichen EU
Standards

in order to attain EU stan
dards

Some German subordinate conjunctions send finite verb®terttd of the subor-

dinate clause, such as “dass” (that), “weil” (because)niida(so that), etc. If the finite
verb is auxiliary or modal, the main verb is an infinitive oraspparticiple and the order
of the verbs is inverted. Reordering rules are applied irfdhewing way: if a sentence
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contains a subordinate conjunction which affects the fwosif finite verbs (italic), the
finite verbs (bold) are moved back next to the conjunctiorotiifer verbs are present at
the end of the clause, they are moved back to immediateigviathe finite verb.

| German | reordered German | English |
dassich zu einem anderendassich komme zu einem| that | have reached a dif-
Schluskomme anderen Schluss ferent conclusion

weil wir Massenguter weg weil wir missen bekom-| because we must get
von der StralRebekom- | men Massengiter wegheavy freight off the
men missen von der Stral3e roads

In the first sentence, the finite verb “komme” is the main verth the conjunction “dass”
sends it to the end of the clause. In the second sentencenitieevirb is the modal verb
“missen” whereas the main verb “bekommen” is in the infieifiorm. The conjunction
“weil” sends the finite verb to the end of the clause so thatwleverbs appear in reverse
order.

past participles: ~ Similarly to the infinitives, German past participles coaldo appear at the
end of a clause. Therefore each past participle (bold) issti@mack to the closest auxil-

iary verb (italic).

| German | reordered German | English |
ich habefur den Bericht| ich habe gestimmt flr | | have voted for the repornt
gestimmt den Bericht

negative particles: The negative particle in German often occurs relativelyafaay from the
finite verb towards the end of a clause, in contrast to Englisére this particle is always
close to the finite verb. Therefore the negative particleddjpare moved back to the
closest finite verb (italic).

| German | reordered German | English |
dasistin einem modernen das ist nicht in einem| this is not possible in a
Europanicht moglich modernen Europa modern Europe
maoglich

prefix: Some German verbs consist of a main root and a separable wietik can appear at
the end of the clause. In addition, this prefix sometimes @sdparated and sometimes
attached to the main root. We investigate two possibilibdsandle this phenomenon: to
move the prefix (bold) to immediately precede the root @alor to join the prefix with
the root.
| German | reordered prefix | appended prefix | English |

ich gehedavonaus | ich ausgehedavon | ich ausgehedavon | | assume

die Abstimmung| die Abstimmung die Abstimmung the vote will take
findet heute um| statt findet heute| stattfindet heute| place today at
12:30 Uhrstatt um 12:30 Uhr um 12:30 Uhr 12.30h

In our experiments we explore the impact of each type of mxang separately, as well as
the effects of applying all reorderings together. Examplesentences which are affected with
different types of reorderings are shown in Table 4.2. Inftre# sentence, the first clause
with reorderings has the conjunction “dass” which senddithte auxiliary verb “werden” to
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4 Pos-based word reorderings

the end. In addition, an infinitive of the main verb is presesat the finite verb is moved to
the beginning of the clause, i.e. after the subordinateucaion “dass”, and the infinitive is
moved to the position after the auxiliary verb. The secordist contains an infinitive with
“zu” — “vorzubereiten”, which is moved to the beginning oktlelause. The rules for finite
verbs are again applied to the third clause; the finite vedhtgt” is moved to follow directly
the conjunction “wozu”. In the second sentence, the infiaitfassen” is reordered to follow
its auxiliary verb “werden” in the first clause. In the secahalise two types of reorderings are
present; the finite auxiliary verb “habe” is moved back to shéordinate conjunction “wie”,
and the past participle “getan” is reordered immediatelgrahe finite verb. The third clause
has three reorderings; the finite auxiliary verb “habe” issewto follow the conjunction “als”,
the negative particle “nicht” is reordered to follow the fenverb, and then the past participle
“genutzt” is moved to the auxiliary verb.

Table 4.2: Examples of long-range reorderings of diffetgpés of German verbs.

German: | Die Kommission ist der Auffassunglass™ alle Unternehmen in der Lage
sein"f werdenf", sich rechtzeitig auf die endgiiltige Umstellung auf den
Euro vorzubereiten"f2¥, wozd'™™ auch die Anpassung ihrer Computersys-
teme und der Softwargehort!n.
reordered: Die Kommission ist der Auffassung, daserden seinalle Unternehmen in
der Lage,vorzubereiten sich rechtzeitig auf die endgtiltige Umstellung auf
den Euro, wozugehért auch die Anpassung ihrer Computersysteme und der
Software.
English: | The Commission believes that all undertakings will be ablprepare themt
selves in time for the final changeover to the euro, includnegadaptation of
their computer systems and software.

German: | Ich werdé"™ mich kurz fasse®'’, wie'™ ich dies schon vorhirgetanPa™®
habe'™, als'™ ich bei meinem ersten Redebeitrag drei Minuten meiner|Re-
dezeitnicht"®d genutzt’@t habefin.

reordered: Ich werdefassenmich kurz , wie ichhabe getandies schon vorhin , al
ich habe genutzt nichtbei meinem ersten Redebeitrag drei Minuten meiner
Redezeit .

English: | | shall be brief , as indeed | was earlier , since my first spegab three
minutes under the allotted speaking time .

UJ

As in the case of the Spanish—English pair, we also investiga translation of word graphs.
An example of a German word graph based on long-range reéongdeof past participles is
presented in Figure 4.4. As in the case of the local reordsyithe decoder can choose among
various paths. For the graph in Figure 4.4 there are two pitiigis: original sentence and
reordered sentence. For the examples in Table 4.2 therbavéight possible paths — original
sentence, reordered sentence and six other possibilitie®ne or two reordered clauses.

In addition to these graphs, for Germafnglish translation we also explore word graphs
with local reorderings within long-range reorderings. Thain reason for this is the fact that
the long-range reorderings are not always perfect in thal lmantext. An example can be seen
in the second sentence in Table 4.2: the reordering of thie fierb, the past participle and the
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4.2 Long-range reorderings

negative particle “habe genutzt nicht” in the local contiexquestionable; maybe the sequence
“habe nicht genutzt” would be better for translation intgglish? Besides, the German language
in general has more free word order than English allowingekample, finite verbs to precede
the subject pronouns, object pronouns to precede finites\aartd subject pronouns, etc. These
also might lead to not completely appropriate long-rangederings in the local context. An
illustration is presented in Table 4.3: the reordering \Wiperfectly matches the English word
order would be “deswegen ich méchte vorschlagen Ihnen”.

Table 4.3: Example of differences between German and Bnglisd order in the local context:
finite verbs can preceed the subject pronouns.

German: | deswegen mocht®Y ichsUPIPron|hnerPPIPron yorschlagefany
reordered: deswegen mochte vorschlagen ich Ihnen
English: | thatis why I should like to propose to you

Therefore, we investigate introducing addition local dssimgs into the word graphs gen-
erated by long-range reorderings. The local reorderingsdded for each sequence of verbs
containing negative particles as well as for each sequehcensecutive pronouns and verbs.
Word graphs for previously described examples are predentEigure 4.5. As can be seen,
some additional paths are added giving more possibiliti¢lsd¢ decoder.

For translatiorfrom English to German we investigate two types of reorderings: infinitives
and past participles. All infinitives and past participles mmoved to the end of a clause where
punctuation marks, subordinate conjunctions and finitbvare considered as the beginning
of the next clause.

infinitives:  All infinitives are moved to the end of the clause. The infiref following an
auxiliary or modal verb are separated from this verb and moVée infinitives with the
preceding infinitive particle “to” are moved to the clause ¢mgether with the particle.

English: | We have to offerthem our hand in a very symbolic way.
reordered: We havethem our hand in a very symbolic way offer.
German: | Wir missen dem Volk ganz symbolisch die Hand reichen.
English: | We mustdo everything possibleo dousethe fire as quickly as possible.
reordered: We musteverything possibldo the fire as quickly as possibile douse
German: | Es muss alles getan werden, um den Brand so schnell wie rhgglic
einzudammen.

D

past participles:  All past participles are separated from its auxiliary vend anoved to the
end of the clause.

English: | | havealreadyansweredthis question.
reordered:| | havealready this questioanswered
German: | Ich habe diese Frage bereits beantwortet.

The translation of word graphs is explored for this tramsfatlirection too, and the word
graphs are created as combination of original and reordegeténces in the same way as for
the Spanish—English pair and for German—English tramsiatithout additional local context.
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Figure 4.4: Example of a word graph created with long-ramgederings of verb infinitive in
the German language.
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Figure 4.5: Examples of word graphs with local reorderingbiw the long-range reorderings
in the German language.
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4.3 Experimental results

Experimental settings

Baseline translation system:The baseline translation system is the phrase-based system
similar to systems described in [Zens & Bend@5, Matusov & Zens 06]. The key ele-
ments of this translation approach are bilingual phrases,piairs of source and target lan-
guage phrases, where a phrase is a contiguous sequencedst Woese bilingual phrases are
extracted from a word-aligned bilingual training corpuslZ&++ is used to train this word
alignment! To obtain a more symmetric word alignment, the training isfgrened in both
translation directions and the resulting Viterbi alignnsegre unified [Och & Ney 03].

The posterior probabilitr (€, | ff) is modelled directly using a weighted log-linear combi-
nation of a trigram language model and various translatiodets: phrase translation models
in source-to-target and target-to-source directions amdi \exicon models similar to them-

1 model, also in both directions. Additionally, a word pépand a phrase penalty are used.
With the exception of the language model, all models can beidered as within-phrase mod-
els, because they depend only on a single phrase pair ana tio¢ gontext outside the phrase.
The language model is a trigram model [Stolcke 02] with mediXneser-Ney discounting and
interpolation [Kneser & Ney 95]. The seven submodels arelined by weighted log-linear
interpolation. The scaling factovs,...,A7 are optimised with respect to the maximurne
score [Och 03] on a development set. The search procedunistone, i.e. without reordering
constraints.

Corpora: The proposed local and long-range word reorderings aredest the tran-
scriptions of the European Parliament Plenary Sessiong sTdtistics can be found in Ap-
pendix A, Sections A.1 and A.2. The long-range reorderimgssferman as a source language
are tested additionally on theE®BMOBIL corpus since the first experiments in this direc-
tion [Niel3en & Ney 01a] were performed on this corpus.

Evaluation metrics: The performance measures used for the assessment of ti@mglaal-
ity are the BEU score, ER (translation edit rate), \BR (word error rate), BrR (position-
independent word error rate) and ER (edit distance which allows reordering of blocks). In
addition, RsSBLEU- syntactic BREU score, i.e. the BEU score calculated ond* tags instead
of words, is also presented. This metric has shown high lediwa with human judgments in
some recent experiments. All evaluation metrics are sunsetiin Appendix B. More details
about the standard measures can be seen in Section B.1 aslieesdescription and results of
experiments dealing with correlations between tlosBLEU and the human scores adequacy
and fluency are presented in Section B.2.

Local reorderings

Local reorderings are tested on the Spanish—EnglrstsEorpus developed in the framework
of the TC-SAR project. The details about this corpus are presented iriddedtl. In this

1The GIZA++ toolkit for word alignment can be downloaded from
http://www.fjoch.com/GIZA++.html
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section, the results for the test corpus used in the secon@@ evaluation are presented. In
addition, results obtained on the test corpus from the fuaiuation as well as on the additional
Spanish Parliament test corpus can be found in Appendix C.

Reorderings are applied as a preprocessing step on theessidecof the training corpus as
well as on the test corpus. Table 4.4 presents the perceatagntences in the training and
test corpus which are actually reordered. It can be seemtheg than 60% of sentences are
affected by reordering transformations for both sourcglages.

Table 4.4: Percentage of reordered sentences in the wgaamd the test part of the TC¥8R
Spanish—English corpus: local reorderings of adjectives.

| | train | test |

Spanish|| 60.8% /| 62.8%
English || 64.2%| 71.9%

As mentioned previously, the baseline system used the ranaaearch procedure. Prelim-
inary experiments during the second TGA8& evaluation showed that theoB-based reorder-
ings yielded better results than the non-monotonone sessidly local reordering constraints
with the window size 3. The results on the development seSfmnish-to-English transla-
tion are shown in Table 4.5. Applying local reordering coaisits on the Bs-based reordered
corpus lead to some further improvements, therefore tméigaration was used for the final
submissions in the second as well as in the third Ti@rSevaluation. The results on the test
corpus for the five best-ranked systems of the second TAR ®valuation can be seen in Ta-
ble 4.6.

Table 4.5: Translation results [%] for the SpanisBnglish development corpus: monotone and
non-monotone search with and without thedbased local reorderings of adjectives.

| Spanish~English || BLEU | TER | WER | PER | CDER |
monotone search 50.5 | 37.2| 40.2 | 28.5| 35.9
+reorder adjectives || 51.8 | 35.8| 38.7 | 27.2| 34.9
non-monotone search 50.8 | 36.6| 39.6 | 27.7| 35.4
+reorder adjectives || 52.0 | 35.7| 38.6 | 27.1| 34.7

Table 4.6: Translation results [%] for the five best systefmfi® second TC-8R evaluation
for the Spanish-English test corpus.

| system|| BLEU | WER | PER |

IBM 54.1 | 36.2 | 26.4
RWTH || 53.1 | 37.1 | 26.9
uw 52.6 | 37.6 | 27.2
IRST 524 | 37.4 | 27.2
UPC 523 | 37.0| 27.2
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Spanish—English: Table 4.7 presents the results for the translation from Spao En-
glish. It can be seen that the local reorderings have inecktiee B EU score and reduced all
error rates excepteR. This could be expected since theAPdoes not take the word order into
account. The changes in evaluation metrics are not stailytisignificant, but they are consis-
tent; the results on more test data are presented in App€hdiand the same tendencies can
be observed for all texts.

More details can be seen in Table 4.8. The test corpus wasedivnto two parts: one con-
taining sentences that have been actually reordered (Whadsout 60% according to Table 4.4)
and the other containing sentences which do not change.eThessets were evaluated sep-
arately for each translation system: baseline and withl lezaderings of adjectives. Results
show that the reorderings improve translation quality efréordered set where the rest remains
basically the same.

Two translation examples are presented in Table 4.9. It easebn that the system trained
on the reordered corpus is more capable of producing theaooutput; in the first sentence
only the word order in the baseline output is incorrect arellttal reorderings solved this
problem. In the second sentence not only the word order Botthe semantic meaning were
not conveyed appropriately using the baseline system,e@seihe output of the system with
local reorderings is completely correct.

Table 4.7: Translation results [%] for Spanisknglish: local reorderings of adjectives.

| Spanish-English | BLEU | TER | WER | PER | CDER |
baseline: monotone seargh 52.0 | 34.6| 36.9 | 26.3| 33.7
reorder adjectives 525 [ 34.4| 36.7 | 26.3| 334

Table 4.8: Separated translation results [%] for SpaniBhglish: reordered sentences and the

rest.
| Spanish~English | BLEU | TER | WER | PER | CDER |
reordered baseline: monotone sear¢h 52.4 | 34.6| 37.0 | 25.9| 33.7
reorder adjectives 534 | 34.2| 36.6 | 25.9| 33.1
not reordered baseline: monotone-sear¢gh50.4 | 34.6| 36.4 | 27.8| 33.6
reorder adjectives 50.2 | 34.6| 36.3 | 27.8| 33.7

English—Spanish: The results for this translation direction can be seen irlefdld0. The
effects are very similar as for SpanistEnglish translation. The improvements are again not
statistically significant, but they are consistent (see&xmpx C.2). The results of the separated
evaluation shown in Table 4.11 are also similar as thoseganSh—English, except that the
“unreordered” set in this case is slightly improved as well.

The translation examples in Table 4.12 show the advantdgbe mew system. In the first
sentence, only the word order does not match the refereaoslation in the baseline output,
whereas in the second sentence the wrong lexical choiceramelan semantic meaning are also
present. It should be noted that the second sentence tethsléh the new system is still not
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Table 4.9: Translation examples for SpanigBnglish translation with and without local re-

orderings of adjectives.

original Spanish sentence:
reordered Spanish sentenc
generated English senteng
without reordering:

with reordering:

rese trata de uambicioso y realista programa
e:

se trata de uprograma ambicioso y realista

it is of anambitious programme and realistic
this is anambitious and realistic programme

reference English sentence:this is an ambitious and realistic programme

original Spanish sentence:| un intercambio dexperiencias practicas
reordered Spanish sentenceaun intercambio d@racticas experiencias
generated English sentenge:
without reordering:| an exchange aéxperiences and practices
with reordering:| an exchange gfractical experience
reference English sentence:an exchange of practical experiences

syntactically and morphologically perfect; the secondetjis inserted and the verb inflection
“ha” is incorrect. However, the meaning is conveyed cotyect

The syntactic evaluation measure$BLEU for the TC-SAR corpus is presented in Ta-
ble 4.13. The results indicate that the syntactic struasimnmproved by local reorderings for
both target languages. SeparatenSBLEU scores are shown in Table 4.14. As the standard
evaluation measures, the results of the reordered sestaneémproved substantially whereas
for the rest of sentences there are no significant changelddenglish output and small im-
provements can be observed for the Spanish output.

Table 4.10: Translation results [%] for EnglistSpanish: local reordering of adjectives.

| English—Spanish | BLEU | TER | WER | PER | CDER |

baseline: monotone seargh 48.2 | 38.5| 40.4 | 31.1| 37.6
reorder adjectives 49.0 | 38.1| 39.8 | 30.8| 37.0

Table 4.11: Separated translation results [%] for EnghSipanish: reordered sentences and the

rest.
| English—Spanish | BLEU | TER | WER | PER | CDER |
reordered baseline: monotone sear¢gh 48.4 | 38.6 | 40.6 | 30.7| 37.8
reorder adjectives 49.3 | 38.1| 40.0 | 30.4| 37.3
not reordered baseline: monotone sear¢gh 47.2 | 38.3| 39.3 | 33.1| 36.6
reorder adjectives 47.7 | 37.9| 38.9 | 32.7| 35.9
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orderings of adject

ives.

original English sentence:

alegally binding ban

reordered English sentence aban legally binding

generated Spanish senten
without reordering:

with reordering:

refrence Spanish sentence

ce:
unjuridicamente vinculante prohibicion
unaprohibicion juridicamente vinculante

: una prohibicion legalmente vinculante

original English sentence:

we have acknowledged thpbsitive changéas occurred

reordered English sentencewe have acknowledged thelhange positivéas occurred

generated Spanish senten
without reordering:

with reordering:

reference Spanish senteng

ce:
hemos reconocido qumositivo ha cambiado
hemos reconocido quembios positivosque ha ocurrido

ehemos reconocido que se han registrado cambios pos

reorderings of adjectives.

| Spanish-English| English—Spanish|

baseline: monoto

reorder adjectives

ne seargh 68.2 57.5
68.9 58.3

corpus: reordered

sentences and the rest.

| Spanish~English | English—Spanish|

reordered baseline: monotone seargh 68.5 57.9
reorder adjectives 69.6 58.9
not reordered baseline: monotone seargh 66.7 55.8
reorder adjectives 66.5 56.5

Table 4.12: Translation examples for EnglisBpanish translation with and without local re-

tivos

Table 4.13: BSBLEU scores [%] for both translation directions on the TCAS corpus: local

Table 4.14: SeparatedoBBLEU scores [%] for both translation directions on the TCABS
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Translation of word graphs

The translation of the word graphs described in Section gl derformed in both transla-
tion directions. The word graphs both for the Spanish andifmtest corpora are created by
combining the original and locally reordered sentencass ttontaining all possible paths. For
training, two possibilities are explored: training witketbriginal corpus (referred to in the tables
as “baseline”) and training with the reordered source laggucorpus (referred to as “reorder
adjectives”).

The results for SpanishEnglish translation are reported in Table 4.15. When théegys
is trained on the original corpus, the use of a word graph avgs all error rates excepeR.
However, if the reordered training corpus is used, the imgmoents for some error rates are
larger. For this training, using a word graph instead ofdeogd test corpus does not yield any
improvements. A probable reason is the characteristic @fghglish language mentioned at
the beginning of this chapter — the adjective should alwagsque the noun. Therefore after
the fixed reordering of the Spanish corpus there are not mauygaiities left which could be
resolved by word graphs.

Table 4.15: Translation of word graphs: results [%] for Splan-English translation of the
TC-STAR corpus.

| Spanish~English || BLEU | TER | WER | PER | CDER |
baseline: monotone seargh 52.0 | 34.6| 36.9 | 26.3| 33.7
+graph 52.3 | 34.4| 36.7 | 26.3| 33.6
reorder adjectives 525 | 34.4| 36.7 | 26.3| 33.4
+graph 52.3 | 345| 36.8 | 26.3| 33.5

Table 4.16 shows the results for the translation from Ehghgo Spanish. As in the case of
the other translation direction, the use of a graph with thgebne system results in improve-
ments for all evaluation metrics. However, in contrast am$lation from Spanish, training
with the reordered corpus yields the same improvements thste original corpus. Further-
more, translating word graph with the new system (traineceondered corpus) results in some
additional improvements.

Table 4.16: Translation of word graphs: results [%] for EstghSpanish translation of the
TC-STAR corpus.

| English—Spanish || BLEU | TER | WER | PER | CDER |

baseline: monotone sear¢gh 48.2 | 38.5| 40.4 | 31.1| 37.6
+graph 49.0 | 38.0| 39.8 | 30.8| 37.0
reorder adjectives 49.0 | 38.1| 39.8 | 30.8| 37.0
+graph 49.3 | 37.8| 39.7 | 30.7| 36.8

A probable reason for the different tendencies is the charatic of the Spanish language
described at the beginning of the chapter. Although in Sjatfie adjective groupssuallyfol-
low the corresponding noun, this is redtvaysthe case. However, there are no straightforward
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rules to determine which variant is preferred in which ca$eerefore some fixed reorderings in
English are not really helpful, whereas the word graph asltdve decoder to choose the optimal
word sequence.

Long-range reorderings

long-range reorderings are tested on the German—EngUusoBARL corpus developed for
the second and third shared task of the Statistical Machiaaslation Workshop and on the
VERBMOBIL corpus. More details about the corpora along with the cogtasstics can be
found in Section A.2. Like the local reorderings describedhe previous section, these re-
orderings are also applied as a preprocessing step bothefdraining and for the translation.

For translation from German into English, the reorderingsatibed in Section 4.2 are tested
both separately and combined. The percentage of sentefieeted by each reordering is
presented in Table 4.17 for both corpora. In therREPARL corpus, about half of the total
number of sentences contain finite verb reordering. In¥iedt; infinitives with “zu” and past
participles are applied in about 20% of sentences, negpédixtécle reordering occurs in about
10% sentences, and only in 7% of sentences the verb prefigndexred. For the ¥RBMOBIL
corpus, the distribution of reorderings is different: i#80f sentences infinitives are reordered,
past participles in about 15%, followed by prefixes, neggparticles and finite verbs with about
6% of affected sentences, whereas reordering of infinitigs“zu” occurs in less than 1% of
sentences. When all reorderings are applied, between 78@ndf sentences are affected in
both test corpora.

For translation from English into German, only the combinearderings of infinitives and
past participles are tested. About 60% of the sentencesffectesl by these reorderings. In
future, more reorderings for this translation directiomdd be investigated and tested both
separately and combined.

Table 4.17: Percentage of reordered sentences: Germaensestin the BEROPARL and
VERBMOBIL corpus, English sentences in the OPARL corpus.

German EUROPARL VERBMOBIL

train | test train | test
infinitive 25.6%| 29.5%|| 12.6%| 32.3%
infinitive+zu 15.6%| 20.6%| 1.7% | 0.8%
finite 44.7%| 52.8%| 7.7% | 6.4%

past participle | 33.4%| 21.2%|| 3.2% | 15.5%
negative particle| 10.5%| 11.0%/| 3.1% | 6.8%

prefix 6.9% | 7.6% || 4.8% | 8.8%
[all [ 92.6%] 79.8%]] 49.9%] 74.0%)|
| English, EUROPARL | train | test |

| infinitive+past participle| 54.3%| 61.6%|
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4 Pos-based word reorderings

As already mentioned at the beginning of the section, theatomre search procedure is used
for the baseline system. Preliminary experiments with 8w teordering constraints showed
only minor improvements (0.1% absolute for theeE® score) so that only monotone search
and Pos-based reorderings are presented in this work.

German—English: As mentioned above, for this translation direction eachidexdng is
tested separately as well as in combination with other ezards. The following combinations
are tested:

* infinitives,  negative particles, prefixes and finite verbss aproposed
in [Collins & Koehn' 05] (inf+neg+pref+fin),

» the most often reorderings in theuROPARL corpus, i.e. infinitives with and without
“zu”, finite verbs and participles (infzu+inf+fin+part),

 the combination above together with negative particles{,
 the combination above with

— reordering of prefixes (+pref),
— appending prefixes (+append pref).

Two ways of prefix treatment are explored: reordering, i.evimg the prefix to precede the
root as proposed in [Collins & Koehn05], and appending, i.e. joining the prefix with the root
as proposed in [NieRen & Ney 012].

Table 4.18 presents the results of the different types aj-lamge verb reorderings for the
EUROPARL corpus. The BEU score of the baseline system (24.4%) is comparable with the
BLEU scores obtained on the same test corpus by the two besterayktems (24.7% and
24.3%) at the second shared task on statistical machinglataon [Koehn & Monz 05]. The
largest improvements are obtained by combining the moguémet reorderings together with
the negative particles. This method includes the noveldexangs proposed in this work, i.e.
treatment of infinitives with “zu” and past participles. As the separated reorderings, the best
improvements are achieved with infinitives with “zu” and t@werbs.

Contrary to the results presented in [Niel3en & Ney 0la] onME@BMOBIL corpus, treat-
ment of verb prefixes did not yield any improvements for theRBPARL corpus, neither as
the only transformation nor in combination with other resmdgs. That was one motivation to
perform the same experiments on theRBMOBIL corpus, and these results are presented in
Table 4.19.

It can be seen that both treatments of the verb prefix impnareskation quality, and that
appending verb prefixes to the root result in better reshlt® treordering them. However,
the largest separate improvements are achieved with neogdeof finite verbs, and the best
improvements are obtained by the same method as for tir®PARL corpus, namely by re-
ordering infinitives with and without “zu”, past particiglefinite verbs and negative particles.
Adding verb prefix treatment to this configuration slightiyers the results.

Separated results for reordered sentences and for thereeshawn in Table 4.20 for the
EUROPARL corpus and in Table 4.21 for thee®BMOBIL corpus. It can be noted that for the

2t should be noted that the numbers are not the same as thpsete@ in [NieBen & Ney 01a] and
[Collins & Koehn' 05] due to differences between alignment training, traimissystem as well as between
evaluation tools.
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Table 4.18: Translation results [%] for Germainglish translation of the BROPARL corpus
for different types of long-range verb reorderings.

| German~English, BUROPARL || BLEU | TER | WER | PER | CDER |
baseline: monotone search 244 | 61.3| 66.9 | 45.9| 55.6
reorder infinitive 245 [ 61.1| 66.8|45.6| 555
infinitive+zu 249 [ 60.9| 66.5|45.7| 55.1
finite 24.7 | 60.9| 66.3 | 45.8| 55.1
past participle 248 [ 61.2| 66.8 | 45.9| 55.3
negative particle 244 | 61.3| 66.9 | 45.7| 55.6
prefix 24.4 | 61.3| 66.9 | 45.8| 55.6
append prefix 245 [ 61.3| 66.9 | 45.8| 555
reorder inf+neg+pref+fin 249 [ 60.5| 65.9 |45.6| 55.0
reorder infzu+inf+fin+part 254 | 60.0| 65.2 |45.3| 54.4
+neg 25.6 | 60.2| 65.4|45.7| 544
+pref 25.3 | 60.2| 65.4 | 45.7| 54.4
+append pref 25.3 | 60.2| 65.4 | 45.7| 54.4

Table 4.19: Translation results [%] for Germainglish translation of the FRBMOBIL corpus
for different types of long-range verb reorderings.

German-English, VERBMOBIL || BLEU | TER |

WER | PER | CDER |

baseline: monotone search 38.4 | 37.5| 43.1 | 27.5| 38.3
reorder infinitive 395 | 37.1| 42.2 | 27.5| 37.8
infinitive+zu 39.2 | 36.8| 429 | 26.6| 37.8
finite 39.7 | 36.5| 42.4 | 26.6| 38.0
past participle 39.2 | 37.3| 43.0| 26.6| 37.9
negative particle 38.7 | 37.1] 43.1|27.0| 38.0
prefix 39.0 | 37.1| 42.7|27.2| 375
append prefix 39.3 [ 36.6| 42.6 | 26.6| 38.3
reorder inf+neg+pref+fin 39.3 [ 37.0] 42.1 | 27.8| 38.0
reorder infzu+inf+part+fin 41.3 | 36.5| 41.0 | 27.1| 37.0
+neg 41.8 | 35.4| 40.1 | 26.4| 36.5
+pref 41.1 | 36.7| 41.1 | 26.4| 36.9
+append prefix 41.7 | 35.7| 40.0 | 26.5| 36.6

reordered set the error rates are significantly higher tbathe other set. The combination of
verb reorderings which showed the best results for botharars referred to as “reorder verb”.
The results indicate that the long-range reorderings denably improve translation quality
both for reordered sentences and for the others. This mhahghe new system allows better
learning of various phrases so that the translation quhbty been improved both directly as
well as indirectly.

Two translation examples from theJEOPARL corpus are presented in Table 4.22. In the first
sentence translated without reorderings, the Englishiggrbsitioned at the end of the sentence
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4 Pos-based word reorderings

and conjunction “that” is inserted. When reorderings agiad, the translation output is com-
pletely correct. The second sentence translated by théifmasgstem is both syntactically and
semantically incorrect, and with verb reorderings bothopgms are solved.

Table 4.20: Separated translation results [%)] for GermmBnglish translation of the &
ROPARL corpus: reordered sentences and the rest; “reorder veensitels the con-
figuration “infzu+inf+part+fin+neg”.

| German-English, EJROPARL | BLEU | TER | WER | PER | CDER |
reordered baseline: monotone sear¢gh 22.4 | 62.9| 69.0 | 46.7| 57.3
reorder verbs 235 | 61.8| 67.3|46.5| 55.9
not reordered baseline: monotone seargh 39.2 | 49.9| 53.0 | 40.7| 43.8
reorder verbs 40.3 | 48.8| 52.0 | 39.9| 43.6

Table 4.21: Separated translation results [%] for GermBnglish translation of the ¥RBMO-
BIL corpus: reordered sentences and the rest; “reorder veensitels the configu-
ration “infzu+inf+part+fin+neg”.

| German-English, VERBMOBIL | BLEU | TER | WER | PER | CDER |
reordered baseline: monotone sear¢gh 37.5 | 38.2| 43.8 | 27.7| 38.9
reorder verbs 41.4 | 35.8| 40.1 | 26.5| 36.6
not reordered baseline: monotone seargh 42.3 | 35.1| 40.4 | 26.6| 35.9
reorder verbs 42.8 | 33.9| 40.1 | 26.1| 35.6

English—German: The translation results for EnglishGerman are presented in Ta-
ble 4.23, where it can be seen that the long-range reordemmgrove translation quality also
for this translation direction. Reordering of infinitivesdapast participles is denoted as “re-
order verbs”. The improvements are less significant tharGeman-English at least for
three reasons: because translation into German is ggneratke difficult due to its rich mor-
phology, because only two types of reorderings are applnetifew more are possible, and
because this kind of long-range reordering (i.e. movingpséar from their corresponding aux-
iliaries/pronouns/etc) in a way makes learning of modelsentbfficult since more unseen or
rarely seen patterns are produced.

Results for the separated test corpus are presented in42dleAs for the other translation
direction, the error rates of the reordered set are significdigher. The improvements from
verb reorderings are notable both for the reordered setaartidd rest, although for the reordered
sentences they are significantly higher.

The translation examples in Table 4.25 show an improvemehgiverb group translation. In
the first sentence, without reorderings the English wor@oislpresent in the German output.
In the second sentence without reordering, the main verin™$e missing, whereas the new
system translates the whole verb group correctly.

Table 4.26 presentsd®BLEU scores for the HROPARL corpus. long-range verb reorder-
ings improve the syntactic structure of both translatiotpats, especially for translation from
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Table 4.22: Examples of GermarEnglish translation of the BROPARL corpus with and with-
out long-range reorderings of verbs.

original German sentence:| Es ist an der Zeit, die Vertragei Uberarbeiten.
reordered German sentengeEs ist an der Zeizu Uberarbeitemlie Vertrage.
generated English sentence:
without reordering;| Itis timethat the Treatiedo review.
with reordering:| It is timeto revisethe Treaties.
reference English sentence:lt is time to review the Treaties.

original German sentence:| Zypernwird gleichsam als Briicke zu den Landern
dieser Regioffiungieren .

reordered German sentengeZypernwird fungierengleichsam als Briicke
zu den Landern dieser Region .

generated English sentence:
without reordering:| Cyprusis almostas a bridge to the countries

in the regionact.

with reordering:| Cypruswill act as a bridge to the countries

of the region.

reference English sentence:Cyprus will be a sort of bridge with the countries

in the area.

Table 4.23: Translation results [%] for EnglistGerman translation of theldROPARL corpus:
long-range verb reorderings; “reorder verbs” denotes doedering of infinitives
and past participles.

| English—German, EROPARL || BLEU | TER | WER | PER | CDER |

baseline: monotone search 18.2 | 68.6| 72.6 | 54.2| 61.3
reorder verbs 18.4 | 67.8| 71.6 | 53.8| 61.0

German into English. In Table 4.27 the separatedBEU scores can be seen. Improvements
in the syntactic structure on the reordered set are sultiortboth translation directions. The
rest of the sentences in the English output are also imprafgtbugh much less. However, the
rest of the sentences in the German output are slightlyidedéed by reorderings. One possi-
ble reason for this has already been mentioned in the discuabout the standard evaluation

Table 4.24: Separated translation results [%] for Engh§&lerman translation of the Ue
ROPARL corpus: reordered sentences and the rest.

| English—German, EIROPARL | BLEU | TER | WER | PER | CDER |
reordered baseline: monotone seargh 15.8 | 70.6| 75.0 | 55.0| 63.1
reorder verbs 16.1 | 69.6| 73.8 | 54.7| 62.8
not reordered baseline: monotone seargh 23.4 | 63.8| 66.9 | 52.2| 56.9
reorder verbs 23.6 | 63.4| 66.5|51.8| 56.9
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out long-range reorderings of verbs.

original English sentence:

reordered English sentenc

generated German senten
without reordering:

with reordering:

| would urge youo supportthe relevant amendments.
> would urge you the relevant amendmetadsupport
ce:
Ich bitte Siezu unterstitzen,die entsprechenden
Anderungsantrage .
Ich bitte Sie , die entsprechenden Anderungsantrage
zu unterstutzen

reference German sentenc

elch bitte um Unterstitzung der entsprechenden Antrg

original English sentence:
reordered English sentencg
generated German senten
without reordering:
with reordering:

But here again we shoulaefrank.
2:But here again we should frarie
ce:

Auch hier sollten wir ehrlich.

Doch auch hier sollten wir offegein

reference German sentenc

eAber auch hier sollten wir offen sein.

Table 4.25: Examples of EnglishGerman translation of thelROPARL corpus with and with-

ge.

metrics, namely that these long-range reorderings prosgocee difficulties for the translation
models by introducing more (rarely seen) phrases.

Table 4.26: BSBLEU scores [%] for both translation directions on theOPARL corpus:
long-range reorderings of verbs.

| EUROPARL | German-English| English—German|
baseline: monotone seargh 36.3 20.8
reorder verbs 38.2 21.2

Table 4.27: SeparatedoBBLEU scores [%] for both translation directions on theROPARL
corpus: reordered sentences and the rest.

| EUROPARL | German-English| English—German|
reordered baseline: monotone sear¢h 34.7 18.5
reorder verbs 36.6 19.3
not reordered baseline: monotone seargh 47.0 25.9
reorder verbs 47.8 25.6

Translation of word graphs

For both translation directions, word graphs created frioendariginal and the reordered sen-
tences are investigated. As for the local reorderings destrin Section 4.1, two training
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options are explored: with the original corpus (baselime) @ith the reordered source train-
ing corpus (reorder verb). For Germaiienglish translation, the additional paths introduced by
local reorderings of different verb types and pronouns dlesd in Section 4.2 are tested. The
results for Germar-English translation are shown in Table 4.28.

For both corpora similar tendencies can be observed. Thedsests are obtained by training
with the reordered German text and translation of word ggdyased on long-range reorderings
together with additional local reorderings. For theROPARL corpus, the translation of word
graphs with the baseline system does not result in any ingonewnts except of a small increase
of the BLEU score. With the system trained on the reordered corpus, gragths based on long-
range reorderings perform better than simple reordere@isess, and additional improvements
are achieved by introducing local reorderings in the gréjur.the VERBMOBIL corpus, trans-
lation of a word graph with the baseline system already lsrgignificant improvements. One
possible reason for this is the different nature of the captihe VERBMOBIL corpus is small
compared to the EROPARL corpus, and sentences are shorter. Preprocessing of thiedra
and test corpus achieve larger improvements which areduititcreased using word graphs,
especially with graphs enhanced with local reorderingses€éhocal reordering paths seem to
have much more importance for th&eRBMOBIL data, probably because of a number of inter-
rogative sentences; as reported in [Nie3en & Ney 01a], guesiversion is an important issue
for this corpus.

For the other translation direction, the results are reggbirt Table 4.29. Using word graphs
already improves the translation quality slightly with th@seline system, but improvements
are larger if the reordering of verbs is applied in trainimgl aest. Word graphs translated with
the new system do not lead to any improvements. One pos&aton is complexity of this
kind of reorderings: after applying the fixed reorderindggre are still a number of possiblbe
reorderings which cannot be covered with a simple word graigihtwo alternative paths.

Table 4.28: Translation of word graphs: results [%] for GanmEnglish translation of the
EUROPARL and VERBMOBIL corpus.

| German-English | BLEU | TER | WER | PER | CDER |
EUROPARL baseline: monotone seargh 24.4 | 61.3| 66.9 | 45.9| 55.6
+graph 246 | 61.3| 66.9 | 459| 55.6
reorder verbs 256 | 60.2| 65.4 | 45.7| 54.4
+graph 25.8 | 60.0| 65.3 | 45.7| 54.3
+local 259 | 59.8| 65.0 | 45.6| 54.1
VERBMOBIL | baseline: monotone seargh 38.4 | 37.5| 43.1 | 27.5| 38.3
+graph 40.2 | 36.9| 41.8 | 27.8| 37.5
reorder verbs 41.8 | 35.4| 40.1 | 26.4| 36.5
+graph 419 | 35.2| 404 | 26.7| 36.2
+local 43.2 | 34.9| 39.5| 26.6| 35.8
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Table 4.29: Translation of word graphs: results [%] for Esigl-German translation of the
EUROPARL corpus.

| English—German | BLEU | TER | WER | PER | CDER |
baseline: monotone sear¢gh 18.2 | 68.6| 72.6 | 54.2| 61.3
+graph 18.4 | 68.2| 72.1 | 54.0| 61.0
reorder verbs 184 | 67.8| 71.6 | 53.8| 61.0
+graph 18.4 | 67.8| 71.7 | 53.7| 61.0

4.4 Conclusions

Two novel methods for harmonising the word order betweemcgoand target language us-
ing only Pos tags of the source language are presented and systenyagcallated: local
reorderings of adjectives and long-range reorderings disreExperiments showed that both
types of ®s-based word reordering improve translation quality fofediént language pairs and
translation directions. However, it should be kept in minattthe appropriate methods and the
achieved improvements significantly depend on the langpagethe translation direction and
the nature of the corpus.

Local reorderings are tested for translation between Spaamd English, and small but con-
sistent improvements are observed for both translatieectons on three test corpora. For the
translation from Spanish into English, the.BBJ score is increased from 52% to 52.5% and
TER is reduced from 34.6% to 34.4%. For the other translatioaction the BREU score is
increased from 48.2% to 49.0% and@R'is reduced from 38.5% to 38.1%. These reorderings
can be useful for any other language pair with similar diganeies between word order, such
as translation between any Romance language and (sayskmglGerman. The method can
be applied for any other word classes, such as verbs andejypeonouns and verbs, etc.

long-range reorderings are examined for the translatitwden German and English. For
translation from German into English, systematic expenits@re performed on two different
corpora in order to investigate each type of word reordes@garately as well as their most
promising combinations. The best combination yielded trease of the BEu score from
24.4% to 25.6% for the EROPARL corpus and from 38.4% to 41.8% for theERBMOBIL
corpus. ER for the EUROPARL corpus is reduced from 61.3% to 60.0%, and for tlEREMO-
BIL corpus from 37.5% to 35.4%. Two novel verb reorderings aop@sed which have never
been dealt with in previous work, i.e. treating infinitiveglw'zu” and past participles, and are
shown to be important for translation performance. Thugadsible long-range discrepancies
between German and English verbs are covered in this workravwements obtained for the
other translation direction are smaller, partly becausesiation into German is difficult in gen-
eral, and partly because only two possible reorderingsested. The BEU score is improved
from 18.2% to 18.4% and &R from 68.6% to 67.8%. These experiments should be extended
in future work by introducing more reorderings and systecriavestigation of each one.

In addition to fixed reorderings of the test corpus, tramstabf word graphs allowing all
possible paths produced with and without reordering isagal. Word graphs are translated
with the baseline system without reorderings as well as #ithnew system trained on the
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reordered source corpus. The following tendencies areroése

» word graphs translated with the new system obtained thet Ibesults for
German-English and English>Spanish translation;

» for German-English translation, additional paths generated by laaaiderings of verbs
and pronouns yielded best results for both corpora, edpefoathe VERBMOBIL cor-
pus;

» fixed reorderings both in the training and in the test coqmasiuced the best results for
Spanish~English and English-German translation.

The word graphs investigated in this work do not contain ampabilities. Standard prob-
abilities presented in other publications are not appaterior these methods since they are
extracted from word alignments, and preliminary experita@sing relative frequencies of par-
ticular Pos tag sequences in the target language have not shown anyviempents. For the
methods described in this work, systematic investigatavesnecessary to determine the opti-
mal way for calculating probabilities. They will be expldrim the future.
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5 Translation with scarce bilingual
resources

The performance of a statistical machine translation systepends on the size of the avail-
able training corpus. Usually, the larger the corpus, thtebés the performance of a corpus-
based translation system. Whereas the task of finding apatepnonolingual text for the
language model is not considered as difficult, the acqarsitif a large high-quality bilingual
parallel text for the desired domain and language pair requa lot of time and effort, and for
some language pairs is not even possible. In addition, ssogtlora have certain advantages:
the possibility of the manual creation of the corpus, thesfids manual corrections of an auto-
matically collected corpus, low memory and time requiretador the training of a translation
system, etc.

This work aims at achieving the best possible translaticadityuwith the smallest possible
amount of bilingual training data. Three language pairsiavestigated using various types
of training data and appropriate morpho-syntactic tramsé&tions. The general scheme for
training and translation with scarce bilingual resourcéh e help of an additional morpho-
syntactic knowledge is presented in Figure 5.1. The trénslanodels are trained on the bilin-
gual corpus. Applying adequate morpho-syntactic tramsé&bions on the source, target or both
parts of this corpus can enable better learning of modeis fparse data. The language model
is trained on a monolingual corpus in the target languages ddrpus can be the target part of
the bilingual corpus, but can also be a totally independedt Of course, the translation quality
will depend on the nature of this text, so if possible, it dddae related to the domain of the
bilingual training material. For the translation procebg, same morpho-syntactic transforma-
tions should be applied on the test corpus. Inverse tramsfiions are necessary after the search
if the target part is affected by morpho-syntactic modifmas. For example, if we use split-
ting German compound words for translation from Englislo iGerman, after the translation
process we need to merge the split German components.

5.1 Bilingual corpora

5.1.1 Conventional dictionaries

The use of conventional dictionaries (one word and its tedios (S) per entry) have been pro-
posed in [Brown & Della Pietra 93] and they are shown to be valuable resources for statiistic
machine translation systems. They can be used to augmeatsntb replace the training cor-
pus. This thesis investigates both of those two aspectsvibtanguage pairs, Spanish—English
and German-English. For each language pair, adequate meypitactic information is used
in order to enable better learning from the dictionaries.
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bilingual corpus

source étarget
language: language

monolingual corpus

target language
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morpho-syntactic | ( morpho-syntactic morpho-syntactic
transformations transformations transformations

training of —
translation models training of
language model

translation
models

source morpho-syntactic search for inverse output
i imal t lation i
sentence transformations optimal translatio transformations sentence

Figure 5.1: General scheme for training and translatioh sdrce bilingual resources and ad-
ditional morpho-syntactic knowledge.
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B

language model

For the Spanish—English pair, a manually created conveait®panish—English dictionary
not related to any particular task is used. The dictionantaios about fifty thousand entries,
sixty thousand running words and thirty thousand distinatds for each language. This dic-
tionary mainly contains short entries, i.e. single wordd exatively short phrases and expres-
sions. The average length is 1.2 words per entry. The mgjoirivords are in their base form,
but some inflected forms can be found too. More than 60% of idtendt words are singletons.
The summarised statistics along with the test corpora asepted in Table A.1 in Appendix A.

The German—English dictionary used in this work is consé&didy the concatenation of
the dictionary created at Chemnitz univer$ignd the dictionary used as additional bilingual
knowledge source for the BRBMOBIL project described in [Niel3en 02]. This dictionary con-
sists mainly of short entries containing single words or lsmard groups, like the Spanish—
English dictionary. On the other hand, as well as shortesitthe Chemnitz dictionary contains
a number of expressions in the form of complete (short) seetethus covering a certain num-
ber of morphological and syntactic phenomena. The aveeggHh is about 2 words per entry.
This dictionary has been manually created during more tharyéars and new entries are still
being added. The final dictionary consists of about threelfachthousand entries, four hun-
dred thousand running German words and five hundred thousanthg English words. The
German vocabulary has more than one hundred thousandatlistinds and the English about
eighty thousand. About 60% of the distinct German words &bfb 4f the distinct English
words are singletons. The complete statistics can be fauiidble A.2.

http://www.quassa.com/lexiconData/english-spanish/e ng-spa.dict.gz
2http://wftp.tu-chemnitz.de/pub/Local/urz/ding/de-en /de-en.txt
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5.1 Bilingual corpora

5.1.2 Phrasal lexica

Although conventional dictionaries are shown to be veryfulséhe main drawback is that
they typically do not cover morphological and syntactic pomaena of languages. The en-
tries normally contain only one or two words, usually basen® and not many inflections.
The use of morphological expansions for overcoming moigdiobl problems is investigated
in [Niel3en & Ney 04] for translation from German into Engliahd in [Vogel & Monson 04]
for translation from Chinese into English. Still, the dactaries normally contain one word per
entry and do not take into account phrases, idioms and sioolaplex expressions.

This work, in addition to dictionaries, exploits a phrasaditon (one phrase and its transla-
tion(s) per entry) as a bilingual knowledge source faITS A phrasal lexicon is expected to be
especially helpful to overcome some difficulties relateth®context which cannot be handled
well with standard dictionaries.

The phrasal lexicon used in our experiments consists oftakauhousand English phrases
and their translations into Spanish and German. These $fnghrases have been extracted
partly from various dialogue corpora and web-sites and baea partly created manually. The
domain is not determined although a number of phrases codi@iogues. The average phrase
length is about four words per entry. However, the vocalesaare rather large for all three
languages containing as they do more than ten thousandalistords. More than 60% of
these words are singletons. Summarised statistics carehars@ables A.1 and A.2.

Short phrases: The short phrasésused as an additional bilingual knowledge source for
Serbian—English translation contain about three hundretfifty standard words and short
expressions with an average entry length of 1.8 words fdni&erand two words for English.
These phrases, although very scarce, might still be uséélifianal training material for a very
small bilingual corpus. The statistics for these phrasegpegsented in Table A.4.

5.1.3 Small task-specific corpora

Spanish—English: The translation systems for this language pair are testeéiesame TC-
STAR corpora used in the experiments dealing with the local rrimds described in Sec-
tion 4.3. In order to investigate sparse training data stesawo sets of small training corpora
have been constructed by the random selection of sentaresie original corpus. The small
corpus referred to as 13k contains about 1% of the origingus The corpus referred to as 1k
contains only one thousand sentences; such a corpus candiecpd manually in a relatively
short time. In Table A.1 the statistics of these corpora @afolbnd.

German—-English: A small subset containing one thousand sentences is ragdaxtracted
from the original EJROPARL training corpus. The translation is performed on the sarsie te
corpus as the long-range reordering experiments in Sedt&nCorpus statistics are presented
in Table A.2.

Serbian—-English: The manually created electronic form of a language courséagts two
thousand and six hundred sentences and twenty five thousanithg words of various types of
conversations and descriptions as well as a few short ngpespaticles. The average sentence

Shttp://www.travlang.com/languages/ - Foreign languages for travellers
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5 Translation with scarce bilingual resources

length for Serbian is about 8.5 words, and for English abobt #Although the full corpus
is already scarce, in order to investigate a scenario wittemely scarce training material, a
reduced training corpus was created by random extractiswahundred sentences from the
original training corpus. The translation is performed ba test part of the language course
corpus containing two hundred and sixty sentences. In éodamine the effects of translating
data not related to a specific domain, we also translated b t@sisset collected from the BBC
News web-site. Table A.4 contains the statistics for alpooa.

5.2 Morpho-syntactic transformations

Spanish—English

For this language pair, the local reorderings of nouns ajettades described in Section 4.1
are applied for both translation directions. Apart fromsthfior translation into English, all
Spanish adjectives are replaced with their base forms. Tdteation for this is the following:
Spanish adjectives, in contrast to English, have four péssnflectional forms depending on
gender and number. This introduces additional data spasseroblems, especially if only a
small amount of training data is available. It should be dakat although Spanish verbs have
a much richer morphology than adjectives, we do not replaemtwith base forms: most verb
inflections carry important information for translatiortarEnglish, such as person, tense, etc.

German-English

For German—English translation with scarce resourcestypes of morpho-syntactic trans-
formations are applied: the long-range reordering of vaxbdescribed in Section 4.2 and the
splitting of compound words.

German compound words pose special problems to statisti@ehine translation systems:
occurrences of each of the components in the training daiat isufficient for successful trans-
lation. Even if the compound itself has been seen in theitrgjithe system may not be capable
of translating it properly into two or more words. This cangaaticularly problematic if only
a small amount of training material is available. We perfdine frequency-based splitting pro-
posed in [Koehn & Knight 03] in the following way:

* each capitalised word which consists of two or more wordsidng in the training vo-
cabulary is considered as a compound word;
« for each compound word:
— the frequency of the compound itsé&{w) and the frequencies of its components
N(ws),...,N(wk) are collected

— the geometric mean of the component frequencies is cagcllat
1
GM(fy,..., fk) = (MK_{N(f))x
— the compound word is split BM(fy, ..., fx) > N(f)
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Serbian—English

The rich inflectional morphology of the Serbian languageegaogroblems, especially for
translation with scarce resources. The Serbian full forhie@words usually contain informa-
tion which is not relevant for translation into English. Tére we convert all Serbian words
into their base forms. Nevertheless, the inflections of @arlserbs might contain relevant in-
formation about person and tense, which is especially itapoif the pronoun is omitted (as in
the case of Spanish verbs). Apart from this, there are theeai&h verbs which are negated by
appending the negative particle to the verb as a prefix. Thasdditional treatment of the Ser-
bian verbs is applied. Whereas all other word classes direegliaced only by their base forms,
for each verb a part of thed3 tag referring to the person is taken and the verb is converted
into a sequence of this tag and the base form. For the thrés vath a prefix negation, the
separation of the negative particle from the verb is alsdiegpgo that each negative full formis
transformed into the sequence of theRag, negative particle and base form. The transformed
Serbian corpora contain significantly fewer singletons @ad words than the original ones.

For translation from English into Serbian, we remove alkcées from the English part of the
corpus; articles are one of the most frequent word clasgesgtish, but on the other hand there
are no articles at all in Serbian. This method significargijuces the number of running words
and the average sentence length of the English corpus tlwosnirey more comparable to the
corresponding values of the Serbian corpus.

5.3 Experimental results

Spanish—English language pair

The following set-ups are defined for the Spanish—Englisguage pair:
« training only on the conventional dictionary (dictiongry
« training on the very small task-specific bilingual corpik)(
« training on the small task-specific bilingual corpus (13k)
« training on the large task-specific bilingual corpus (1)3M
The language model for all set-ups is trained on the largpusor
In this section, the results for the test corpus used in tersk TC-SAR evaluation are

presented. Results obtained on the test corpus from theefisdtiation and on the Spanish
Parliament test corpus can be found in Appendix C.

Spanish—English: Table 5.1 presents the results for translation from Spatoidbnglish.
As expected, the error rates of the system trained only omitt®nary are rather high, and
morpho-syntactic transformations improve the perforneani€or this system, reorderings are
applied only on the test corpus since the dictionary costamly short entries. Reducing Span-
ish adjectives to base forms decreases the @te by 2% absolute and further improves the
translation quality. An additional experiment witho@s is performed for this set-up: all un-
seen full form words whose base form has been seen in thewmtayi are replaced by this
base form. This leads to a significant reduction of tr@vQ@ate and further improvements of
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Table 5.1: Translation results and@ rates [%] for Spanish-English translation of the TC-
STAR corpus: different sizes of training corpora and appropriabrpho-syntactic
transformations.

| Spanish~English || BLEU | TER | WER | PER | CDER || Oov rate |
dictionary 19.2 | 60.4| 62.5|49.7| 58.3 19.7

+reorder adjectiveg 21.5 | 58.8| 60.7 | 49.4| 56.4 19.7
+adjective base 22.8 | 57.6| 59.5|48.0| 55.2 17.7

+ OovV base 23.8 | 56.2| 58.3 | 46.3| 53.9 7.5
1k 27.8 | 52.2| 54.1 | 41.8| 50.2 11.9
+dictionary 340 | 47.2| 49.6 | 36.9| 46.4 7.3
+reorder adjective§y 37.4 | 45.1| 47.1 | 36.1| 43.7 7.3
+adjective base 37.8 | 449| 469 | 36.0| 434 6.6
13k 416 |41.6| 44.2 | 31.6| 40.6 3.8
+dictionary 43.2 | 40.3| 43.0 | 31.0| 40.2 2.9

+reorder adjectiveg 45.3 | 39.3| 41.6 | 30.6| 38.0 2.9
+adjective base 45.2 | 39.3| 41.7 | 30.6| 38.0 2.9
1.3M 52.0 | 34.6| 36.9 | 26.3| 33.7 0.6
+reorder adjective§ 52.5 | 34.4| 36.7 | 26.3| 33.4 0.6

the translation performance. Although the final error ratiésr all morpho-syntactic transfor-
mations are still high, they might be acceptable for tasker@lonly the gist of the translated
text is needed, like for example document classification oltimgual information retrieval.
Additional morpho-syntactic transformations such astinemt of Spanish verbs could further
improve the performance.

When only a very small amount of task-specific bilingual galaext is used (1k), all error
rates are decreased and theeB score is increased in comparison to the system trained on the
dictionary alone, although they still remain rather highurtRermore, it can be seen that the
dictionary is very helpful as an additional training coraunsl the morpho-syntactic transforma-
tions have a significant impact so that the final error rateseduced by about 15% relative in
comparison to the baseline system. By increasing the sileeafask-specific training corpus
(13k), all error rates decrease further and can be furtlierced with help of the dictionary and
morpho-syntactic transformations.

The best results obtained with the large corpus are aboutréP®tive better than the best
results with the small corpus (13k) and about 25% relatiitebén comparison with the very
small corpus (1k). These differences seem to be very largey® have to keep in mind how
large the differences between the corpus sizes are, eBpecigerms of the time and effort
necessary for collecting and handling large corpora.

It should be noted that the impact of a dictionary as addlitraining material has not been
tested for the full corpus since the corpus itself is suffilielarge. The replacement of Spanish
adjectives with their base forms is also not tested on thectrpus since improvements are
already insignificant for the 13k corpus. Apart from thigah be seen that the local reorderings
lead to more significant improvements for small trainingpooa. This happens because the
baseline phrase-based translation system can handle \eryoeal word order differences
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which are seen sufficiently often in the training corpus. ldegr, the unseen or rarely seen
phrases pose reordering problems, and in small corporauimder of such phrases is much
higher.

An illustration of translation with scarce resources isspraged in Table 5.2. With the full
training corpus, the system produces a completely corngipiud. The system trained on the
small corpus (13k) fails to produce the correct word orded, the problem is solved by applying
the local adjective reorderings. When only the very smalining corpus is used (1k), the
translation system has difficulties both with word order avith the unseen adjective form
“distinta”. By applying local word reorderings and redectiof adjectives into bases, the system
becomes capable to produce the correct output. Generatingct output becomes even more
difficult when only the dictionary is used as a training capapart from the wrong word order,
two unseen words (“tienen” and “distinta”) and one extradv@states”) is present. Reordering
of the test corpus and reducing all adjectives and unsekfofais to base forms significantly
improves the translation output, but it is still not corrbetause the extra word remains.

Table 5.2: Example of SpaniskEnglish translation with different sizes of training coraavith
and without transformations.

\ Spanish sentence: Los jovenes tienen una vision distinta de Europa. \

generated English sentence
1.3M: | The young people have a different vision of Europe.

13k: | The young people havewsion differentof Europe.

+reorder:| The young people have a different vision of Europe.

1k: | The young people havewsion distintaof Europe.
+reorder+adj-bases: The young people have a different vision of Europe.
dictionary: | Statesyoung peopldienenavision distintaof Europe.
+reorder+v-bases:| Statesyoung people have a different vision of Europe.

\ reference English sentenc\e':l’he young people have a different vision of Europq.

English—Spanish: The translation results for the other direction can be seéfable 5.3.
Error rates are higher due to the inflectional morphologhef3panish language, and the effects
of the training corpus size, dictionary and morpho-symtacansformations are very similar as
for the translation into English. The improvements from i@ pho-syntactic transformations
are slightly smaller than for the translation into Engligiedo the phenomenon already de-
scribed in previous sections; in the Spanish language tieetac group is not always situated
behind the noun. Nevertheless, for this translation dwat¢he same phenomenon can be noted;
local reorderings are especially important for the smalhing corpora.

Translation of word graphs
This section presents results of the translation of wor@lyggaas described in Section 4.1 by
systems trained on the sparse training corpora. Like intper@aments described in Section 4.3,

training is done both with the original corpus (baseling) aith the reordered source language
corpus (reorder adjectives) except for the dictionary gdaged in the previous section.
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Table 5.3: Translation results and@ rates [%] for English-Spanish translation of the TC-
STAR corpus: different sizes of training corpora and appropriabrpho-syntactic
transformations.

| English—Spanish|| BLEU | TER | WER | PER | CDER || Oov rate |

dictionary 15.6 | 65.3| 66.7 | 55.8| 63.6 14.9
+reorder adjectiveg 17.5 | 63.8| 65.2 | 54.8| 62.0 14.9
1k 22.6 | 59.1| 60.8 | 49.2| 57.1 10.5
+dictionary 25.8 | 55.3| 57.2 | 45.8| 53.8 4.9
+reorder adjectiveg 27.5 | 54.9| 56.8 | 44.9| 53.2 4.9
13k 36.7 | 47.0| 49.1 | 37.8| 46.0 2.8
+dictionary 37.6 | 46.4| 48.4 | 37.2| 45.6 2.0
+reorder adjectivey 39.4 | 44.8| 46.8 | 36.4| 44.1 2.0
1.3M 48.2 | 385| 404 | 31.1| 37.6 0.4
+reorder adjectivegy 49.0 | 38.1| 39.8 | 30.8| 37.0 0.4

Spanish—English: The translation results are presented in Table 5.4. For itt@ary,
the use of the graph significantly improves the translatieriggmance, but the best results are
obtained by the fixed reordering of the test set. Similar ¢metes can be seen for both small
task-specific corpora.

Table 5.4: Translation results ando@ rates [%] on the small training corpora for the
Spanish~English reordering word graphs.

| Spanish~English || BLEU | TER | WER | PER | CDER || Oov rate |

dictionary 19.2 | 60.4| 62.5| 49.7| 58.3 19.7
+graph 215 | 59.0| 60.8 |49.4| 56.6
+reorder adjectiveg 21.5 | 58.8| 60.7 | 49.4| 56.4
1k 27.8 | 52.2| 54.1 | 41.8| 50.2 11.9
+graph 29.8 | 50.7| 52.6 | 41.4| 48.8
reorder adjectives| 30.1 | 50.2| 52.1 | 40.8| 48.2
+graph 30.1 | 50.3| 52.2 | 40.8| 48.3
13k 416 | 41.6| 44.2 | 31.6| 40.6 3.8
+graph 44.1 | 40.2| 425 | 31.3| 38.8
reorder adjectives|| 43.9 | 40.2| 42.4 | 31.5| 38.8
+graph 44.0 | 40.2| 425 | 31.4| 38.9

English—Spanish: As for the large training corpus, the graphs seem to be moperirant
for this translation direction. Table 5.5 shows that for tta@ning on the dictionary alone, the
translation of word graphs yields the best translationqgrernce. For the very small corpus
(1k), the best performance is achieved with reorderingaming and word graph translation,
whereas for the small corpus (13k) word graph translationgughe baseline system outper-
forms other configurations. However, the results for thedered training corpus and the word
graph are very close to the best ones.
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Table 5.5: Translation results ando@ rates [%] on the small training corpora for the
English—Spanish reordering word graphs.

| English—Spanish|| BLEU | TER | WER | PER | CDER || Oov rate |

dictionary 15.6 | 65.3| 66.7 | 55.8| 63.6 14.9
+graph 18.0 | 63.5| 64.8 | 54.7| 61.6
+reorder adjectiveg 17.5 | 63.8| 65.2 | 54.8| 62.0
1k 22.6 | 59.1| 60.8 | 49.2| 57.1 10.5
+graph 24.4 | 57.3| 58.9 | 48.2| 55.4
reorder adjectives| 24.0 | 57.6| 59.5 | 47.8| 55.5
+graph 24.7 | 57.1| 58.9 | 47.6| 55.0
13k 36.7 | 47.0| 49.1 | 37.8| 46.0 2.8
+graph 394 | 45.1| 47.0| 36.8| 44.0
reorder adjectives|| 38.2 | 45.6| 47.6 | 37.1| 44.6
+graph 39.1 | 45.3| 47.1 | 37.0| 44.1

Phrasal lexicon

This section presents translation results for the Spahisglish phrasal lexicon described
in Section 5.1.2. For exploring the translation with phidssicon, the following set-ups are
defined:

* training on the phrasal lexicon (phrases);
* training on the reordered phrasal lexicon (reorder aje)t

 training on the phrasal lexicon together with the conwamdl dictionary
(phrases+dictionary).

The language model is trained on the large task-specificisogs for the experiments described
in the sections above.

Translation results are presented in Tables 5.6 and 5. hdtbtranslation directions, the best
configuration is translation of word graph without reordgrin training. For Spanish English
translation, these results are very similar to those obthmth fixed reorderings in training and
test. For the other translation direction this best configan clearly outperforms all other.

Table 5.6: Translation results and@ rates [%] on the phrasal lexicon for Spanisinglish:
local reorderings and word graphs.

| Spanish~English || BLEU | TER | WER | PER | CDER || Oov rate |

phrases 22.8 | 56.5| 58.4 | 46.6| 54.4 22.4
+graph 244 | 55.3| 57.0 | 46.3| 53.1
reorder adjectives|| 24.2 | 55.2| 57.0 | 46.4| 53.1
+graph 24.1 | 55.5| 57.3 | 46.4| 53.4
phrases+dictionary 29.4 | 51.5| 53.6 | 41.2| 49.7 14.2
+graph 32.0 | 49.8| 51.8 | 40.7| 47.9
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5 Translation with scarce bilingual resources

Table 5.7: Translation results and@ rates [%] on the phrasal lexicon for EnglistSpanish:
local reorderings and word graphs.

| English—Spanish || BLEU | TER | WER | PER | CDER || Oov rate |

phrases 17.8 | 63.2| 64.7 | 53.4| 614 17.1
+graph 194 | 61.8| 63.1 | 52.8| 59.9
reorder adjectives|| 18.4 | 62.4| 63.8 | 53.3| 60.6
+graph 19.2 | 62.0| 63.3 | 53.0| 60.2
phrases+dictionary 23.1 | 58.4| 60.1 | 48.6| 56.8 9.9
+graph 25.8 | 56.4| 57.9 | 47.6| 54.8

Joining the phrasal lexicon with the conventional dictigneeduces the number of @s,
and the translation results significantly outperform thoisined on one of the corpora alone.
Using word graphs for such a translation system further awgs the translation quality for
both translation directions.

German—English language pair

For the German—English pair the following configuratiors @efined:
« training only on the conventional dictionary (dictiongry
* training on the very small task-specific bilingual corplik)(
« training on the large task-specific bilingual corpus (700k
The language model for all systems is again trained on tige lewrpus.

German—English: Results are presented in Table 5.8. The performance of ttiermary
alone is similar to the performance of the 1k corpus; tleey@ate for the small corpus is much
higher since the dictionary has a very rich vocabulary asri®=d in Section 5.1.1. However,
the sentences in the dictionary are short so that syntadaticgmena are handled better with the
task-specific corpus. Long-range verb reorderings impt@areslation performance for all set-
ups, and additional gains are obtained by compound spjittifihe improvements obtained by
verb reorderings are similar for all corpora, and the conmglagplitting has a larger impact for
the small training sets. More results of compound splitforghe large corpus can be found in
Section C.1 in Appendix C. The best results on the large carpee about 15% relative better
than the best results with the small corpus (0.14% of thecfaribus size) with the dictionary.

English—German: Table 5.9 shows the results for translation into German. iAgaror
rates for the dictionary are similar to those with the 1k asrpnd are improved by long-range
infinitive and past participle reorderings. However, it danobserved that for this translation
direction, improvements from the reorderings are smatletife small corpus than for the large
one. The most probable reason for this is precisely the tange, as already mentioned in Sec-
tion 4.3; long distances between words within a phrase gdiggrose problems for translation

4The approach used in this work is corpus-based which coigé the question as to whether splitting can be
done adequately if only a small amount of text is availabl@wEelver, we follow the same reasoning as for
language model training; since for the splitting only a miergual German corpus is needed, we perform all
splittings learnt from the largest corpus.
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systems by generating rare patterns even if the word ordéeisource and target language is
harmonised. These problems are even greater if only a sraigirtg corpus is available.

Table 5.8: Translation results and@ rates [%] for German-English translation of the &
ROPARL corpus: different sizes of training corpora and appropmabrpho-syntactic
transformations.

German—English| BLEU | TER | WER | PER | CDER || Oov rate |

dictionary 11.7 | 74.8| 785 |59.2| 67.8 10.2
+reorder verbs 125 | 73.4| 77.1 | 58.6| 66.6 10.2
+split compounds| 12.8 | 73.0| 76.8 | 57.9| 66.2 9.6
1k 11.6 | 75.2| 78.5| 60.3| 68.5 16.4
+dictionary 146 | 71.6| 75.8 | 55.9| 64.8 6.6

+reorder verbs 15.0 | 70.7| 749 | 55.4| 64.0 6.6
+split compounds|| 15.7 | 70.0| 74.2 | 54.5| 63.4 5.6
700k 24.4 | 61.3| 66.9 | 45.9| 55.6 0.8
+reorder verbs 25.6 | 60.2| 65.4 | 45.7| 54.4 0.8
+split compounds|| 25.6 | 59.8| 65.1 | 45.2| 54.4 0.7

Table 5.9: Translation results and@ rates [%)] for English~German translation of thele
ROPARL corpus: different sizes of training corpora and appropmabrpho-syntactic
transformations.

English—German|| BLEU | TER | WER | PER | CDER || Oov rate |

dictionary 89 |804| 83.1|657| 714 4.2
+reorder verbs 9.3 | 80.0| 82.8|65.6| 70.8 4.2
1k 8.4 |829| 855 |68.1| 72.1 10.2
+dictionary 10.8 | 78.9| 81.9 | 64.0| 69.1 2.2
+reorder verbs 11.0 | 78.7| 81.8 | 64.0| 68.9 2.2
700k 18.2 | 68.6| 72.6 | 54.2| 61.3 0.2
+reorder verbs 18.4 | 67.8| 71.6 | 53.8| 61.0 0.2

Translation of word graphs

The results of the translation of the German word graphsritestin Section 4.2 using
sparse training corpora are shown in Table 5.10. Trainiag#&n done with the original corpus
(baseline) as well as with the reordered source languagrisdreorder verbs). Reordering in
training is examined also for the dictionary because itamsta number of short sentences, in
contrast to the Spanish—English dictionary.

Similar to the case of the full training corpus (Section 4tBg best solution is to translate
word graphs with additional local reorderings. Howevecaih be noted that for the dictionary,
the best performance is achieved when the reordering minigais applied, whereas for the 1k
the better solution is to translate with the original syst&ime same tendencies are observed for
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Table 5.10: Translation results ando® rates [%] on the small training corpora for the
German-English reordering word graphs.

| German~English|| BLEU

TER | WER | PER | CDER || Oov rate |

dictionary 11.7 | 74.8| 78,5 | 59.2| 67.8 10.2
+graph 12.6 | 73.5| 77.2 | 58.7| 66.6
+local 12.6 | 73.7| 77.1 | 58.6| 66.5
reorder verbs 12.6 | 73.4| 77.1 | 58.6| 66.6
+graph 128 | 73.2| 76.9 | 58.5| 66.4
+local 129 | 73.1| 76.8 | 58.4| 66.4
1k 11.6 | 75.2| 78,5 | 60.3| 68.5 16.4
+graph 12.2 | 74.4| 77.7 | 60.0| 67.7
+local 12.4 | 74.4| 77.8 | 60.0| 67.6
reorder verbs 119 | 74.8| 78.2 | 60.2| 67.9
+graph 121 | 74.7| 78.0 | 60.2| 67.8
+local 12.3 | 74.8| 78.2 | 60.4| 67.6

Table 5.11: Translation results ando® rates [%] on the small training corpora for the
English—German reordering word graphs.

| English-~German|| BLEU | TER | WER | PER | CDER | Oov rate |

dictionary 89 |804| 83.1|657| 714 4.2
+graph 9.1 | 80.1| 82.8|65.6| 71.1
reorder verbs 9.3 | 80.1| 82.8| 65.6| 70.8
+graph 94 | 79.9| 82.6 | 65.3| 70.7
1k 8.4 |829| 855 |68.1| 72.1 10.2
+graph 85 |825| 85.0|68.0, 71.8
reorder verbs 8.4 |83.2| 85.7|68.9| 71.7
+graph 84 |834| 859|689 717

the other translation direction presented in Table 5.1klwvban be explained by phenomena al-
ready mentioned in previous sections, i.e. that positigoinverbs away from their correspond-
ing pronouns/auxiliaries/modals introduces certaindaliffies for statistical models, especially
for small training corpora. However, for translation frorer@an into English a straighforward
explanation for this phenomenon is not yet easy to find. Intexhd all the results are quite
close. More experiments and detailed error analysis shoellderformed before making any
conclusions.

Phrasal lexicon

Analogously to the Spanish—English language pair, theoiotlg set-ups are defined for
translation using the German—English phrasal lexicon:

* training on the phrasal lexicon (phrases);
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5.3 Experimental results

« training on the reordered phrasal lexicon (reorder verbs)

 training on the phrasal lexicon together with the conwamd dictionary
(phrases+dictionary).

Translation from German into English using the phrasaldexi(Table 5.12) yields the best
results with the word graph and reorderings in training. $ame configuration produces the
best results also when both phrasal lexicon and dictionaysed for training, although very
similar performance is obtained without reorderings imnireg. For translation into German
(Table 5.13), the best option is to translate word graphsawit reorderings in training.

Table 5.12: Translation results anec@rates [%] on the phrasal lexicon for Germagnglish:
long-range reorderings and word graphs.

German—English || BLEU | TER | WER | PER | CDER || Oov rate |

phrases 6.5 | 80.7| 83.5|66.0| 73.2 25.4
+graph 6.9 | 80.0| 82.8|65.8| 72.4
+local 7.1 | 79.6| 824|656 72.1
reorder verbs 7.0 | 78.7| 81.4|64.8| 725
+graph 7.1 | 789| 81.6|64.8| 72.6
+local 7.3 | 78.3| 81.0|645| 721
phrases+dictionary 12.8 | 73.5| 77.4 | 58.1| 66.7 9.1
+graph 135 | 72.4| 76.2 | 57.6| 65.6
+local 13.6 | 72.2| 76.1 | 57.6| 65.6
reorder verbs 13.2 | 72.6| 76.4 | 57.7| 65.8
+graph 13.4 | 72.3| 76.2 | 57.4| 65.6
+local 135 | 72.1| 76.0 | 57.4| 65.4

Table 5.13: Translation results aned®@rates [%] on the phrasal lexicon for EnglistGerman:
long-range reorderings and word graphs.

English—German || BLEU | TER | WER | PER | CDER || Oov rate |

phrases 5.2 | 87.5| 89.7|73.4| 76.5 17.8
+graph 5.3 | 87.0| 89.2|73.2| 76.3
reorder verbs 5.2 | 87.1] 89.1|73.2| 76.4
+graph 5.2 | 87.0] 89.1|73.2| 76.4
phrases+dictionary 9.5 | 79.7| 82.6 | 64.9| 70.5 3.9
+graph 96 |79.4| 822 |64.8| 704
reorder verbs 9.7 | 79.7| 824 |65.2| 70.3
+graph 9.7 | 79.6| 82.4 | 65.0| 70.3
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5 Translation with scarce bilingual resources

Serbian—English language pair

For this language pair the following training set-ups aringel:
* training on an extremely small task-specific bilingualpres (0.2k);

« training on a small task-specific bilingual corpus (2.6k).

Since the largest available corpus is already small andxieereal phrase book is even smaller,
we have not investigated translation using only the phrasd bbut we used it as additional
training material for the extremely sparse training corplise language model for all set-ups
was trained on the full (2.6k) corpus.

Error rates for translation from Serbian into English arevahin Table 5.14. As expected,
the error rates of the system trained on an extremely smaluatof parallel data are very
high. Performance of such a system is comparable with arsytsééned only on a conventional
dictionary. Adding short phrases is helpful to some extamd, replacing words with base forms
has the largest impact by almost halving the\Qate and decreasing all error rates significantly.
Further improvements inER, CDER and the BREU score are obtained by the verb treatment
described in Section 5.2, althougER'and WER are slightly deteriorated. Increasing the size of
the bilingual training corpus to about three thousand seete and applying morpho-syntactic
transformations leads to an improvement of about 30% welatising a conventional dictionary
and additional morpho-syntactic transformations shoultther improve the performance.

Table 5.14: Translation results and® rates [%] for Serbiar-English translation: different
sizes of training corpora and appropriate morpho-syrda@nsformations.

Serbiar~English|| BLEU | TER | WER | PER | CDER || Oov rate |

0.2k 8.3 | 65.0| 65.5|60.8| 63.3 35.2
+phrases 10.3 | 64.3| 65.0 | 59.8| 62.1 31.8
+base forms 13.9 | 58.4| 59.2 | 54.8| 57.2 19.3
+verb treatment 14.8 | 58.9| 60.0 | 52.6| 554 16.3
2.6k 32.1 | 43.1| 445 | 37.9| 414 11.7
+base forms 354 | 41.8| 429 | 37.4| 39.8 4.7
+verb treatment 36.4 | 40.4| 41.9| 34.7| 38.2 3.9

From the first Serbian-to-English translation example ibl@&.15, it can be seen how the
problem of some ©v words can be overcome with the use of the base forms. The decon
and third examples show the advantages of the verb treatrttetsecond one presents the
introduction of relevant parts of the verloB tags and the third one illustrates the effect of
separating the negative patrticle.

Table 5.16 shows results for translation from English ineob&an. As expected, all error
rates are significantly higher than for the other transtatoection since the translation into
the morphologically richer language always has poorerigudlhe importance of the phrases
seems to be larger for this translation direction. RemovirggEnglish articles improves the
translation quality for both set-ups. As in the case of theptranslation direction, increasing
the size of the training corpus results in up to 30% relatwprovement.
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Table 5.15: Examples of SerbiarEnglish translations with and without moprho-syntactic
transformations.

original Serbian sentence:
base forms:
+verb treatment:
generated English senten
without transformations
with base forms:
with verb treatment

reference English sentenc

to je suviSeskupo
to biti suviSeskup
to SG3 bitisuviSeskup
ce
- itis too UNKNOWN_skupo.
it is too expensive
it is too expensive.

eit is too expensive.

original Serbian sentence:
base forms:

+verb treatment:

generated English senten

without transformations

with base forms;

with verb treatment

reference English sentenc

on neigra.

on neigrati.

on neSG3 igrati

ce

- hehe does not.
hedo not play.
hedoesnot play.

ehe does not play.

original Serbian sentence:
base forms:

+verb treatment:
generated English senten

da, alinemammnogo vremena.
da, alinematimnogo vreme.

da, aliSG1 ne imatmnogo vreme
ce

without transformations
with base forms;

with verb treatment
reference English sentenc

- yes, butl have much time.

yes, butnot much time.

yes, butl have not gotmuch time.
eyes, but | have not much time.

Table 5.16: Translation results and® rates [%] for English-Serbian translation: different
sizes of training corpora and appropriate morpho-syrdansformations.

| English—Serbian|| BLEU | TER | WER | PER | CDER || Oov rate |

0.2k 6.8 | 729| 73.4| 68.4| 65.7 21.8
+phrases 93 | 715| 719 | 67.5| 64.6 18.8
+remove articles|| 9.4 | 66.4| 66.7 | 62.2| 62.3 20.0
2.6k 23.1 | 51.1| 51.8 | 45.8| 48.7 4.9
+remove articles|| 24.6 | 49.6| 50.4 | 44.6| 47.3 5.3

Results for the out-of-domain BBC text are shown in Table’3dk both translation direc-
tions. The number of Ov words and the error rates are very high and can be comparbawit
system trained on a conventional dictionary. A significatdrdase in the number ofd® words
when translating from Serbian is achieved by the use of nwgymtactic transformations. The
other translation direction is slightly improved by remayithe English articles.
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5 Translation with scarce bilingual resources

Table 5.17: Translation results aned@rates [%] for the out-of-domain BBC News text: train-
ing on the 2.6k corpus with and without morpho-syntactiogfarmations.

| | BLEU | TER | WER | PER | CDER || Oov rate|

Serbian~English | 2.6k 9.8 | 70.2| 70.6 | 65.2| 69.3 44.3
+base forms 13.6 | 66.8| 67.0 | 60.5| 64.3 35.4
+verb treatment|| 14.6 | 66.1| 66.8 | 59.0| 64.3 31.3
English—Serbian| 2.6k 50 | 77.2| 785|719 71.9 32.1
+remove articles| 5.2 | 75.9| 77.0| 71.1| 71.4 34.7

5.4 Conclusions

A thorough investigation of translation with sparse biliagresources was carried out, and
systematic experiments on three distinct language pauisdéferent types of corpora have
shown that an acceptable translation quality can be aahieith a very small amount of task-
specific parallel text, especially if conventional dictoies, phrasal books, as well as morpho-
syntactic knowledge are available. Translation systenisdnly on a conventional dictionary,
phrasal lexicon or on extremely small task-specific corpurght be useful for applications
such as document classification or multilingual informatretrieval. With the help of dic-
tionaries/lexica and proper morpho-syntactic transfdiona, an acceptable translation quality
can be achieved with only one thousand sentence pairs ajrimath text. The big advantage
of such a small corpus is that the costs of its acquisitiorrateer low; such a corpus can be
manually produced in a relatively short time.

The particular effects related to language charactesistigppe and size of the corpus and
applied morpho-syntactic transformations are also stydied the following phenomena are
observed:

* local reorderings of adjectives are very helpful for theaitmraining corpora, much more
than for the large corpora,

* long-range reorderings in German improve the translajicality for all corpora,;
* long-range reorderings in English work better on a largpgs,

* translation of word graphs with small training corporaulesin the same tendencies as
for the large corpora; however, the GermaBnglish translation direction remains an
exception — more experiments as well as a detailed analyssiseeded;

* reducing Spanish adjectives to base forms improves therpasnce for the very small
corpora and dictionaries;

» German compound splitting seems to be more important #osthall corpora;

* morpho-syntactic treatment of (highly inflected) Serbvaords significantly improves
translation into English;

* it would be interesting to compare the results for the SarbEnglish language pair with
the results obtained on large corpora and on conventionabdaries/phrasal lexica.
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6 Automatic error analysis of translation
output

Evaluation and error analysis of machine translation dufjpe very important tasks, but
difficult both for machines and humans. Human evaluatiorxeasive and time-consuming.
Whereas many automatic evaluation measures are avagaiglessome of them are widely used,
automatic error analysis of translation output is mostlyaaxplored area.

In this work, a framework for automatic error analysis antkgarisation is presented. The
basic idea is to actually identify erroneous words usingdlgerithms for the calculation of
WER and FER. The extracted error details can be used in combination aviferent types of
linguistic knowledge (such as base formgags, N tags, compound words, suffix, prefix,
etc.) in order to obtain various details about actual er(fmsexample error categories (e.qg.
morphological errors, reordering errors, missing wordsjitribution of different word classes
(e.g. Postags, Ne tags), etc.).

The following error categories are in the focus of this workorphological (inflectional)
errors, reordering errors, missing words, extra words andrrect lexical choice. Each error
category can be futher classified accordingts®ags (e.g. inflectional errors of verbs, missing
pronouns, etc.).

In this thesis, a comparison of the results of automaticrearalysis with those obtained
by human error analysis for these error categories is choug. Furthermore, new error rates
based on the proposed error categories are introduced addarghe comparison of different
translation systems. We examine how the changes within ramslation system, as well as
the differences between translation systems, are reflécttb@ new measures. In addition, an
alternative method for automatic estimation of reordegnd inflectional errors is proposed.

6.1 Framework for automatic error analysis

The basic idea for automatic error analysis is to take detesim WER (edit distance) and
PER algorithms, namely to identify all words which actually ¢obute to the error rate, and then
to combine different types of linguistic knowledge of theserds. The general procedure of
automatic error analysis and classification is shown infe@d@ul. An overview of the standard
word error rates WR and FER is given in Section 6.1.1, and methods for extracting actual
errors are described in the following sections.

In this thesis, we carried out the error analysis on the wewvelland we used base forms
of the words and Bs tags as linguistic knowledge. However, the analysis ptesem this
work is only one of many possibilities — this framework erembthe integration of various
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6 Automatic error analysis of translation output

translatlon translatlon
reference hypothe5|s
identifying erroneous words linquisti
contributing to ) mgwstl_c
WER and PER information
|
vy

error categorisation
(inflectional errors,
reordering errors,

missing words, ...)

A4

extracting more details
about certain phenomena
(error categories of particular
POS classes, detailed inflectional
errors, ...)

Figure 6.1: General procedure for automatic error analyaged on the standard word error
rates and linguistic information.

knowledge sources such as deeper lingustic knowledgedunttion of source words (possibly
with additional linguistic information) if appropriateighment information is available, etc.
Investigation on the word group/phrase level instead of @ml the word level is possible as
well.

6.1.1 Standard word error rates (overview)

The standard procedure for evaluating machine translatibput is done by comparing the
hypothesis documetypwith the given reference documeef, each one consisting &f sen-
tences (or segments). The reference docunmedrntonsists ofNg > 1 reference translations of
the source textNr = 1 stands for the case when only a single reference transletiavail-
able, andNr > 1 denotes the case of multiple references. Let the lengthehypothesis
sentencenyp be denoted adlyy, , and the length of each reference senteNge, .- Then,
the total hypotheS|s length of the documenilig, = Yk Nnyp and the total reference length is
Nret = Yk Nrer, WhereN is defined as the length of the reference sentence with thestow
sentence-level error rate as shown to be optimal with réspéiee correlation with the human
evaluation scores adequacy and fluency [Leusch & U€ffidig]. The overall error rate is then
obtained by normalising the total number of errors over thal reference length.

The word error rate (WR) is based on the Levenshtein distance [Levenshtein 66] mthe
imum number of substitutions, deletions and insertionshhsae to be performed to convert the
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6.1 Framework for automatic error analysis

generated textypinto the reference texef. A shortcoming of the WR is the fact that it does
not allow reorderings of words, whereas the word order oftyymothesis can be different from
the word order of the reference even though it is a correostation. The position-independent
word error rate (BR) is also based on substitutions, deletions and insertionwithout taking
the word order into account. TheR is always lower than or equal to theN. On the other
hand, a shortcoming of theeR is the fact that it does not penalise a wrong word order.

Calculation of WER: The WER of the hypothesisiyp with respect to the referencef is
calculated as:

1 K
WER = — Y mindy(ref, .. h
Nrgt kglr L(refy . hyno)

whered, (ref, ., hyp,) is the Levenshtein distance between the reference sentefiygeand
the hypothesis sentenbgp,. The calculation of VER is performed using a dynamic program-
ming algorithm.

Calculation of PER: Definen(w, setw as the number of occurrences of a waréh a set of
wordssetw The RER can be calculated using the countg, hyp,) andn(e, ref, ;) of a worde
in the hypothesis sentenbgp, and the reference senterreg, , respectively:

1 K
PER = — E mi f h
E Nref 2, rlndpER(re K1 yn()

where

1
dPER(refk,hhyg() = 3 <|Nrefkr - I\|hy|q<| + Z In(e, refk,r) —n(e, hyn<>|)
e

6.1.2 ldentification of W ER errors

The dynamic programming algorithm for &% enables a simple and straightforward iden-
tification of each erroneous word which actually contrilsui@ WER. Let erry denote the set
of erroneous words in sentenkewith respect to the best reference amtle a word. Then
N(wer) = n(e, erry) is the number of KR errors inerry.

An example of a reference sentence and hypothesis sengestoawn in Table 6.1. The Bk
errors, i.e. actual words participating inBN can be seen in Table 6.2. The reference words
involved in WER are denoted as reference errors, and hypothesis errorsodfee hypothesis
words participating in VER. Table 6.3 presents an example of introducing linguistmiedge,

i.e. Postags. The VER errors are identified along with their correspondirgsRags, and the
contribution of each 8s class to the overall \&R is calculated.

If erry is the set of erroneous words in sentekedth respect to the best reference gng a
Pos class, themN(wer(p)) = ¥ cpN(€, werry) is the number of iR errors inerry produced by
words belonging to the®s classp. It should be noted that for the substitution errors, tls P
class of the involved reference word is taken into accouos tags of the reference words are
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also used for the deletion errors, and for the insertiorrette RS class of the hypothesis word
is used. The WR for the word clas$ can be calculated like the standardE®Whby normalising
the number of errors over the reference length:
1 K
WER = n(e,werry
. Nref kZlegp ( )

Table 6.1: Example for illustration of actual errors: a refeee sentence and a corresponding
hypothesis sentence.

| reference: | hypothesis: |

Mister Commissioner , twenty-four Mrs Commissioner , sometimes
hours sometimes can be too much timetwenty-four hours is too much time|.

Table 6.2: V\ER errors: actual words which participate in the word erroe rat

| reference error$ hypothesis errors error type |

Mister Mrs substitution
sometimes insertion

sometimes is substitution

can deletion

be deletion

Table 6.3: VER errors and linguistic knowledge: actual words which ardipi@ating in the
word error rate with their corresponding base forms aod élasses.

| reference errors | hypothesis errors | error type |

Mister#Mister#N Mrs#Mrs#N substitution
sometimes#sometimes#AD)Vinsertion

sometimes#sometimes#AD)Vis#be#V substitution
can#can#V deletion
be#be#V deletion

The standard &R of the whole sentence in Table 6.3 is equal {a%= 41.7%. The contri-
bution of nouns is VER(N) = 1/12= 8.3%, of verbs WER(V ) = 2/12= 16.7% and of adverbs
WER(ADV) =2/12=16.7%.

6.1.3 ldentification of P ER errors

In contrast to V&R, the standard efficient algorithms for calculation afRPdo not give
precise information about contributing words. Howeversipossible to identify all words in
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the hypothesis which do not have a counterpart in the refereand vice versa. These words
will be referred to as BRr errors.

An illustration of RFER errors is given in Table 6.4. The number of errors contrimtio
the standard Br according to the algorithm described in Section 6.1.1 is Berd are two
substitutions and one deletion. The problem with standa® B that it is not possible to
detect which words are the deletion errors, which are theriis errors, and which words
are the substitution errors. We introduce alternatig®-Based measures which correspond
to the precision, recall and F-measure. hetry refer to the set of words in the hypothesis
sentence& which do not appear in the reference sentekéeferred to as hypothesis errors).
Analogously, leterr, denote the set of words in the reference senté&nebich do not appear
in the hypothesis sentenkdreferred to as reference errors). Then the following messscan
be calculated:

* recall-based (referencefR (RPER):

RPER = %efélzn(e,rerrk)
 precision-based (hypothesisi®(HPER):
HPER = ﬁypélgn(e, herry)
* F-based BR (FPER):
1 K
FPER = m-glg (n(e, rerry) +n(e, herm))

For the example sentence presented in Table 6.1, the nurhbgpathesis errora(e, herry)
is 2 and the number of reference erracs, rerry) is 3 wheree denotes the word. The number
of errors contributing to the standard&Ris 3, since|Net — Nnyp| = 1 and 3¢ |n(e, ref,) —
n(e hyp)| = 5. The standard &R is normalised over the reference lengjigs = 12 thus being
equal to 25%. The RER considers only the reference errors,ERP= 3/12= 25%, and HRR
only the hypothesis errors, HR = 2/11 = 18.2%. The FRR is the sum of hypothesis and
reference errors divided by the sum of hypothesis and neereength: FBER = (2+3)/(11+
12) =5/23=21.7%.

Table 6.4: BR errors: actual words which participate in the positionependent word error
rate.

| reference error$ hypothesis error$

Mister Mrs
can is
be

For the example of Br errors with correspondingd tags in Table 6.5, contributions of
nouns are RBR(N) =1/12=8.3%, HRER(N) =1/11=9.1% and FBR(N) = 2/23=8.7%,
and the contributions of verbs RR(V) = 2/12 = 16.7%, HRER(V) = 1/11 = 9.1% and
FPER(V) =3/23=13%.
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Table 6.5: R errors and linguistic knowledge: actual words which pgsate in the position-
independent word error rate and their corresponding basesfand s classes.

| reference errors | hypothesis error$
Mister#Mister#N| Mrs#Mrs#N
be#be#V isttbe#V

can#can#V

6.2 Methods for automatic error analysis and classification

The error details described in Section 6.1.2 and SectiaB 6dln be combined with different
types of linguistic knowledge in different ways. Examplegimbase forms and &s tags as
linguistic knowledge are presented in Table 6.3 and 6.5.ddseribed error rates of the partic-
ular Pos classes give more details than the overall standard emes amd can be used for error
analysis to some extent. However, for more precise infaonatbout certain phenomena some
kind of further analysis is required. In this work, we examthe following error categories:

* inflectional errors — using#R errors and base forms;

* reordering errors — using ¥k and FER errors;

* missing words — using R and FER reference errors with base forms;
 extra words — using \&R and FER hypothesis errors with base forms;

* incorrect lexical choice — reference errors which beloagher to inflectional errors nor
to missing words.

Furthermore, the contribution of the various ®classes for the described error categories is
estimated.

It should be noted that the base forms ammsRags are needed both for the reference(s)
and for the hypothesis. The performance of morpho-symtactalysis is slightly lower on the
hypothesis, but this does not seem to influence the perfarenahthe error analysis tools.
However, we choose to use reference words for all cases vithema be chosen between the
reference and the hypothesis. Nevertheless, it would leeesiting to investigate the use of
hypothesis words in future experiments and compare thétsesu

Inflectional errors

An inflectional error occurs if the base form of the generatedd is correct but the full
form is wrong. Inflectional errors can be estimated usingRBrrors and base forms in the
following way: from each reference—hypothesis sentende paly erroneous words which
have the common base forms are taken into account:

-~

K

N(infl) = Zn ererry) — Z %n(eb; rberry)
e k=1e

k=1
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whereebdenotes the base form of the word abeérr, stands for the set of base form errors in
the reference. The number of words with erroneous base fimepsesenting non-inflectional
errors) is substracted from the number of total errors. Aal@gous definition is possible using
HPER errors and base forms — however, as explained at the begiohthis section, we choose
to use the reference words because the results of the maypitactic analysis are slightly more
reliable for the references than for the hypotheses.

For example, from the R errors presented in Table 6.4, the word “is” will be detecsdn
inflectional error because it shares the same base form kgtheference error “be”.

Reordering errors

The differences in word order in the hypothesis with respecthe reference are taken into
account only by V¥R and not by BR. Therefore, a word which occurs both in the reference
and in the hypothesis but is marked as @&®\error is considered as a reordering error. The
contribution of reordering errors can be estimated in tiiewong way:

-~

N(reord) = Z ( e suberk) + n(e,delerry) —n(e, rerrk)>
"=

wheresuberi; represents the set of B substitution errorsjelerry the set of WER deletion
errors anderry the set of RBR errors. For the example in Table 6.1, the word “sometimes” is
identified as a reordering error.

Missing words

Missing words can be identified using theew and FER errors in the following way; the
words considered as missing are those which occur as dedetioMeR errors and at the same
time occur only as reference&R errors without sharing the base form with any hypothesrerr
i.e. as a non-inflectional R#R error:

K
N(misg = n(e, delerr)
kzlebe%errk

The set of deletion WR errors is defined agelerr,, whereasberry stands for the set of base
form RPER errors.

The use of both WR and FER errors is much more reliable than using only the®\tele-
tion errors because not all deletion errors are producedibging words; a number of ¥R
deletions appears due to reordering errors. Informatieuithe base form is used in order to
eliminate inflectional errors. For the example in Table éh&,word “can” will be identified as
missing.
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Extra words

Analogously to missing words, extra words are also detected the WER and FER errors;
the words considered as extra are those which occur asiorseit WER errors and at the same
time occur only as hypothesisER errors without sharing the base form with any reference
error.

N(extra) = Z % n(e inserry)
k=1ebchberr

whereinserr is the set of insertion \WR errors andhberry is the set of base form HiR errors.
In the example in Table 6.1, none of the words will be classiéie an extra word.

Incorrect lexical choice

The words in the reference translation which are classifedther as inflectional errors nor
as missing words are considered as incorrect lexical choice

K
N(lex) = k;;n(eb;rberrk)—N(misg

As in the case of the inflectional errors, a definition usingdthesis errors and extra words
is also possible, but in this work we choose to use refereroese

In Table 6.1 the word “Mister” in the reference (or the word r81in the hypothesis) is
considered to be translated by an incorrect lexical choice.

6.3 Experimental results

In order to compare the results of the proposed automatic amnalysis with human evalu-
ation, the methods described in the previous sections guleedo several translation outputs
with the available results of human error analysis. Thesletion outputs were produced in the
framework of the GLE project and the TC-8\R project.

For comparing different translation systems, new err@gatsed on the error categories are
introduced and compared with standard error rat&RWPER and TER. These error rates are
then calculated for various translation outputs generhtethe translation systems described
in Sections 4.3 and 5.3 in order to investigate how the newicseteflect the effects of data
sparseness and morpho-syntactic transformations. Artiaadai experiment on five outputs
generated in the second TGAR evaluation by five distinct translation systems is perfatme
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6.3.1 Comparison with the results of human error analysis

The GALE corpora considered in this analysis consist of Arabic-tglish broadcast news
(BN) translation and Arabic-to-English and Chinese-t@lisih newswire (NW) translations.
The TC-SAR corpora consist of three Spanish-to-English and threeisimgh-Spanish trans-
lated transcripts of European Parliament plenary sesgii?RS), two Final Text Editions (FTE)
and one Verbatim Transcription (VT). The translation otladl texts was performed using state-
of-the-art statistical phrase-based machine translatystems. It should be noted that for all
TC-STAR data the same training corpus consisting of FTE texts is,wgeidh produces a slight
mismatch for the translation of VT data.

The results of both human and automatic error analysis farallysed texts are presented
in the following sections. In addition, the Pearsaof &nd Spearman rankp) correlation
coefficients between human and automatic results are edéclil Both coefficients assess how
well a monotonic function describes the relationship betwevo variables, but the Spearman
correlation does not require a linear relationship betwe®nvariables. The Spearman’s
rank correlation coefficient is equivalent to the Pearsorretation on ranks. A Pearson
correlation of +1 means that there is a perfect positivealinmelationship between variables,
and a Spearman correlation of +1 that the ranking using batiales is exactly in the same
order. A correlation of -1 means that there is a perfect megatlationship between variables
i.e. exactly inverse ranking. A correlation of 0 means themo relationship between the two
variables. Thus, the higher valueroandp, the more similar are the metrics.

Human error analysis: Human error analysis and classification is a time-consuranty
difficult task, and it can be done in various ways. For exarplerder to find errors in a trans-
lation output it can be useful to have one or more refereragstations. However, there are
often several correct translations of a given source seatand some of them might not cor-
respond to the reference translations, which poses difésufor evaluation and error analysis.
The errors can be counted as an exact comparison betweeenads and translation outputs
which is then very similar to the automatic error analysiswidver, much more flexibility can
be allowed and use references only for the semantic aspechlow substitution of words and
expressions by synonyms, syntactically correct word orelier There are also other aspects
which may differ between human evaluations, for examplentiog each problematic word as
an error or counting groups of words as one error, etc. Furtbiee, human error classification
is definitely not unambigous; often it is not easy to detegv@ractly in which particular error
category some error belongs, and variations between eliffdruman evaluators are possible.
For the error categories described in the previous sectspecially difficult is disambiguating
between incorrect lexical choice and missing words or extseds. For example, if the trans-
lation output is “the day before yesterday” and translat&ference is “yesterday”, it could be
considered as an incorrect lexical choice, but also as gpgvbextra words. Similarly, there
are several interpretations of errors if “the one who willneg is translated as “which comes”.

In this work, for the G\LE corpora the errors are classified by two human annotatofs wit
respect to a given reference. This kind of error analysisasdally carried out in a similar
manner as the automatic error analysis. For the Tl@RScorpora, error analysis is performed
by three human annotators taking the reference transtaitibm account only from the semantic
point of view [Vilar & Xu™ 06]. This type of error analysis is much less strict, i.eddritifies
many fewer words as errors, as can be seen in Table 6.6.
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6 Automatic error analysis of translation output

Table 6.6: Examples of two variants of human error analygis, and without respect to a given
reference translation; the marked errors are detectedregjbect to the reference,
whereas no errors are detected if the reference translatmonsidered only for the
semantics.

\ reference translation

obtained output |

we celebrated the fifteenth anniversarywe have heldthe fifteenth anniversary
| think this is a good moment | believe thatthis is a goodpportunity
to achieve these ends for thesepurposes

in 2002 in the year 2002

in Europe we must also learn alsoin Europe we must learn

Results on the GA\LE corpora

For the G\LE corpora, translation errors are classified both by humadsbgnautomatic
tools in one of the following categories: inflectional espreordering errors, missing words,
extra words and incorrect lexical choice. In addition, mlsttion over main Bs classes —
nouns (N), verbs (V), adjectives (A), adverbso), pronouns (RON), determiners (BT),
prepositions (REP), conjunctions (©ON), numerals (N\'M) and punctuation marks (lN) — is
estimated.

The results of both the human and the automatic error cleasdn are shown in Table 6.7.
The number of errors in each category is normalised overdta number of errors and the
percentage is presented. Both results show the same teestetiat for the Arabic-to-English
Broadcast News translation the main sources of errors dara @ords and incorrect lexical
choice; for the Newswire corpus the predominant problemadsiirect lexical choice; and for
the Chinese-to-English the majority of errors are causedhitsging words, incorrect lexical
choice and wrong word order.

Table 6.7: Results of human and automatic error analysih&GALE corpora.

human automatic

output infl | order| miss| ext | lex || infl | order| miss| ext | lex
Ar-En BN 50| 9.6 | 19.8|31.8|33.8| 53| 15.1|14.5| 31.4| 33.7
Ar-EnNW || 6.1 | 8.3 | 26.8| 20.2| 38.6|| 6.4 | 10.9 | 27.4| 20.3| 35.0
Cn-EnNW | 51| 16.9 | 38.3| 12.6| 27.1| 49| 21.1 | 29.9| 14.4| 29.7

The results for the ten basicoB classes are shown in Table 6.8. Again, from both hu-
man and automatic error analysis the same conclusions cdral; the verbs are the main
source of inflectional errors for Arabic—English translatiwhereas for the Chinese—English
translation the majority of inflectional errors is produd®dnouns. As for the missing words,
for Arabic—English translation the verbs are again the rposiblematic category, followed by
nouns, pronouns and prepositions. For the Chinese—Erigisslation the majority of missing
words are nouns, then verbs and prepositions. For both N\ocara large number of extra
punctuation is present. Prepositions are problematic ta @ords in all cases, as well as de-
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Table 6.8: Results of human and automatic error analysith®€GALE corpora: distribution of
different error types over basicR classes.

(a) Arabic—English Broadcast News
|Ar-EnBN || V | N | A [ Apv | PrRoN | DET | PREP | CON | NuM | PuN |
infl hum| 75.0| 15.0| O 0 10.0 0 0 0 0 0
aut 74.0| 13.0] O 0 13.0 0 0 0 0 0
miss | hum || 36.7| 12.7| 5.0| 7.6 139 | 3.8 | 10.1 | 1.3 1.3 7.6
aut 23.8| 22.2| 3.2| 6.4 14.3 | 3.2 7.9 1.6 0 17.4
extra| hum| 8.7 | 15.01 3.2| 7.1 6.3 | 26.0| 19.7 | 5.3 2.4 6.3
aut 80 |16.8|2.2| 5.8 109 | 26.3| 15.3 | 3.1 3.6 8.0
lex hum| 16.3| 17.0| 5.2| 5.2 126 | 3.7 | 178 | 7.4 44 | 10.4
aut 21.8| 15.0| 4.8| 6.1 109 | 34 | 16.3 | 4.8 4.1 | 12.8

(b) Arabic—English Newswire
|Ar-EnNW || V | N | A [Apv | PRON | DET | PREP | CON | NUM | PUN |
infl hum| 81.8| 9.2 | 45 0 45 0 0 0 0 0

aut || 75.0| 84 42| O 12.4 0 0 0 0 0
miss | hum| 25.8|14.4(4.1| 52 | 185 | 93 | 154 | 5.2 0 2.1

aut (| 34.3|11.8|29| 40 | 13.7 | 9.8 | 13.7| 3.0 0 6.8
extra| hum| 125|164 2.7| 1.4 96 | 13.7| 164 | 6.8 0 20.5

aut || 145|224 26| 3.9 53 | 105| 13.2 | 6.6 0 21.0

lex | hum| 27.1|17.1{29| 57 | 157 | 57 | 164 | 50 | 14 | 3.0
aut (| 206|168|53| 69 | 176 | 53 | 131 | 76 | 1.5 | 53

(c) Chinese—English Newswire
Cn-EnNW | V | N | A [Apv | PRON | DET | PREP | CON | NUM | PUN |
infl hum | 36.8| 63.2| O 0 0 0 0 0 0 0
aut || 40.0| 60.0| O 0 0 0 0 0 0 0
miss | hum || 17.0| 26.0| 4.2| 4.9 59 83| 174 | 8.0 1.7 6.6
aut 18.6| 30.2| 29| 54 54 6.2 | 149 | 54 2.0 9.0
extra| hum| 6.3 |18.9|5.4| 1.0 2.1 | 22.1]| 242 | 5.3 0 14.7
aut 51 |325| 7.7 0 0.9 17.1| 205 | 1.7 34 | 111
lex hum | 10.3| 429 6.4| 3.4 2.5 6.4 | 158 | 4.4 2.0 59
aut 195,299 54| 4.6 4.6 42 | 152 | 6.2 2.5 7.9

terminers and nouns. For all corpora, the majority of inecrtexical choices belongs to nouns,
verbs and prepositions, and for the Arabic-to-Englishdfaion pronouns as well.

Table 6.9 presents correlations between the results ofutoeratic and the human analysis.
The correlation function is defined by percentage of ermorgach category (first column) or
by the percentage of errors for eachhd°class within a particular error category. It can be
seen that the automatic measures have very high correlediefficients with respect to the
results of human evaluation. Correlations for the inflewicerror category are higher than for
the other categories, which can be explained by the factioresd in the previous sections
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Table 6.9: Correlation coefficients for theaGE corpora: Spearman rank (left column) and
Pearsom (right column) coefficient.

error distribution of errors over ®s classes

output categories infl | miss | extra | lex

p r p r p r P r p r
Ar-En BN | 0.900| 0.955| 0.997| 0.999| 0.918| 0.790| 0.870| 0.947| 0.924| 0.924
Ar-En NW | 1.000| 0.994| 0.979| 0.994| 0.921| 0.922| 0.912| 0.916| 0.894| 0.960
Cn-En NW || 1.000| 0.930|| 1.000| 0.998| 0.927| 0.973| 0.879| 0.853| 0.788| 0.914

that disambiguation between missing words, extra wordsiecarect lexical choice is often
difficult, both for humans and for machines.

Results on the TC-SAR corpora

The experiments on the TC¥8R corpora are similar to those on theaGE corpora. How-
ever, there are some differences since human error classifids carried out in a somewhat
different way. The error categories considered are infieeti errors, missing words, reorder-
ing errors and incorrect lexical choice, i.e. the same ag®IGALE experiments except extra
words. The distribution of errors oveioB tags is not analysed on these corpora, but the fol-
lowing details about inflectional errors are investigateerb tense errors, verb person errors,
adjective gender errors and adjective number errors. &tioe coefficients are calculated both
for general error categories and for inflectional details.

The results of the error classification are shown in Tabl®.6Human and automatic error
analysis again produce similar results; the majority oberrare caused by incorrect lexical
choice, whereas for the Spanish output the amount of infleatierrors is also very high due
to the richer morphology of the Spanish language. The numbegordering errors is higher
in English outputs which can be explained by the more flexibles for word order in the
Spanish language. The percentage of missing verbs is smily higher than for Spanish. The
probable reason for this is the nature of Spanish verbseSiacson and tense are contained in
the suffix, Spanish pronouns are often omitted, and auyiltarbs do not exist for all tenses.
This could be problematic for a translation system, becdysecesses only one Spanish word
which actually contains two (or more) English words.

Table 6.11 presents results for inflectional details abeuvy and adjectives, i.e. tense, per-
son, gender and number. Both human and automatic errorsasaigicate that the most prob-
lematic inflectional category is the tense of verbs, esfigd@ translation into Spanish having
an almost two times higher error rate than for English. Tedue to the very rich morphology
of Spanish verbs; one base form might have up to about foffgrent inflections.

Correlation coefficients are shown in Table 6.12. It can dbat for this corpus, corre-
lations for error categories are lower than for theL& corpus although all are rather high,
above 0.5. This is due to the flexible human evaluation wtsatarried out on this corpora, i.e.
without taking the reference translation strictly into aant. However, for the inflectional error
analysis the correlations are very high, above 0.9.
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Table 6.10: Results of human and automatic error analysih&TC-SAR corpora.

human automatic
output infl [ order| miss| lex || infl | order| miss| lex

Es-En1 FTE|| 10.5| 21.5 | 27.3| 40.7| 10.9| 22.1 | 19.5| 47.5
Es-En2 FTE| 18.2| 18.9 | 31.1| 31.8|| 13.8| 21.9 | 15.7| 48.6
Es-En1 VT || 12.7| 22.8 | 21.2| 43.3| 14.2| 184 | 20.0| 47.4
En-Es1 FTE| 31.7| 16.0 | 20.6 | 31.7| 23.7| 17.4 | 18.5| 40.4
En-Es2 FTE|| 34.8| 159 | 18.4| 30.9| 22.1| 18.9 | 12.4| 46.6
En-Es1 VT || 30.5| 11.5| 26.8| 31.2| 20.8| 16.6 | 17.4| 45.2

Table 6.11: Results of human and automatic error analysith&®TC-SAR corpora — inflec-

tional details.
human automatic

output Vten | Vper | Agen| Anum | Vten | Vper | Agen | Anum
Es-Enl FTE|| 8.1 2.4 0 0 7.9 3.0 0 0
Es-En2 FTE|| 14.9| 3.3 0 0 9.9 3.9 0 0
Es-En1 VT 8.5 4.2 0 0 104 | 3.8 0 0
En-Es1 FTE|| 15.6| 8.5 4.3 3.3 11.7) 7.4 2.4 2.2
En-Es2 FTE|| 15.0| 8.7 5.8 53 10.5| 5.8 3.0 2.8
En-Es1 VT || 13.4| 8.6 4.8 3.7 11.2| 7.0 1.3 1.3

Table 6.12: Correlation coefficients for the TGAR corpora: Spearman rank (left column)
and Pearson (right column).

error infl. errors
output categories || over Posclasses
P r P r

Es-Enl FTE|| 0.800| 0.935|| 1.000| 0.996
Es-En2 FTE|| 0.800| 0.552|| 1.000| 0.983
Es-En1 VT || 0.800| 0.978|| 1.000| 0.991
En-Es1 FTE|| 0.950| 0.754|| 1.000| 0.987
En-Es2 FTE|| 0.600| 0.572|| 1.000| 0.998
En-Es1 VT || 1.000| 0.538|| 0.950| 0.990

6.3.2 Comparison of translation systems

In order to compare translation outputs generated by @ifietranslation systems using the
proposed error categories, we introduce word error ratesdoh error category, namely we
normalise the number of errors over the reference lengthesd@terror rates are defined in
Section B.3. For each of the translation outputs, all novaliation metrics are calculated and
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then compared. Three main aspects are considered: largysze of the training corpus and
the use of morpho-syntactic transformations.

An overview about how these metrics behave in comparisoh thi¢ standard word error
rates VWER, PER and TER is presented in Table 6.13. All error rates are calculatedhen
analysed translation outputs described in Section 6.8dan be seen that the sum of all error
categoriesER is always greater thaneR, lower than WER and similar to (although in the
majority of cases lower than)eRr.

Table 6.13: Number of errors in five error categories norsealiover reference length and com-
pared with standard word error rates€®/ PER and TER.

| % | WER | PER | TER || INFER | RER | MSER | EXER | LXER || ZER |

Ar-En(BN) | 29.6[22.4]28.0] 1.46 [4.18] 3.99 | 8.68 | 9.31 | 27.6
Ar-En(NW) | 18.8[145]17.8|] 1.14 [195| 486 | 3.62 | 6.24 | 17.8
| Cn-En(NW) || 34.6 [21.4[30.0| 158 [6.77] 9.58 | 4.63 | 9.53 | 32.1]
Es-Enl (FTE)] 34.5[24.7]32.1] 1.63 [6.15] 544 | 213 | 13.2 [ 28.6
Es-En2 (FTE)|| 37.6 [ 26.3] 34.9| 2.91 [6.36] 455 | 3.84 | 14.1 || 318
Es-En(VT) [ 42.2[30.8]39.8] 3.05 |6.23] 6.77 | 347 | 16.0 || 355
En-Esl (FTE)| 42.8 | 31.7[39.7]] 529 [6.84] 7.27 | 254 [ 159 | 37.8
En-Es2 (FTE)| 40.4 | 29.8 37.9]| 4.20 | 6.45| 4.24 | 451 | 159 | 353
En-Es(VT) || 46.5|35.0[ 44.1] 4.80 [7.09] 745 | 271 | 19.3 || 413

Spanish—English language pair

Table 6.14 presents the results for the following trainieggps:
« training on the full bilingual corpus — a large task-speatiorpus (1.3M);
* training on a small task-specific corpus (13Kk);
* training on a very small task-specific corpus (1k);
* training only on a conventional dictionary.

The effects of the local reorderings are investigated fehesze of the training corpus. For
the dictionary, the effects of reducing adjectives armolvQvords into the base forms are also
examined.

Several things can be observed. As can be expected, the eawvsed by incorrect lexical
choice grow most significantly when reducing the trainingpos. The decrease in the training
corpus size also increases the number of reordering erftis. can be explained by the fact
already discussed in the previous secions, i.e. that theespHrased translation system is able
to generate frequent noun-adjective groups in the corread wrder, but unseen or rarely seen
groups introduce difficulties. This is also the reason wleyrdgduction of reordering errors by
applying local ®s-based reorderings is more significant for the small trgjraarpora. Fur-
thermore, it can be seen that it is hard to find any correspwaleetween inflectional errors in
the English output and the size of the training corpus. A abbdreason is that the morphology
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Table 6.14: Comparison of different versions of the TCx® system: different sizes of the
training corpus with and without locald®-based reorderings.

(a) Spanish—English

| % | INFER | RER | MSER | EXER | LXER || ZER |
1.3M 1.82 | 554| 413 | 355 | 144 || 29.5
+reorder adjectiveg 1.74 | 5.13| 4.02 | 3.87 | 14.8 || 295
13k 205 | 7.36| 452 | 3.86 | 18.8 || 36.6
+reorder adjectiveg 1.75 | 5.68| 4.39 | 4.08 | 185 | 34.4
1k 1.65 | 7.86| 504 | 478 | 28.1 || 47.4
+dictionary 199 (814 598 | 3.35 | 23.6 || 43.1
+reorder adjectiveg 1.91 | 6.08| 5.25 | 4.33 | 23.3 || 40.8
dictionary 175 | 7.79| 590 | 406 | 359 || 554
+reorder adjectiveg 1.75 | 6.12| 6.04 | 439 | 355 || 53.8
+adjective base 1.79 | 6.44| 597 | 435 | 33.6 || 52.1
+0o0vV base 391 | 6.86| 585 | 453 | 28.6 || 49.7
(b) English—Spanish
| % | INFER | RER | MSER | EXER | LXER || ZER |
1.3M 481 | 6.06| 531 | 3.71 | 15.7 || 355
+reorder adjectiveg 4.70 | 5.95| 5.23 | 3.61 | 155 || 35.0
13k 591 | 8.23| 553 | 3.97 | 20.2 || 43.9
+reorder adjective§ 5.54 | 7.47| 5.62 | 3.82 | 20.0 || 42.5
1k 6.50 | 8.78| 5.79 | 4.42 | 28.7 || 54.2
+dictionary 6.86 | 9.03| 556 | 4.27 | 24.8 || 50.5
+reorder adjectiveg 7.28 | 8.14| 6.10 | 4.05 | 24.7 || 50.2
dictionary 854 |849| 6.10 | 3.68 | 33.8 || 60.6
+reorder adjectiveg 8.15 | 7.72| 6.45 | 3.88 | 33.3 || 59.5

is not particularly rich in the English language so that #auction of the training corpus intro-
duces many more incorrect lexical choices than inflectienars. On the other hand, for the
Spanish corpus an increase in inflectional errors can be sdech is particularly high when
the dictionary is the only training material. It can also ledeul that introducing a dictionary as
an additional tranining corpus decreases the number ofreciolexical choices but increases
the number of inflectional and reordering errors. As for imigsvords and extra words, it is
hard to find any relation either to the size of the trainingpesror to the local reorderings.
As for morphological transformations for translation witie dictionary, reducing adjectives
to base forms decreases the number of incorrect lexicatebpand reducing all @ words
to the base forms further improves this error rate signiflgarHowever, this transformation
increases the number of inflectional errors, but this logsush smaller than the gain with the
incorrect lexical choice so the overall performance is ioved.

For the full training corpus, we investigate more detailswtiPos-based reorderings on two
subsets of the test corpus: reordered sentences and thaesrdsscribed in Section 4.3. For this
analysis, we use the overalER measure as well ase#R of noun-adjective groups andeR
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Table 6.15: Effects of local ®s-based reorderings for Spanish—English translationr eates
for reordered sentences and for the rest.

(a) English output

| Spanish~English | RER | RER(N,A) | RER (V) |
reordered baseline 5.99 2.64 0.87
reorder adjective§ 5.43 2.07 0.91
not reordered baseline 4.19 1.26 1.02
reorder adjectiveg 4.27 1.27 1.05

(b) Spanish output

| English—Spanish | RER | RER(N,A) | RER (V) |
reordered baseline 6.49 2.34 0.51
reorder adjective§ 6.33 2.24 0.54
not reordered baseline 4.61 1.15 0.63
reorder adjective§ 4.66 1.23 0.60

of verbs. The results in Table 6.15 show that the overak Bf the reordered set is decreased
by the local reorderings whereas for the rest of the sense@senall increase can be observed.
Furthermore, it can be noted that for the reordered set #redRverbs is significantly smaller
than the RR of nouns and adjectives which has been improved by locatiezimgs. For the
rest of the sentences there are no significant differentiesrdietween RRs of different s
groups or between the system with reorderings and the basgfstem. The same tendencies
occur for the other translation direction.

German-English language pair

For this language pair, the following set-ups are analysethie EUROPARL corpus:
« training on the full bilingual corpus — a large task-speatiorpus (700Kk);

* training on a very small task-specific corpus (1k);

* training only on a conventional dictionary.

For each configuration, the effects of long-range verb reamds and compound spliting are
investigated.

Table 6.16 shows that as in the case of Spanish—EnglisHatemms incorrect lexical choice
is the category which depends most on the size of the trasongus. Unlike for the Spanish—
English pair, the reordering error rate does not change wleereasing the corpus size. This
is an explanation for the experiments reported in SectiBnuhere we stated that long-range
reorderings do not have more impact on the small corpora ¢imathe large ones. As can
be seen, RR is improved by the reorderings more or less equally for atpoca. Splitting
compounds on the other hand is more useful for the small carpiod reduces the number of
lexical errors.
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Table 6.16: Comparison of different versions of theREPARL system: different sizes of the
training corpus with and without long-rang@&based reorderings and compound
word splitting.

| % | INFER | RER | MSER | EXER | LXER || ZER |

700k 288 | 14.7| 871 | 7.88 | 29.8 || 63.9
+reorder verbs 288 | 13.7| 825 | 799 | 29.8 | 62.6
+splitcompounds| 2.91 | 13.8| 8.04 | 7.89 | 29.7 || 62.4
1k 245 | 13.0| 8.00 | 830 | 46.1 || 77.8
+dictionary 3.13 | 14.2| 846 | 7.87 | 404 | 74.1
+reorder verbs 3.13 | 139 833 | 7.77 | 40.2 || 73.3
+split compounds| 3.20 | 14.0| 8.10 | 7.88 | 39.3 || 72.6
dictionary 3.02 | 138| 842 | 781 | 441 || 77.2
+reorder verbs 3.11 | 13.3| 865 | 7.66 | 43.2 | 75.9
+split compounds| 3.14 | 13.6| 8.27 | 7.98 | 42.6 || 75.6

Table 6.17: Effects of long-rangeoR-based reorderings for German—English translation: error
rates for reordered sentences and for the rest.

(a) English output

| German-English | RER | RER(N,A) | RER (V) |

reordered baseline 15.6 4.45 3.16
reorder verbs| 14.4 4.29 2.63

not reordered baseline 8.58 3.77 0.65
reorder verbs| 8.68 3.74 0.67

(b) German output

| English—German | RER | RER(N,A) | RER (V) |

reordered baseline 14.4 3.84 1.82
reorder verbsg| 13.8 3.76 1.61

not reordered baseline 10.7 3.35 1.25
reorder verbsg| 10.5 3.17 1.13

Similar to the Spanish—English pair, more details aboutieings are examined for the large
training corpus, and the overalER along with the R R of noun-adjective groups and verbs are
reported in Table 6.17. The overalER of the reordered set is much higher than for the rest, and
is significantly improved by reorderings. Reordering esrof noun-adjective groups and verbs
have a similar value, in contrast to the Spanish—Englispuage pair where the# of nouns
and adjectives is much higher than for verbs. The long-raedgereorderings lead to a decrease
in the verb KR, and also to a small derease in the noun-adjectier. FAs already mentioned
in Section 4.3, long-range reorderings introduce bothctliaad indirect improvements of the
system. For the rest of the sentences, small improvemerall$ ifordering error rates can be
observed. For the other translation direction similar gme@na can be perceived, although all
improvements are smaller than for translation into English
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Serbian—English language pair

For the Serbian—English translation, the following systere analysed:
« training on the full (small) bilingual corpus — 2.6k;
* training on the extremely small bilingual corpus — 0.2k.

The effects of reducing words into the base forms and the wedtment are also explored
for both systems.

As in the case of the other two language pairs, corpus sizéhlealargest influence on in-
correct lexical choices (Table 6.18). However, a signifigaorease in missing words can be
observed for the extremely small training corpus. Redualhgiords into base forms leads to
large improvements in lexical error rate ER, but at the same time to an increase in inflec-
tional errors INFER: most Serbian inflections are not relevant for the transtaitnto English,
but some are. Gender and case of nouns and adjectives aréeteignpedundant, but number
of nouns is important for distinguishing between singulad @lural. The most important in-
flections are person and tense of verbs; as explained im&ex®, they are expressed via suffix
and the pronoun is often omitted. Further analysis of infieetl errors for over Bs classes
showed that the verbs are indeed the main source of thisaserdor the baseline system IN-
FER of verbs is 1.68%, and for the system with base forms it rea8t®3%. The verb treatment
overcomes this problem to some extent, and for the full cofptther reduces the number of
incorrect lexical choices. For the extremely sparse cqrpawever, there are no changes in
LXER, but a large reduction in the number of missing words can lseed. In order to better
understand this phenomenon, a further analysis of missimgsiover B s classes is carried out
and the results are presented in Table 6.19. It can be segthéhaerb treatment significantly
reduces the number of missing verbs and missing pronouns.

Table 6.18: Comparison of different versions of Serbiargtsh translation system: different
sizes of the training corpus with and without morpho-sytitacansformations.

| % | INFER | RER | MSER | EXER | LXER || ZER |

2.6k 259 | 5.01| 8.68 3.19 | 239 || 434
+base forms 570 | 4.19| 7.82 3.93 | 20.1 || 41.7
+verb treatment| 5.57 | 5.36| 7.94 3.54 18.1 || 40.5
0.2k 1.60 | 4.06| 12.1 2.07 | 451 || 65.0
+base forms 454 | 3.24| 125 2.63 | 38.1 || 61.0
+verb treatment| 3.97 | 5.14| 7.90 5.70 38.7 || 61.7

Comparison of different translation outputs generated in t he TC-STAR evaluation

For all translation outputs analysed in the previous sastithe same phrase-based transla-
tion system is used for all experiments. In order to examme the new error rates reflect the
differences between distinct translation systems, waathout an error analysis of the differ-
ent translation outputs generated by five distinct traimsiagystems in the second TCRH&R
evaluation. A total of nine different systems participatedhe evaluation, and we selected
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Table 6.19: Analysis of missing words for Serbian—-Englisinslation system trained on an
extremely small corpus with and without morpho-syntacaasformation.

| | 0.2k | +bases| +verbs|

MSER | V 4.2 4.2 2.5
N 1.2 1.2 0.9
A 0.1 0.2 0.1

ADV 0.9 1.0 0.8
PrRON || 2.5 2.5 1.0
DET 2.5 2.5 2.1
PrRep || 0.6 0.7 0.5
CoN 0.1 0.2 0.1
NUM 0 0 0
PUN 0 0 0

five representative systems for our experiments which weltdferred to as A, B, C, D and E.
For the English language we used the outputs of four systens &, and D, and for Spanish
additionaly the output of a system E.

In Table 6.20 the new error rates for all translation outmrts presented along with the
BLEU score as the official metric of the evaluation. For tranghatnto English, systems A, B
and C have very similar BEu scores as well as all error categories. The worst-rankaersys
according to the BEU is system D, and from the error rates it can be seen that thepnablem
for this system is incorrect lexical choice. The number dfa@xvords is also larger for this
system than for the others, and the number of reorderingsetwo.

Table 6.20: Error categories for different translationegss.

(a) English outputs
English || BLEU || INFER | RER | MSER | EXER | LXER || ZER |

53.5 247 | 582 472 | 407 | 145 | 31.6
53.1 230 | 568| 484 | 3.50 | 13.9 || 30.2
52.8 210 | 593| 558 | 3.20 | 14.1 || 30.9
45.4 264 | 687 3.69 | 518 | 17.5 || 359

o0 w>

(b) Spanish outputs
Spanish|| BLEU || INFER | RER | MSER | EXER | LXER || ZER |

50.0 478 | 562| 465 | 412 | 152 || 344
48.2 480 |580| 531 | 3.78 | 151 || 34.8
49.6 493 | 562| 533 | 3.11 | 14.7 || 33.7
38.9 548 | 6.72| 470 | 439 | 19.4 || 40.7
38.6 511 | 7.75| 462 | 469 | 19.0 || 41.2

mooOw>»

For translation into Spanish, theL.Bu scores are similar for the three systems A, B and C
and for the two systems D and E they are lower. The error rai@s that the main differences
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6 Automatic error analysis of translation output

between systems A, B, C on the one hand and systems D and E athénere incorrect lexical
choices. The number of inflectional and reordering erroasss higher for the system D and E.

Since the largest difference between systems for bothl&@ms directions is observed for
lexical error rate LXR, a further analysis of this error category is carried oumely distri-
bution of errors over 8s classes, and the results are shown in Table 6.21. For thasBngl
output, the main differences between system D and the o#nersicorrect lexical choices of
prepositions and nouns, although a notable difference eawbberved also for the otheoB
classes. Similar tendencies can be seen for the Spanishtoaty in addition the difference
for the verbs seems to be more significant.

Table 6.21: Incorrect lexical choice of differenoB classes produced by different translation

systems.
(a) English outputs
| English || A B | C | D |
LXER | V 3.98(4.00| 3.81| 4.26
N 3.38| 3.18| 3.31| 4.20
A 1.00| 1.03| 1.00| 1.24
ADV 0921094 1.01|1.26
PRON || 1.50| 1.46| 1.42| 1.91
DET 0.82] 0.69| 0.85| 0.99
PrRepP || 1.97| 1.90| 1.87| 2.44
CoN 0.28| 0.24| 0.27| 0.40
NuMm 0.10|10.11}0.11| 0.11
PUN 0.50] 0.37] 0.41| 0.49
(b) Spanish outputs
| Spanish | A B | C| D | E |
LXER | V 3.71| 3.63| 3.53| 4.11| 4.27
N 3.25| 3.22| 3.16| 5.08 | 4.44
A 1.29|1.34|1.25|1.72| 1.83

Apv (1 0.84|0.84|0.81|1.10| 1.08
PrRON || 0.71]| 0.79| 0.76 | 0.99| 0.84
DET 1.39| 1.37| 1.38| 1.44| 1.62
PREP || 2.92| 2.94| 2.89| 3.77 | 3.67
CoN | 0.50| 0.46| 0.51| 0.62| 0.57
Num | 0.08]| 0.11| 0.06| 0.07| 0.09
PUN 0.44| 0.33| 0.34| 0.48]| 0.53

For Spanish outputs, a detailed analysis of inflectionalreiis performed too, because Span-
ish morphology is more problematic than English, and theltegare shown in Table 6.22. The
worst-ranked systems D and E produce more inflectional €faornouns, pronouns and es-
pecially determiners. For adjectives and adverbs there@ggnificant differences between
these systems and the other three systems, and for verkgsiisthows the best performance.
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This shows that although overall performance of some sys&eworse than for the others, this
system still can outperform the others in some particulpeets.

Table 6.22: Inflectional errors for differentR classes in Spanish outputs produced by different
translation systems.

| Spanish | A| B | C | D | E |
INFER | V 2.15]2.13] 2.23| 2.14] 1.95
N 0.28( 0.28| 0.30| 0.46 | 0.44

A 0.54| 0.50| 0.56 | 0.54| 0.54

Apv | 0.01|0.01|0.02| 0.02| 0.03
PrRON || 0.29] 0.19| 0.28| 0.39| 0.31
DET 150 1.67|1.48| 2.02| 1.81

6.4 An alternative approach to automatic error analysis

This section presents another approach to automatic eredysas of translation output also
based on the standard word error rates and linguistic krdgeleThe main idea of this method
is to calculate VER and HER separately for each word class, and then to perform thedurth
analysis. In the next sections a detailed description &f &éipproach will be presented along
with some experimental results. The general scheme isiqexsan Figure 6.2.

6.4.1 Word error rates of each P 0s class

Another way to estimateds-based error rates is to create a new reference and a newhhypot
esis for each 8s class by extracting all words belonging to this class, aed tio calculate the
standard VER and FER. The obtained error rates are then weighted with the reldtequency
of the respective class. These error rates will be refeoed \WER and FER'.

From the example in Table 6.1 (page 56), six references arypiotheses will be created:
for nouns, verbs, adverbs, pronouns, numerals and puraruatrks. The new references and
hypotheses are shown in Table 6.23. The”’RNand FER’ of adverbs, pronouns, numerals and
punctuations are equal to zero. For nouns, the standa&® &id FER are 25% and for verbs
are 100%. After weighting with the relative frequenciesha torresponding &s classes, the
final error rates are \BR'(N) = PER'(N) = (4/12) - 25%= 8.3% and WER' (V) = PER'(V) =
(2/12) - 100%= 16.7%. It can be noted that the sum of#® over all Pos classes is equal to
the standard BrR whereas the sum of ¥R’ is less than standard ¥R. This is because part of
the information about word order is lost by creating searaterences and hypotheses.
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translation
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error analysis
(1-PER/WER for reordering errors,
1-basePER/fullPER for inflectional errors)

Figure 6.2: Error analysis based on standard word erros redéculated separately for each
word class.

Table 6.23: Example of new references and hypotheses forRagclass.

| Posclass || reference | hypothesis |

noun Mister#N Commissioner#N Mrs#N Commissioner#N
hours#N time#N hours#N time#N

verb can#V be#V is#V

adverb sometimes#AV too#ADV | sometimes#AvV too#ADV

pronoun much#RON much#MRON

numeral twenty-four#NJm twenty-four#NJum

punctuation|| ,#PUN .#PUN H#PUN #PUN

6.4.2 Inflectional errors

Estimation of inflectional errors is based on therRf full forms and the BR of base forms:
the relative difference between theserB is calculated. The larger this difference is, more
inflectional errors are present. This difference can beutatied for all words as well as for
different Ros classes as described above.

The overall amount of inflectional errors for the examplesprded in Table 6.1 is

— % = 33.3%. From Table 6.23, the relative difference for nouns isa¢étmzero because
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the RER of the full forms is equal to the R of the base forms. For verbs, the relative difference
is 50%: the full form BR is 100% and the base fornmeR is 50% because the words “is” and
“be” have the same base form “be”.

This method does not give an exact number of inflectionakeiike the method presented
in Section 6.2, but gives a general overview of the amounmhfdéctional errors in general, or
for particular RS classes.

6.4.3 Reordering errors

The overall amount of reordering errors is estimated usiegrelative difference between
WER and FER: the larger this difference is, more reordering errors aesgnt. For the ex-
ample in Table 6.1, the overall relative difference is 25/41.7 = 40.0%. As for the case of
inflectional errors, reordering errors can be also estithBteparticular ®s classes using the
relative difference between %’ and FER'.

Similar to the methods for inflectional errors, the methodcatided in Section 6.2 gives
the number of reordering errors in the translation outptienegas this method gives a general
overview of the amount of reordering errors.

6.4.4 Experimental results

Inflectional and reordering errors are estimated on the iISpaknglish and German trans-
lation outputs described in Section 4.3. Table 6.24 prest@ results for the Spanish and
English TC-SAR outputs and Table 6.25 for the German and English outpuis the E-
ROPARL corpus.A(WER, PER) denotes the relative difference between overatir/énd FER,
whereash(WER' (N, A), PER' (N, A)) andA(WER'(V), PER' (V)) are relative VER' — PER’ dif-
ferences for noun-adjective groups and verbs respectiValy inflection errors are represented
by the relative difference between overall standage Bf full forms and of base formseR(b).

Table 6.24: Relative differences for translation outpgeagyated by Spanish—English transla-
tion systems with and without local adjective reorderings.

output English Spanish
system baseline\ reorder baseline\ reorder
A(WER, PER) 28.7 27.8 24.4 23.5
(WER( A),PER(N,A)) | 26.6 | 24.7 244 | 224
A(WER'(V )PER( ) 8.9 8.4 3.1 3.0
A(PER, PER(D)) 8.8 8.8 15.6 15.7

The following observations can be noted: inflectional exrare much more present in the
Spanish and in the German output than in the English onesseTéeors are not influenced
by Pos-based word reorderings. The overall amount of reordenmy®is reduced by apply-
ing the corresponding reorderings for all outputs. For tharfssh—English language pair, the
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Table 6.25: Relative differences for translation outpgeeayated by German—English transla-
tion systems with and without long-range verb reorderings.

output English German
system baseline\ reorder baseline\ reorder
A(WER, PER) 30.9 29.7 25.3 24.7
A(WER'(N,A),PER(N,A)) | 12.3 | 11.8 14.7 | 14.3
A(WER'(V )PER( ) 8.7 3.8 6.0 5.7
A(PER, PER(D)) 5.6 5.6 11.2 | 111

number of reordering errors involving nouns and adjectis@such higher than those involving
verbs. These errors are reduced by local reorderings whéneaverbs are not affected. For
the German—English pair, long-range reorderings mairdyice verb reordering errors, but a
reduction can be seen for nouns and adjectives as well.

Further results concerning inflectional errors are preskimt Figure 6.3: the distribution of
inflectional errors over inflectiveds classes for both English and Spanish output. The results
obtained by the relative difference method are presentdteleft. In order to compare these
results with the INIER errors described in Section 6.2, the distribution of H®Fover Ros
classes is shown on the right. A full line represents redalt$nglish and a dashed line for
Spanish. Although the absolute numbers are different,ghédencies for both methods are the
same: Spanish verbs, adjectives and determiners are gahsimajority of inflectional errors,
whereas for the English output the most problematic are é¢nlesvand nouns. Apart from this,
the amount of English verb inflectional errors is much lovirartfor Spanish, and for the nouns
we see the opposite.

35 T T T T T T 25 T T T T T
Epglish —— Engllsh —
Spanishi===773 Spanishi 7
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20 |

15

10 -

Figure 6.3: Inflectional errors [%]: relative differend&PER', PER'(b)) (left) and INFER
(right) distributed over inflective ®s classes for the English and Spanish TCx8
outputs

The same results for the German and EnglislR&PARL outputs are shown in Figure 6.4.
Again, the absolute numbers are different but the tenderitie same; for translation into
German, the most problemati©B classes are adjectives and determiners, whereby a notable
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amount of errors can be found in nouns, verbs and pronounsimothe English output, the
most problematic class is verbs.

35
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Figure 6.4: Inflectional errors [%]: relative differendgPER’', PER' (b)) (left) and INFER
(right) distributed over inflective ®s classes for the English and German-E
ROPARL outputs.

6.5 Conclusions

A framework for automatic error analysis of machine tratisfaoutput is proposed. The
basic idea is to use details about actual errors extraabedthe standard word error ratesEW
and FER in combination with linguistic knowledge in order to obtamore information about
translation errors and to perform further analysis of patér phenomena. The overall goal is
to get a better overview of the nature of actual translatroors — to obtain ideas about possible
improvements of the translation system, to analyse theadwgmnents achieved by particular
methods, and to better understand the differences betwstimct translation systems. There
are many possibilities to carry out an automatic error asialysing the proposed methods.
The focus of this work are five error categories: morpholabjmflectional) errors, reordering
errors, missing words, extra words and incorrect lexicaliaf In addition, the distribution
of these error types overd3 classes is investigated. All new metrics can be applied yo an
language pair, the only prerequisite being the availgtalita morpho-syntactic analyser for the
target language.

The results of the proposed automatic methods are compatedhe results obtained by
human error analysis. Detailed experiments on differgoes$yof corpora and various language
pairs are carried out and it is shown that the results of aatenerror analysis correlate very
well with the results of human analysis.

The new error measures can detect differences betweerediffeersions of the same phrase-
based translation system. Some error categories are arlycsensitive to the amount of
training data — mostly incorrect lexical choice, but alscalareordering errors for the Spanish—
English language pair and inflectional errors for highlyenfed languages like Spanish. The
improvements yielded by thed®-based reorderings are captured well by the new metrics
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proposed for reordering errors. In addition, it is showrt tih@ new measures are sensitive
to the differences between distinct translation systemas, that they can show what are the
weak/strong points of particular systems.

The proposed metrics can be extended to other types of §igknowledge and other related
phenomena, and also can be used for obtaining more partobetails, for example examining
the contributions of particular types of verb inflectiongncordance of determiners and adjec-
tives with nouns (e.g. for Spanish and German), errors abuamamed entities, etc.

One could think of using the HR measure instead of the basic edit distance measu®r; W
however, ER is an extension of WR including shift operations for handling reordering errors
Some of the metrics presented in this chapter also try tandxiee VWER measure in this di-
rection (RER) so the advantages ofER could even become drawbacks for our task. This issue
could be investigated in future work.
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In this work, three aspects of the use of morpho-syntactarmnation for statistical machine
translation have been systematically investigated orouariasks and different language pairs:
Pos-based local and long range word reorderings, translatitmgparse bilingual training data
and automatic error analysis of translation output.

Pos-based word reorderings

Local and long-range word reorderings based on the soungeidae B s tags have been in-
troduced. The applied reordering rules are based on thelkdge about the sentence structure
in the involved languages. Thus aligned bilingual corpoearet necessary. The transforma-
tions aim at the “harmonisation” of word orders in the twodaages. In detail, the suggested
reordering methods focus on the following aspects of stratdifferences: nouns and adjec-
tives in the Spanish language, and verbs in the German lgeg@onsistent improvements are
achieved for both language pairs and all translation doest A detailed evaluation showed
that the reorderings especially improve the sentenceswvangactually transformed. The main
advantage of this method is that it requires ontysRags; the obtained results are competitive
with those presented in previous work, and in contrast tedfmeethods, neither parsing or other
type of deep syntactic analysis is required, nor a bilingeaad alignment. In addition to apply-
ing reorderings as a preprocessing step, translation af gi@phs created on the base of these
reorderings is investigated, and further improvementsaofdlation quality are achieved.

Translation with scarce bilingual resources

A trade-off between the size of the bilingual training ca@und translation quality has been
systematically investigated for three distinct languagiesoand different domains. For all tasks,
an acceptable translation quality is achieved by trainimg @ery small amount of task-specific
parallel text with the help of morpho-syntactic transfotimas, especially if conventional dic-
tionaries and/or phrasal books are available as additlmmadgual knowledge sources. Transla-
tion with a system trained only on a dictionary or a phrasatten could be used for applications
where only a gist of the translated text is necessary, sutgxaslassification or multilingual in-
formation retrieval. Some morpho-syntactic transforoatiare shown to be particularly useful
for scarce training data, such as local¥based word reorderings and reduction of full forms.

81



7 Scientific contributions

Automatic error analysis and classification

Error analysis of translation output is an important buficlift task. Human error analysis is,
like all human evaluations, costly and time-consuming.s™ork presented a framework for
automatic analysis and categorisation of errors in madinareslation output. The basic idea is
the use of details about the actual errors obtained frondatarword error rates ¥R and FER
in combination with linguistic knowledge. The overall gi&to obtain a better overview of the
nature of actual translation errors, primarily to obtaiead about possible improvements in the
translation system and to better understand the diffeeehetwveen different systems. There
are many possibilities to carry out an automatic error aiglysing the proposed methods. In
this thesis, five error categories are presented: morploalb@nflectional) errors, reordering
errors, missing words, extra words and incorrect lexicai@d, and novel error rates based on
these categories are introduced. The proposed methodasset for any translation system,
the prerequisite being the availability of a morpho-syhta@nalyser for the target language.

The results of the proposed automatic methods are compatkdhe results obtained by
human error analysis. Detailed experiments on differgoes$yof corpora and various language
pairs were carried out and it is shown that the results ofraatw error analysis correlate very
well with the results of human evaluation.

Furthermore, it is shown that the new error rates are seasdidifferences between transla-
tion systems. Some error categories are particularly semgp the amount of the training data:
mostly incorrect lexical choice, but also reordering esroaused by local differences as well
as morphological errors for highly inflected languages 8kanish. The improvements yielded
by Pos-based reorderings are also investigated, and it is shaarntbse improvements are re-
flected well by the proposed metrics. In addition, it is shakat the new measures are sensitive
to the differences between distinct translation systerasthat they can show the weak/strong
points of particular system.
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8 Future directions

From the experience made during this work, these are the sngigestions for future refine-
ments and investigation:

Word graphs based on morpho-syntactic transformations

Probabilities for graphs created bp®based reorderings: appropriate methods for defin-
ing reordering probabilities.

Introducing a reordering path for each particular rulefasponly two possibilities were

considered when creating a word graph; the words are resdmr the words are not
reordered. However, it would be interesting to investigae effects of more diverse
paths, e.g. for Spanish—English reorderings create depaa¢hs for adjective-noun, for
adverb-adjective-noun, for adjective-adjective-noun,,&nd for German—English verb
reorderings separate paths for infinitive, for past pat&gifor finite verbs, for negative
particles, etc.

 Training corpus problem: as discussed in Section 4.3, danestasks the benefit from
the word graph is larger if it is translated with the origicakpus without reorderings,
whereas for some other tasks it is the opposite. Therefooendination between the two
training variants should be investigated, for example ttieaetion of phrases both from
the original and from the reordered corpus.

Word graphs for morphological transformations: apantrfriie graphs based on reorder-
ings, i.e. syntactic transformations, it would be intaregto examine translation of word
graphs created on the base of different morphological toamations. As already stated
in the previous sections, the effectiveness of both mogafichl and syntactic transfor-
mations depend very much on the languages and on the corpusx&mple, as seen in
Section 5.3, some morphological transformations are veejul for the approach based
on small corpora, whereas if the large corpus is availaldg éine not so beneficial. Apart
from this, some preliminary experiments have shown thathieearchical lexicon pro-
posed by [NieRen & Ney 01b], although very effective for dn@@rman—English cor-
pora, does not lead to improvements for the Spanish—Engligjuage pair. Furthermore,
experiments with splitting Spanish verbs into stems antixasf yielded improvements
for a small tourist-oriented corpus [Popowv Ney 04b], but the method had no impact
on the TC-SAR corpus. Therefore translation of word graphs containingpinologi-
cal variations could be useful for different corpora. Suabrdvgraphs could be based
on split compound words, word stem and suffix, base forms witlvithout additional
information (such as for example the verb$tags for Serbian described in Section 5.2,
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the hierarchical lexicon proposed in [NieRen & Ney 01b]y, étppropriate probabilities
for those graphs should be investigated as well.

Translation with scarce resources

Phrasal lexica: a systematic investigation of phrasatéeas additional training material
for scarce training corpora should be conducted along Wetuse of appropriate morpho-
syntactic information.

Examine other types of morpho-syntactic transformatiomduding translation of word
graphs.

Translation with large corpora and conventional dictioescould be carried out for the
Serbian—English pair, as well as translation with scartiadaial corpora for the other
language pairs.

Error analysis
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Details about morphological errors: concordance betveggcales, adjectives and nouns
for highly inflected languages; further analysis of erransgdarticular word classes, like
for example identification of verb errors caused by tensemqn, adjective errors caused
by gender or number; errors caused by suffix/prefix; erraus@a by compound words.

Details about reordering errors: distances between wottisr word classes and groups
apart from verbs and noun-adjective groups handled in tbr&w

Examine other error categories, such as errors produceatigular named entity (B)
tags.

Systematic comparison of two methods for inflectional aawtdering errors: WR and
PER details vs. relative differences.

Use TER instead of VER and compare the results.
New error rates as evaluation metrics: correlatiod®k with human judgments.



A Corpora

This appendix summarises information about the differempara used for the translation
experiments described in this work.

A.1 Spanish—English corpora

The Spanish—English corpora used in this work were colieictéhe framework of the TC-
STAR project [tcs 05] and were used in the first and the second TAR Svaluation. The
training corpus contains more than one million sentencdsabout 35 million running words of
the Spanish and English transcriptions of the Europeamdfaht Plenary SessionsgEg. A
detailed description of thefPsdata can be found in [Vilar & Matusav05]. The test corpora
consist each of about thousand sentences and 25000 runoidig.win addition to the EPS
test copora (Test and Test2), for translation from SpamshkEnglish the Spanish Parliament
data (ParlEsp) are used in the second T@+Sevaluation as well as in this work. The number
of Out-of-Vocabulary (@v) words is very low, about 0.5% of the running words for Splanis
and 0.2% for English.

The corpus statistics are shown in Table A.1. In order toyaeethe effects of data sparseness,
two sets of small corpora have been constructed by randoscts®l of sentences from the
original corpus. The small corpus referred to as 13k costalmout 1% of the original large
corpus, and the corpus referred to as 1k contains only timousantences. It can be seen how
the number of @v words is increasing with the decrease of the corpus sizdigg@bout
3% for 13k and about 10% for 1k. In the context of translatiothwgparse training data, two
additional bilingual corpora not related to the domain eftibst corpus are explored, namely the
conventional dictionary and the phrasal lexicon. Stasstibout these data are also presented in
Table A.1, and rather high Qv rates can be noted: about 15-25%.

A.2 German-English corpora

The EUROPARL corpus used in this work is the German—English part of thepesn Parlia-
ment corpus described in [Koehn & Monz 05] containing traipions of German and English
European Parliament Plenary SessiorsH& The training part consists of about 700 000 sen-
tences and 15 000 000 running words, and the test has twoathdsgntences and about 55 000
running words. The Ov rates are low, 0.7% for German and 0.2% for English.

The corpus statistics can be seen in Table A.2. In order testiyate the effects of scarce
resources, a small subset containing about a thousanchseatand 22 000 running words is
randomly extracted from the original corpus. TheOrates for this corpus are significantly
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higher, about 16% for German and 10% of English. The stesi$ar the conventional dictio-
nary and phrasal lexicon used in the experiments with theesdeaining corpora are shown in
the same table. Since the dictionary has a rather rich véegbthere are actually lessa@Vs
than for the small task-specific corpus 1k. The phrasal texias the highestQv rates, 25.4%
for German and 17.8% for English.

For translation from German into English, th&eBMOBIL data are used in addition to the
EUROPARL corpus. The RBMOBIL corpus consists of the dialogues in domain of appoint-
ment scheduling, travel planning and hotel reservatiore ff&ining part of the corpus used in
this work consists of about 58 000 sentences and about 10i600n@ry entries as a comple-
ment. The test corpus is taken from the end-to-end evaluafithe VERBMOBIL project and
containes 251 sentences and about 2600 running words. Tihealifiarences between this cor-
pus and the HROPARL corpus are size and domain. TheRB8MOBIL corpus is in comparison
to the EUROPARL corpus very small, and the domain is rather restricted.

A.3 Serbian—English corpora

The Serbian—English parallel corpus used in the expersneith scarce training corpora
is a language course in electronic form. The full corpuskRi§ already small, containing
less than three thousand sentences and about twenty fiveatiuounning words. In order to
investigate extremely sparse training material, a redeoedus containing only two hundred
sentences reffered to as 0.2k has been randomly extractedtifre original corpus. For this
corpus, a set of short phrases has been investigated agoadtltilingual knowledge. The
test part of the corpus consists of two hundred sixty seeteaod about two thousand running
words. In addition to this test, twenty two sentences froeBBC News are used for translation
experiments. All statistics related to this corpora candensn Table A.4. High Ov rates
can be observed for all corpora and both languages, eslyefdalSerbian due to very rich
morphology. In the BBC test set almost half of the Serbiamiogwords are Ov.
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A.3 Serbian—English corpora

Table A.1: Corpus statistics for the Spanish—English T@fStask (PM = punctuation marks).

| | Spanish | English |

Training | 1.3M Sentences 1281427
Running words+PM| 36578514| 34918192
Vocabulary 153124 | 106496
Singletons [%] 35.2 36.2

13k Sentences 13360
Running words+PM| 385198 | 366055
Vocabulary 22425 16326
Singletons [%] 47.6 43.7
1k Sentences 1113
Running words+PM| 31022 29497
Vocabulary 5809 4749
Singletons [%] 60.8 55.3
Dictionary Entries 52566
Running words+PM| 60964 62011
Vocabulary 31126 30761
Singletons [%0] 67.7 67.4
Phrases Entries 10520
Running Words+PM 44289 41850
Vocabulary 10797 11167
Singletons [%0] 60.9 64.0

Test test Sentences 894 1117
Running words+PM| 28591 28492
Distinct words 4868 4172
Oovs (1.3M) [%] 0.63 0.37
Oovs (13k) [%] 3.8 2.8
Oovs (1K) [%] 11.9 10.5
Oovs (dict.) [%] 19.7 14.9
Oovs (phr.) [%0] 22.4 17.8

test2 Sentences 840 1094
Running words+PM| 22774 26917
Distinct words 4081 3958
Oovs (1.3M) [%] 0.14 0.25
Oovs (13Kk) [%] 2.8 2.6
Oovs (1k) [%] 10.6 9.4
Oovs (dict.) [%] 19.1 16.2
Oovs (phr.) [%] 23.1 19.1
spParl Sentences 888
Running words+PM| 27877
Distinct words 4180
Oovs (1.3M) [%] 1.1
Oovs (13k) [%] 5.0
Oovs (1k) [%] 14.6
Oovs (dict.) [%] 18.8
Oovs (phr.) [%)] 22.5
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Table A.2: Corpus statistics for the German—EnglishRBPARL task (PM = punctuation

marks).
| | German | English |
Training | 700k Sentences 751088

Running Words+PM 15257865 16049170
Vocabulary 205374 74708
Singletons [%0] 49.8 38.3

1k Sentences 1072
Running Words+PM 21768 22969
Vocabulary 5082 3995
Singletons [%0] 65.6 56.7

Dictionary Entries 292497
Running Words+PM 383685 | 481972
Vocabulary 138253 82457
Singletons [%] 60.6 43.8

Phrases Entries 10729
Running Words+PM 41338 42674
Vocabulary 13261 11154
Singletons [%] 70.7 62.7

Test test Sentences 2000

Running Words+PM 54260 57951
Distinct Words 9048 6496
Oovs (700k) [%] 0.7 0.2
Oovs (1k) [%] 16.4 10.2
Oovs (dict.) [%0] 10.2 4.2
Oovs (phr.) [%0] 254 17.8

Table A.3: Corpus statistics for the German—EngliseBRgmMOBIL task (PM = punctuation

marks).

Training German\ English
Sentences 71248
Running words+PM 554146 | 583305
Vocabulary 11367 | 6871
Singletons [%0] 40.4 36.5

Test Sentences 251
Running words+PM 2628
Distinct words 429
Oovs [%] 1.7
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A.3 Serbian—English corpora

Table A.4: Corpus statistics for the Serbian—English t&¥ € punctuation marks).

| | Serbian| English |

Training | 2.6k Sentences 2632
Running words+PM 22227 | 24808
Vocabulary 4546 2645
Singletons [%0] 60.0 45.8

0.2k Sentences 200
Running words+PM 1666 1878
Vocabulary 778 603
Singletons [%] 79.4 65.5

Phrases Entries 351
Running words+PM 617 730
Vocabulary 335 315
Singletons [%] 71.3 66.3

Test test Sentences 260
Running words+PM 2100 2336
Distinct words 891 674
Oovs (2.6Kk) [%] 11.7 4.9
Oovs (0.2K) [%] 35.2 21.8

BBC Sentences 22
Running words+PM 395 446
Vocabulary 213 202
Oovs (2.6Kk) [%] 44.3 32.1
Oovs (0.2k) [%] 53.7 43.7
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B.1

Standard evaluation measures

The following evaluation metrics were used in this work fss@ssment of translation quality:

BLeu (Bilingualevaluationunderstudy):

WER

PER

TER

BLEU [Papineni & Rouko$ 02] is a precision measure basedmgram counts where
typically n-grams of sizen €{1,...,4} are considered. The precision is modified such
that multiple references are combined into a simgram count vector. All hypothesis
unigram, bigram, trigram and fourgram counts are colleeted divided by their corre-
sponding maximum reference counts. The clipped hypotluegiats are summed and
normalised by the total number of hypothesigrams. The geometric mean of the modi-
fied precision scores for a hypothesis is calculated andrthétiplied with an exponential
brevity penalty factor to penalise too short translatiddiszu is an accuracy measure.

(Worderror rate):

The word error rate (WR) is based on the Levenshtein distance [Levenshtein 66§ It i
calculated as the minimum number of substitutions, detstand insertions that have to

be performed in order to transform the translation hypasheso the reference sentence.

This is the standard measure for evaluation of automatiecdpeecognition systems.

(Position-independent woreror rate):

The word order of two target sentences can be different éxaurgh they are both correct
translations. To account for this, the position-indepenaerd error rate PR proposed
by [Tillmann & Vogel™ 97] compares the words in the two sentenagthouttaking the
word order into account. TheeR is always lower than or equal to theBA.

(Translationedit/errorrate):

TER[Snover & Dorr" 06] is defined as an extension ofaf in addition to substitutions,
deletions and insertions, possible edits include shifisaf sequences. A shift moves a
sequence of words within the hypothesis to another locamtnn the hypothesis. Each
shift has the same cost regardless of the number of wordg ibltitk or distance moved.

CDer (CD-distance-baseéror rate):

CDER [Leusch & Ueffing™ 06] is based on the block edit distance: the Levenshtein dis-
tance is extended by an additional operation called blockem@nt. C[ER allows for
reordering of blocks at constant cost. The words in the eefez have to be covered ex-
actly once, whereas the words in the hypothesis can be abvere, one, or multiple
times. Thus the CBR measure can be seen as recall-oriented (opposite toithe B
metric which is based on precision).
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For all error rates, if multiple references exist, the Leskgrin distance to the closest refer-
ence is calculated for each sentence [NieRen &'Ca0].

B.2 Syntax-oriented evaluation measures

In this section a set of novel simple linguistic-based nestbiased on detailed Part-of-Speech
(Pos) tags is described and evaluated. Although the idea of ussBoSBLEU score was men-
tioned several years agaone of the experimental results in this direction have eported
yet in the literature. The following metrics are investegghtn this work:

» POSBLEU
The standard Beu score calculated on theoR tags instead of words;

* POSWER
The standard word error rate calculated on tlxs Bags instead of words;

* POSRAGRAM
Recall measure based om&n-grams,n {1,...,4}: percentage oh-grams in the refer-
ence which are also present in the hypothesis;

* POSP4GRAM
Pos-n-gram precision: percentagemfgrams in the hypothesis which have a counterpart
in the reference;

* POSF4GRAM
Pos-n-gram-based F-measure: takes into account-glams which have a counterpart,
both in the reference and in the hypothesis.

For then-gram-measures, two types fgram averaging are investigated: geometric mean
and aritmetic mean. Geometric mean is already widely usetlarBLEU score, but is also
argued not to be optimal because the score becomes equabtevan if only one oh-gram
counts is equal to zero.

All evaluation metrics are based on detailedlsRags. The prerequisite is availability of the
appropriate Bs tagger for the target language. It should be noted that tet&ys cannot be
only basic (noun, verb, etc.) but must contain all morphotagtic details (e.g. verb tenses,
cases, number, gender, etc.).

B.2.1 Evaluation set-up

The results are presented on the English, French, SpanisGaman European Parliament
texts generated by different translation systems in thadkaork of the shared task on the 2006
HLT-NAACL Workshop [Koehn & Monz 06] and 2007 Workshop on Statistical Machine
Translation [Callison-Burch & Fordyce07]. The objective of the shared task was translation
between European languages, namely French, German, BardsEnglish. The translation
directions were from each of the languages into English,\acel versa. Training and testing

Ihttp://Iwww.amtaweb.org/summit/MTSummit/FinalPapers/ panel-hovy.pdf
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B.2 Syntax-oriented evaluation measures

was based on thedROPARL corpus. In addition, editorials from the Project Syndiocatsh-
site? were collected and used as out-of-domain test data. Theisatatistics of all test data
is shown in Tables B.1 and B.2. About fifteen different grotrps different institutions par-
ticipated in the share tasks. Most of the groups use somantasf a phrase-based statistical
system. However, ¥STRAN uses a rule-based system which is not task-specific, ancein th
evaluation 2007 8sTRAN and NRC submitted joint translation outputs from a hybrigteyn
using both rule-based and statistic approaches. Mordslataut the shared tasks, the data and
the participants can be found in [Koehn & Monz 06] and [CaltisBurch & Fordyce 07].

Table B.1: Test data for the shared task 2006.

English| Spanish| French| German
EUROPARL Sentences 2000
Words| 59307 | 61824 | 66783| 55533
Distinct words| 6031 7719 | 7230 | 8812
out-of-domain Sentences 2000
Words| 59307 | 61824 | 66783| 55533
Distinct words| 6031 7719 | 7230 | 8812

Table B.2: Test data for the shared task 2007.

English| Spanish| French| German
EUROPARL Sentences 2000
Words | 53531 | 55380 | 53981 | 49259
Distinct words| 8558 | 10451 | 10186| 11106
out-of-domain Sentences 2007
Words | 43767 | 50771 | 49820| 45075
Distinct words| 10002 | 10948 | 11244| 12322

The new metrics are evaluated on outputs from all transladicections: Spanish, French
and German into English and vice versa. Morpho-syntactiotation of the English and
German references and hypotheses is performed using trstra&ioh grammar parsernN=
GCG [Voutilainen 95] and GRCG [Haapalainen & Majorin 95]. Spanish texts are annotated
using the FreeLing analyser [Carreras & Chd], and French texts usin the Tree Taggénm
this way, all references and hypotheses are provided witildd Fos tags.

Correlation with human judgments: Spearman’s rank correlation coefficigmis used in
the officional evaluation of various metrics in the shar&¢a3 herefore we calculate the same
coefficient in order to measure correlation of the new auta@maetrics with adequacy and
fluency scores. Spearman’s rank correlation coefficiengusvalent to Pearson correlation on
ranks, and its advantage is that it makes fewer assumptimng ¢he data. The possible values
of p are between 1 (if all systems are ranked in the same orderlgifdall systems are ranked

2http://www.project-syndicate.com/

Shttp://www.ims.uni-stuttgart.de/projekte/corplex/Tr eeTagger/
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in the reverse order). Thus the higher valugpdbr an automatic metric, the more similar it is
to the human metric.

B.2.2 Results

For each new metric, the Spearmarcoefficient with the adequacy and with the fluency
score is calculated on the document level. Then the restidtsianmarised by averaging the
obtained coefficients over all translation outputs. Both thean and the median value are
calculated. Median value reflects better how often the icectarelation is above or below this
value. Average correlations are calculated separateih&2006 and 2007 data as for the 2007
data the ER and METEOR scores are also available for comparison whereas for thé @8
only the BLEU score is available.

Average correlations are shown in Table B.3 and Table B.4alsie B.3 it can be seen that
the new measures have a rather higloefficient both with respect to the adequacy and to
the fluency score. ®sBLEU and RoSFAGRAM using the geometric mean have especially high
correlation coefficients, followed byd3WER and othem-gram-based metrics. Furthermore,
all these measures outperform theE® score. It can also be seen that the geometric mean
averaging oh-grams performs slightly better than the arithmetic mean.

Table B.3: Mean and median Spearman correlations for thé data.

2006 adequacy fluency
mean| median|| mean| median

BLEU || 0.478] 0.660 || 0.495| 0.624 |

PosBLEU || 0.546| 0.727 || 0.541| 0.645
POSWER || 0.729| 0.708 || 0.659| 0.698
PosF4GrAM gm || 0.597| 0.788 || 0.566| 0.739
am || 0.577| 0.751 || 0.588| 0.740

PosR4GrAM gm || 0.508| 0.652 || 0.525| 0.612
am || 0.472| 0.623 || 0.494| 0.522

PosP4GrAM gm || 0.602| 0.712 || 0.532| 0.654
am || 0.569| 0.610 || 0.500| 0.554

Average correlation coefficients for the 2007 data are pteskein Table B.4. Again, s
BLEU, POSWER and RosF4GRAM have high correlation coefficients with both adequacy and
fluency, and for this datadsR4GRAM too. These measures outperform theeEB score as well
as the METEOR and the ER metric.

Results of an additional experiment on the 2007 data are ishowable B.5. This table
presents the percentage of the documents on which the nesumeeautperforms one of the
well-known measures, i.e. lBu, METEOR and TER. It can be seen that in the majority of
the cases the #SBLEU metric outperforms all three standard measures, espeovih re-
spect to the fluency score. Th@®VER and geometric meand3F4GRAM show a similar
behaviour, outperforming the standard measures in therityagd cases but slightly less often
than the BSBLEU. The FOSR4AGRAM score is worse thandsF4AGRAM, but still outperforms
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Table B.4: Mean and median Spearman correlations for thé data.

2007 adequacy fluency
mean| median|| mean| median

BLEU || 0.674| 0.669 | 0.584| 0.710
METEOR || 0.596| 0.604 || 0.538| 0.643
TER || 0.598| 0.68 | 0.479| 0.59

PosBLEU || 0.723| 0.742 || 0.697| 0.778
POSWER || 0.676| 0.726 || 0.651| 0.742
PosF4GrRAM gm || 0.576| 0.693 || 0.538| 0.736
am || 0.590| 0.693 || 0.556| 0.736

PosR4GrRAM gm || 0.626| 0.714 | 0.618| 0.804
am || 0.600| 0.732 || 0.586| 0.827

PosP4GrAM gm || 0.508| 0.642 || 0.438| 0.572
am || 0.500| 0.607 || 0.429| 0.572

Table B.5: Percentage of documents where a particular neasune outperforms the standard
measures — test data 2007.

adequacy fluency
BLEU \ METEOR\ TER || BLEU \ METEOR\ TER

PosBLEU || 77.3 58.3 75.0|| 81.8 83.3 83.3
POSWER || 63.6 66.7 75.0|| 63.6 75.0 83.3
PosF4GrRAM gm || 72.7 58.3 75.0|| 63.6 75.0 83.3
am| 68.2 58.3 75.0|| 63.6 66.7 66.7

PosR4GRAM gm || 63.6 75.0 58.3|| 68.1 66.7 58.3
am| 54.5 75.0 58.3|| 63.6 58.3 50.0

PosP4GRAM gm | 63.6 50.0 75.0|| 45.4 50.0 58.3
am| 545 41.7 66.7| 36.4 50.0 58.3

the standard measures in 50-70% of cases, andalsP#&RAM score has the lowest percent-
age, 30-60%. Additionaly, it can be seen that, again, thengéac mean averaging of the
n-grams performs better than the artimetic mean.

B.2.3 Conclusions

The use of lingustic-based evaluation measures orient#geosyntactic structure of the sen-
tence is proposed. IBEU and WER are calculated on the detailed Part-of-SpeeabsjRags
instead on the words. In addition, precision, recall anddasure obtained ond3-n-grams are
investigated. The new measures are tested on the data @dtedsand third shared task of Sta-
tistical Machine Translation Workshop [Koehn & Monz 06, I&ain-Burch & Fordyce 07].
An extensive analysis of the correlation coefficients betwéhe linguistic-based automatic
evaluation metrics and the human judgments is carried dug.obtained results show that the
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new metrics correlate very well with human judgments, ngnaelequacy and fluency scores,
as well as that some of the new metrics outperform the stdnelaluation measuresLBuU,
METEOR and TER in the majority of cases. &BLEU, geometric mean ®sF4AGRAM and
POSWER seem to be especially promising.

Combinations of different evaluation metrics could be stigated in the future, for example
the combination of different linguistic-based metric adlvas the combination of linguistic
metrics with standard metrics.

B.3 Automatic error analysis (Chapter 6)

For the automatic error analysis of translation outputfwihg metrics have been used:

INFER (inflectionalerror rate):
Number of FER errors caused by wrong choice of the full word form normaliseer the
(closest) reference length.

RER (reorderingerror rate):
Number of WER substitutions and deletions which do not occur ag Reference errors
normalised over the (closest) reference length.

MSER (missng worderror rate):
Number of WER deletions which are not caused by wrong full form choice ralised
over the (closest) reference length.

EXER (extra worderror rate):
Number of WER insertions which are not caused by wrong full form choicenmalised
over the (closest) reference length.

LXeErR (lexical error rate):
Number of errors caused neither by wrong full form choice Impdeleting or inserting
words normalised over the (closest) reference length.

>ER (sumof error rates):
Sum of all above error categories: always greater trem Pwer than WER and similar
to TER.

Two additional measures for estimating inflectional anddeong errors are used:

A(WER, PER) — relative difference between &% and FER:
Used for estimation of reordering errors.

A(PER,PER(D)) — relative diferrence betweereR of full forms and FER of base forms:
Used for estimation of morphological (inflectional) errors
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C Additional experimental results

This Appendix contains experimental results regardingsihiéting of German compound
words, as well as results ofo®-based local reorderings and translation with scarcednikh
data on two additional TC-®R test sets not included in Chapter 4 and 5.

C.1 Splitting German compound words

This section presents detailed results obtained by th#isgliof German compound words
on the full EUROPARL training corpus. Two scenarios are investigated: spyjttompounds
in the original corpus and splitting compounds in the recedecorpus. Table C.1 presents
the percentage of sentences which contain split compoasdsell as the percentage of split
running words. It can be noted that almost half of sententdise test corpus are affected by
splitting, but only 2.5% of running words are actually splithis is one of the reasons why
the improvements achieved by compound splitting are ngelaiWhen both long-range verb
reorderings and compound splittings are applied, the ntyajoir sentences is transformed.

Table C.1: Percentage of transformed sentences and sptiswothe German part of theu=
ROPARL corpus.

| | train | test |

split sentencey 38.1% | 44.6%
words 4.4% | 2.5%
reorder+split sentences93.2%| 85.7%

The translation results obtained by compound splittingsh@vn in Table C.2. The baseline
system denotes the original system without any transfoomsit “reorder verbs” stands for
the system with the best combination of long-range reondsrdescribed in Section 4.3, and
“split compounds” is the system with compound splitting.thie system “reorder+split” both
transformations are applied on the source part of the corpus

The results for the separated test sets are shown in Tabldt€ah be seen that compound
splitting results in improvements both for the set of smittences and for the rest. Contrary to
reorderings, improvements by split are even larger for éiseaf sentences than for the actually
transformed sentences.

PosBLEU scores are calculated for each of the four German-to-Bnglstems and pre-
sented in Table C.4. Reordering of verbs, as already seesciting 4.3, significantly improves
this score. However, improvements obtained by compounttisglare rather small. This could
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be expected, because compound splitting has not much icBusmmthe syntactic structure of
the sentence but on the lexical aspects.

Table C.2: Translation results [%] for Germaiftnglish translation of the BEROPARL corpus:
verb reorderings and compound splitting.

| 700k | BLEU | TER | WER | PER | CDER |
baseline: monotone sear¢h 24.4 | 61.3| 66.9 | 45.9| 55.6
reorder verbs 256 | 60.2| 65.4 | 45.7| 54.4
split compounds 248 | 61.0| 66.6 | 45.5| 554
reorder+split 25.6 | 59.8| 65.1 | 45.2| 54.4

Table C.3: Separated translation results [%] for Germ&mglish translation of the EBROPARL
corpus: transformed senteces and the rest.

| | BLEU | TER | WER | PER | CDER |

split baseline: monotone seargh 24.2 | 61.9| 67.7 | 46.2| 56.4
split compounds 244 | 61.8| 67.6 | 46.0| 56.2
not split baseline: monotone seargh 23.4 | 62.5| 67.3 | 48.1| 56.5
split compounds 23.7 | 62.0| 67.0 | 47.6| 56.3
reordered+split| baseline: monotone seargh 23.6 | 62.2| 68.0 | 46.3| 56.5
reorder+split 24.6 | 60.7| 66.2 | 45.7| 55.2
not transformed baseline: monotone seargh 37.3 | 49.8| 52.5 | 40.8| 44.0
reorder+split 38.9 [48.0] 50.9 | 39.6| 43.8

Table C.4: ®SBLEU scores [%] for Germar-English translation of the BROPARL corpus:
verb reorderings and compound splitting.

| | German-English|

baseline: monotone seargh 36.3
reorder verbs 38.2
split compounds 36.5
reorder+split 38.6

Table C.5 presents theoBBLEU scores for the separated test sets. Compound splittindsyiel
small improvements both for the transformed sentencesaritd rest. When verb reorderings
are also applied, improvements on the transformed set i@ye, land somewhat smaller for the
rest.
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Table C.5: Separatedd®BLEU scores [%] for Germar-English translation of the BROPARL
corpus: transformed sentences and the rest.

| | German-English|

split baseline: monotone seargh 37.4
split compounds 37.5
not split baseline: monotone seargh 35.0
split compounds 35.2
reordered+split| baseline: monotone seargh 35.7
reorder+split 38.0
not transformed baseline: monotone seargh 44.9
reorder+split 46.6

C.2 Local P os-based word reorderings and translation with
scarce resources on additional Spanish—English test sets

This section presents the results of local reorderings disaseesults for translation with
scarce bilingual training corpora for the test corpora usethe first TC-SAR evaluation.
In addition, for the translation from Spanish into Engligisults for the Spanish Parliament
corpus used as additional material in the second TT@RSevaluation are presented. All results
for these corpora show the same trends to those obtainededreghcorpus from the second
evaluation presented in Sections 4.3 and 5.3.

Table C.6: Percentage of reordered sentences in additpaalish—English test corpora: local
reorderings of adjectives.

| | train | test2 | spParl|

Spanish|| 62.5% | 60.8% | 55.7%
English || 68.7 % | 64.2% /

Table C.7: Translation results [%)] for the additional testpora: Spanish-English, local re-
ordering of adjectives.

| Spanish~English | BLEU | TER | WER | PER | CDER |
test2 | baseline: monotone sear¢gh 55.2 | 32.3| 34.3 | 25.3| 31.3
reorder adjectives 55.7 | 32.1| 33.9 | 25.3| 30.8
spParl| baseline: monotone seargh 41.2 | 43.9| 47.0 | 33.1| 42.0
reorder adjectives 41.7 | 43.7| 46.7 | 33.1| 41.6
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Table C.8: Separated translation results [%] for the aolal#i test corpora: SpaniskEnglish,
reordered sentences and the rest

| Spanish~English | BLEU | TER | WER | PeER | CDER |

test2 | reordered baseline: monotone seargh 55.3 | 32.6 | 34.7 | 25.0| 31.8
reorder adjectives 55.9 | 32.3| 34.2 | 25.0] 31.2

not reordered baseline: monotone seargh 54.9 | 31.4| 32.8 | 26.4| 29.9

reorder adjectives 54.8 | 31.5| 32.8 | 26.3| 29.8

spParl| reordered baseline: monotone seargh 41.4 | 44.5| 47.7 | 32.8| 425
reorder adjectives 422 | 44.0| 47.1 | 32.8| 41.8

not reordered baseline: monotone sear¢gh 40.5 | 42.6| 44.9 | 34.1| 40.3

reorder adjectives 404 | 42.6| 449 | 34.2| 40.3

Table C.9: Translation results [%] for the additional testpora: English-Spanish, local re-
ordering of adjectives.

| English—Spanish | BLEU | TER | WER | PER | CDER |
test2| baseline: monotone seargh 48.2 | 38.9| 41.0 | 31.3| 37.6
reorder adjectives 48.6 | 38.5| 40.6 | 31.0| 37.3

Table C.10: Separated translation results [%] for the auitht test corpora: English Spanish,
reordered sentences and the rest.

| English—Spanish | BLEU | TER | WER | PER | CDER |
test2| reordered baseline: monotone seargh 48.1 | 39.2| 41.4 | 31.0| 38.1
reorder adjectives 48.7 | 38.7| 41.0 | 30.7| 37.6
not reordered baseline: monotone seargh 48.4 | 38.1| 39.4 | 32.0| 36.1
reorder adjectives 48.4 | 38.0| 39.4 | 31.9| 36.3

Table C.11: BSBLEU scores [%] for both translation directions on the additldBpanish—
English test corpora: local reorderings of adjectives.

Spanish~English || English—Spanish

test2| spParl test2
baseline: monotone seargh69.7 61.5 57.4
reorder adjectives 70.6 62.2 58.1
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Table C.12: SeparatedoRBLEU scores [%] for both translation directions on the additlona
Spanish—English test corpora: reordered sentences aneisthe

Spanish-English|| English—Spanish
test2| spParl test2
reordered baseline: monotone sear@h69.2 61.8 57.3
reorder adjectives 70.4 62.8 58.3
rest baseline: monotone sear¢gh71.3 60.7 57.5
reorder adjectives 71.1 60.6 57.4

Table C.13: Translation of word graphs: results [%] on thalitawhal test corpora —
Spanish~English.

| Spanish~English | BLEU | TER | WER | PeER | CDER |
test2 | baseline: monotone sear¢gh 55.2 | 32.3| 34.3 | 25.3| 31.3
+graph 56.1 | 31.7| 33.7 | 25.3| 30.8
reorder adjectives 55.7 | 32.1| 33.9 | 25.3| 30.8
+graph 55.7 | 32.0| 33.9| 25.4| 30.8
spParl| baseline: monotone seargh 41.2 | 43.9| 47.0 | 33.1| 42.0
+graph 42.8 | 42.7| 45.9 | 32.2| 40.7
reorder adjectives 41.7 | 43.7| 46.7 | 33.1| 41.6
+graph 42.7 | 43.0| 46.2 | 32.2| 40.8

Table C.14: Translation of word graphs: results [%] on thalitawhal test corpora —
English—Spanish.

| English—Spanish | BLEU | TER | WER | PER | CDER |
test2 | baseline: monotone seargh 48.2 | 38.9| 41.0 | 31.3| 37.6
+graph 48.8 | 38.5| 40,5 | 31.2| 37.2
reorder adjectives 48.6 | 38.5| 40.6 | 31.0| 37.3
+graph 48.7 | 38.3| 40.5 | 30.9| 37.2
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C Additional experimental results

Table C.15: Translation tesults and 0@ rates [%] for the additional test corpora:
Spanish~English, different sizes of training corpora and apprdprinorpho-
syntactic transformations.

| Spanish-English | BLEU | TER | WER | PER | CDER || Oov rate |
test2 | dictionary 19.4 | 58.8| 60.4 | 49.3| 56.9 20.7

+reorder adjective§ 20.1 | 56.7| 59.4 | 47.4| 54.8 20.7
+adjective base 23.8 |549| 56.4 | 46.8| 53.0 17.9

+ Oov base 24.8 | 53.8| 55.3 |449| 519 6.9
1k 29.6 | 50.9| 52.4 | 40.8| 48.6 10.6
+dictionary 34.8 | 46.7| 48.4 | 36.9| 45.3 6.8

+reorder adjective§ 39.8 | 43.4| 449 | 35.3| 414 6.8
+adjective base 40.1 | 43.1| 446 | 35.0| 41.1 5.9
13k 445 | 39.4| 41.3 | 30.7| 37.8 2.8
+dictionary 46.3 | 38.2| 40.1 | 29.7| 37.5 2.4
+reorder adjective§ 48.9 | 36.7| 38.6 | 29.2| 35.2 2.4
+adjective base 48.9 | 36.6| 38.3|29.0| 35.1 2.2

1.3M 55.2 | 32.3| 34.3 | 25.3| 31.3 0.14
reorder adjectives|| 55.7 | 32.1| 33.9 | 25.3| 30.8 0.14
spParl| dictionary 154 | 65.5| 67.8 | 53.3| 62.7 18.8

+reorder adjective§ 16.8 | 64.4| 66.6 | 53.1| 61.4 18.8
+adjective base 17.4 | 63.8| 66.0 | 52.5| 60.9 17.1

+ OoV base 18.2 | 62.9| 65.3 | 51.0| 59.8 7.2
1k 20.4 | 595| 61.8|47.6| 57.0 14.6
+dictionary 25.0 | 55.4| 57.8 | 43.5| 53.9 8.8

+reorder adjectiveg 28.5 | 53.5| 55.9 | 42.8| 51.4 8.8
+adjective base 285 [ 53.5| 559 (42.7| 51.3 8.0
13k 32.4 | 50.4| 53.3|37.9| 48.2 5.0
+dictionary 33.7 |49.1| 51.9 | 37.4| 48.0 3.9
+reorder adjective§ 36.2 | 47.9| 50.7 | 37.1| 45.8 3.9
+adjective base 35.6 | 48.2| 50.9 | 37.6| 46.1 3.8
1.3M 41.2 | 43.9| 47.0 | 33.1| 42.0 1.1
+reorder adjective§ 41.7 | 43.7| 46.7 | 33.2| 41.6 1.1
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C.2 Spanish—English: reorderings and scarce resources

Table C.16: Translation results and o®@ rates [%] for the additional test corpora:
English—Spanish, different sizes of training corpora and approgrimorpho-
syntactic transformations.

| English—Spanish || BLEU | TER | WER | PER | CDER || Oovs |

test2| dictionary 14.1 | 65.4| 67.6 | 55.9| 62.8 || 16.2
+reorder adjectiveg 15.7 | 64.0| 66.3 | 55.2| 61.4 16.2
1k 24.0 | 58.8| 60.8|47.9| 56.0 9.4
+dictionary 28.4 | 55.0| 57.1|44.2| 52.6 4.8
+reorder adjective§ 30.5 | 53.2| 54.0 | 42.0| 50.3 4.8
13k 36.7 | 47.9| 50.3 | 38.0| 46.0 2.6
+dictionary 37.7 | 46.9| 49.3 | 37.1| 45.1 1.8
+reorder adjectivegy 39.5 | 45.5| 47.8 | 36.4| 44.0 1.8
1.3M 48.2 | 38.9| 41.0 | 31.3| 37.6 | 0.25
reorder adjectives|| 48.6 | 38.5| 40.6 | 31.0| 37.3 || 0.25

Table C.17: Translation results [%] for the additional testpora: Spanisk-English, word
graphs and scarce training data.

| Spanish-~English | BLEU | TER | WER | PER | CDER || Oovs |
test2 | dictionary 19.7 | 58.8| 60.1 | 48.8| 56.9 20.7
+graph 22.3 | 56.8| 58.0 | 48.3| 55.0
+reorder adjective§ 22.3 | 56.7| 57.9 | 48.2| 54.8
1k 29.6 | 50.9| 52.4 | 40.8| 48.6 | 10.6
+graph 324 | 48.6| 50.2 | 39.9| 46.4
reorder adjectives || 32.9 | 47.9| 49.4 | 39.7| 45.8
+graph 329 [ 48.0] 49.5 | 39.6| 45.9
13k 445 | 39.4| 41.3 | 30.2| 37.8 2.8
+graph 47.4 | 37.4| 39.2 | 30.0| 35.8
reorder adjectives || 47.7 | 37.2| 39.1 | 29.8| 35.5
+graph 47.7 | 37.3| 39.1 | 29.8| 35.6
spParl| dictionary 154 | 65.5| 67.8 | 53.3| 62.7 18.8
+graph 16.8 | 64.4| 66.6 | 53.1| 61.5
+reorder adjective§ 16.8 | 64.4| 66.6 | 53.1| 61.4
1k 20.4 | 59.5| 61.8 | 47.6| 57.0 || 14.6
+graph 225 | 58.0| 60.1 | 47.1| 55.4
reorder adjectives || 22.3 | 57.8| 60.1 | 47.0| 55.4
+graph 22.2 | 58.0] 60.3 |47.0| 554
13k 32.4 | 50.4| 53.3 | 37.9| 48.2 5.0
+graph 34.6 | 48.9| 51.7 | 37.6| 46.7
reorder adjectives|| 35.0 | 48.5| 51.2 | 37.6| 46.5
+graph 35.0 [ 48.6| 51.3 | 37.6| 46.5
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Table C.18: Translation results [%] for the additional testpora: English-Spanish, word
graphs and scarce training data.

| English—Spanish [ BLEU | TER | WER | PER | CDER || Oovs |

test2 | dictionary 17.0 | 65.4| 66.8 | 55.0| 62.8 16.2
+graph 18.9 | 63.6| 65.2 | 54.0] 61.2
+reorder adjectiveg 18.5 | 64.0| 65.5 | 54.2| 61.4
1k 24.0 | 58.8| 60.8 | 47.9| 56.0 9.4
+graph 26.3 | 56.6| 58.7 | 46.7| 54.0
reorder adjectives || 25.5 | 57.1| 59.3 | 46.8| 54.3
+graph 259 | 56.9| 59.0 | 46.7| 54.0
13k 36.7 | 47.9| 50.3 | 38.0| 46.0 2.6
+graph 39.0 [ 45.9| 48.3 | 37.0| 44.3
reorder adjectives || 38.3 | 46.4| 48.7 | 37.3| 45.0
+graph 38.8 [46.0| 48.4 | 37.1| 445

Table C.19: Translation results [%] on the additional tespora: Spanish-English, phrasal
lexicon with local reorderings and word graphs.

| Spanish-English | BLEU | TER | WER | PER | CDER || OoOvs |

test2 | phrases 22.0 | 56.9| 58.3 | 47.6| 54.2 23.1
+graph 23.7 | 55.6| 56.8 | 47.3| 52.8
reorder adjectives|| 23.5 | 55.4| 56.7 | 47.3| 52.9
+graph 23.3 | 55.7| 57.0 | 47.4| 53.2
phrases+dictionary 28.3 | 51.6| 53.3 | 42.0| 49.4 || 14.7
+graph 31.3 | 49.6| 51.0 | 41.3| 47.2

spParl| phrases 16.6 | 63.5| 65.6 | 52.3| 60.5 || 22.5
+graph 19.9 | 60.4| 62.5| 49.5| 57.2
reorder adjectives|| 19.6 | 60.3| 62.6 | 49.5| 57.5
+graph 19.6 | 60.5| 62.7 | 49.5| 57.6
phrases+dictionary 24.5 | 57.4| 60.0 | 45.3| 54.8 13.4
+graph 26.4 | 55.9| 58.4 | 45.0| 53.2
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C.2 Spanish—English: reorderings and scarce resources

Table C.20: Translation results [%] on the additional tespora: Engliskh-Spanish, phrasal
lexicon with local reorderings and word graphs.

| English—Spanish || BLEU | TER | WER | PER | CDER || Oovs |

test2| phrases 17.2 | 64.9| 66.6 | 54.5| 62.5 194
+graph 18.6 | 63.5| 65.2 | 53.9| 61.1
reorder adjectives|| 18.2 | 63.8| 65.4 | 54.1| 615
+graph 18.7 | 63.5| 65.2 | 53.9| 61.2
phrases+dictionary 22.3 | 59.7| 61.8 | 49.1| 57.8 || 12.6
+graph 246 | 57.9| 59.9 | 48.1| 55.9
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