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Abstract

The recent success and proliferation of statistical machine translation (MT) systems raise
a number of important questions. Prominent among these is how to automatically estimate
the translation quality of such a system in various language pairs and domains, as it is cru-
cial in the ongoing process of developing and training new MT systems. Another important
question is how to detect machine translated text in an environment containing both human
and MT sentences, as commonly found in web-based textual data. This thesis explores
the relation between those two tasks and presents a novel approach for machine translation
quality estimation based on the correlation between machine translation detection accuracy
and translation quality.

To begin, we define the problem of machine translation (MT) quality estimation (QE).
This is the problem of automatically estimating translation quality at the corpus, sentence or
word level, without reference translations or any preliminary information on the expected
output. Contrast this with the problem of MT evaluation, which relies on such reference
translations in order to evaluate the translation quality. MT detection is defined as the
problem of automatically recognizing the MT text portions from within a corpus containing
both MT and human generated text, mainly at the paragraph or sentence level.

In order to perform MT detection the general features of translated texts are employed,
which have been studied widely for many years. Attempts to define their characteristics,
often called translation universals, include [38, 6, 2, 15] who showed that the differences
between native and translated texts go well beyond systematic translation errors and point
to a distinct "translationese" dialect. Other works [5, 26, 21, 25] use text classification
techniques in order to distinguish human translated text from native language text at the
document or paragraph level, using various linguistic features. Regarding the detection of
MT text, Carter and Inkpen [10] conducted detection experiments at the document level,
and Arase and Zhou [1] did so at the sentence-level. While previous work has considered
MT detection at different levels, the correlation between the quality of the MT text and the
ability to detect it has not been studied.

It is hypothesized that the quality of a given MT system can be measured by the accuracy
with which a classifer can distinguish between human-generated sentences and sentences
generated by that MT system. This work shows that while using common linguistic fea-
tures, such as frequencies of part-of-speech n-grams and function words, it is possible
to train classifiers that distinguish MT text from human-translated or native English text.
While this is a straightforward and not entirely novel result, the main contribution of this
work is to relativize it. It is shown that the success of such classifiers is strongly corre-
lated with the quality of the underlying MT system. Once a classification experiment is
performed, the accuracy of classifying the sentences in the corpus is measured. This accu-
racy will be shown to decrease as the quality of the underlying MT system increases, by
measuring the R? correlation coefficient. This correlation is strong enough to propose this
accuracy measure as a measure of translation quality.



Various experiments are performed to test the above hypothesis in different settings.
First, using several commercial MT systems, the correlation is measured between the abil-
ity to detect their output as MT and their translation quality as measured by BLEU [31]
or METEOR [12]. It is shown that this correlation is very high, whether or not we use
reference translations. In another experiment the same measurement is performed, but with
in-house MT systems created using the Moses SMT toolkit. Here again a strong correlation
is found between the detection accuracy and the expected translation quality as measured
by BLEU or METEOR. The last experiment set measures the correlation between detection
accuracy and human quality estimation, which is the gold-standard for measuring transla-
tion quality. For this purpose data from the machine translation workshop (WMT) is em-
ployed, which is annotated with translation quality according to human judgements. While
testing several feature sets, it is shown again that a strong correlation is found between the
detection accuracy of the classifier and the expected translation quality, this time based on
human evaluation.

This approach has several compelling aspects. First, as an MT evaluation method, it
obviates the need for a reference corpus, as is necessary for example for BLEU. This is
due to the use of general non-MT sentences, rather than expensive reference translations.
This also enables quality estimation on very large data sets and on different domains. This
method also helps to find specific issues in the system, as one can examine the sentences
that are classified as MT and look for the patterns and features that caused those sentences
to be classified as nonhuman. Another benefit of this approach is that it does not require
the use of source language sentences, as needed in many MT quality estimation techniques,
making it suitable for use with various language pairs without further customization at the
source side.
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Chapter 1

Introduction

This work focuses on the problem of machine translation (MT) quality estimation (QE).
This is the problem of estimating the quality of translated text, whether at the corpus,
sentence or word level, without reference translations or any information on the expected
output. Contrast this with the problem of MT evaluation, which relies on such reference
translations in order to evaluate the MT quality. This work presents a novel method for
QE based on first solving another problem related to MT, namely MT detection. In MT
detection, the goal is to automatically recognize MT sentences from within a corpus con-
taining both MT sentences and human generated sentences. The problem of MT detection
is currently highly relevant, as massive amounts of data are constantly scraped from the

web for various use cases, and such distinctions are required for its processing.

If we examine the frameworks of MT quality estimation and MT detection, we notice
that they have many features in common. For instance, if we attempt to detect MT sen-
tences in a corpus containing both MT sentences and human-generated sentences, the ob-
jective naturally transforms into the detection of incorrect or malformed sentences. These
sentences may exhibit several types of issues. Some issues are syntactic, while other sen-
tences exhibit semantic issues: their meaning is absurd or illogical in the relevant context.
Clearly, these issues will directly harm the translation quality score for a given MT sen-
tence, as translations that exhibit syntactic or semantic issues are likely to be poor transla-

tions, regardless of the source sentence.



This work shows that the quality of a given MT system can be measured by the accuracy
with which an MT detection method can distinguish between human-generated sentences
and sentences generated by that MT system. First, it is shown that using style-related lin-
guistic features, such as frequencies of part-of-speech n-grams and function words, it is
possible to learn classifiers that distinguish machine-translated text from human-translated
or native English text. While this is a straightforward and not entirely novel result, the
main contribution is to relativize it. It will be shown that the success of such classifiers is
strongly correlated with the quality of the underlying MT system. Specifically, given a cor-
pus consisting of both machine-translated English text (English being the target language)
and native English text (not necessarily the reference translation of the machine-translated
text), the accuracy of the system in classifying the sentences in the corpus as machine-
translated or not is measured. This accuracy will be shown to decrease as the quality of the
underlying MT system increases. In fact, the correlation is strong enough that it is proposed

that this accuracy measure itself can be used as a measure of MT system quality.

This approach has several compelling aspects. First, as an MT evaluation method, it
obviates the need for a reference corpus, as is necessary for example for BLEU [31]. This
is due to the use of general non-MT sentences, rather than expensive reference translations.
This enables quality evaluation on very large test sets and on various domains. This method
also helps to find the specific issues in a MT system, as one can look at the sentences that
the system classified as MT and examine the patterns and features that caused those sen-
tences to be classified as nonhuman. Another feature of this approach is that it does not
require the use of source language sentences, as is needed in many MT quality estimation
techniques, making it suitable for use with many language pairs without further customiza-

tion.

To be able to dive into the details of this work, let us better define the problem, as
detailed in figure 1-1. We would like to detect MT sentences which are an output of a spe-

cific MT system. To do so, a corpus containing both MT sentences and non-MT sentences
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is constructed (The non-MT sentences can be either native human sentences or human-
translated sentences). Using this corpus, a feature representation for every sentence is
extracted. Using the feature vectors representing the sentences, a classifier is trained to
distinguish between MT and non-MT instances. We then measure the accuracy of the clas-
sifier on a separate test set or run cross validation, and use the accuracy result as a proxy for
the quality of the MT system. In this setting, it is shown that the higher the classification

accuracy, the lower the expected translation quality.

The thesis is structured as follows: The next chapter presents relevant previous work
in the field. The third chapter describes the details of our approach and methodology. The
fourth chapter describes the experiments conducted regarding the detection of machine
translation and the use of detection techniques as a QE method. The final chapter offers

conclusions and suggestions for future work.



[ MT sentences ] [ non-MT sentences ]

[ Feature Extraction ]

[ Classification Experiment ]

Detection Accuracy ]

[ Quality Estimation ]

Figure 1-1: Methodological Flow Chart



Chapter 2

Previous Work

2.1 Translationese

The special features of translated texts have been studied widely for many years. Early
attempts by Toury [38] to define their characteristics, called "laws of translation" or "trans-
lation universals", compared translated texts to native target language texts in order to spot
the differentiating characteristics of translations. He proposed the "law of interference",
which states that fingerprints of the source language remain in the translation, and the "law
of growing standardization", which states that translated sentences tend to follow target
language norms unusually closely. Another example of a translation universal is simplifi-
cation [6]: translated text contains simpler forms of linguistic features than the source text.
Gellerstam [16], who introduced the term "translationese", also noted that there are several
differences between source and translated texts which aren’t necessarily translation errors,
but generally characterize translated text. Baker [3] also showed general characteristics of

translated corpora, regardless of source language.

Text classification has had many uses in the field of translation studies in recent years,
mainly as an empirical method of measuring, proving or contradicting translation univer-
sals. Baroni & Brenardini [5] used text categorization techniques in order to distinguish
translated text from original text. Specifically, they used a Support Vector Machine (SVM)

trained on a collection of articles from an Italian geopolitics journal, and explored a num-
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ber of different ways to represent a document (i.e. a journal article) as a feature vector, by
varying both the size (unigrams, bigrams, and trigrams) and the type (wordform, lemma,
POS tag, mixed) of units encoded as features. In the mixed representation, function words
were left in their inflected wordform, whereas content words were replaced by correspond-
ing tags. In the best setting, using a combination of lemma and mixed unigrams, bigrams
and POS trigrams, they acquired 86.7% accuracy with 89.3% precision and 83.3% recall

on the classification task.

Another case by Van Halteren [40] shows that it is often possible to identify the source
language of medium-length speeches in the EUROPARL corpus [23] on the basis of fre-
quency counts of word n-grams. He did so using three classification methods: a marker-
based approach, in which n-grams which occurred more often in the training data with
a specific source language (SL) than with all other source languages taken together were
deemed to be markers for SL; linguistic profiling, in which noticeable over and underuse of
specific n-grams were used for classification; and SVM. He examines in detail which posi-
tive markers are most powerful for this task, and achieves 87.2%- 96% accuracy depending

on the classification method used, thus strengthening the case for the law of interference.

Inspired by Baroni & Bernardini, Kurokawa et al. [26] created a system for automati-
cally detecting whether a piece of text is an original or a translation. Using this system, they
detected the directionality of bilingual corpora, and used this information to improve trans-
lation performance when training SMT systems. They implemented the detection mecha-
nism as an SVM with a linear kernel, while representing the documents in the same manner
as Baroni & Bernardini above (wordform, lemma, POS tag, mixed), gaining 90% accuracy
on this task with the Canadian Parliament Hansard corpus. Furthermore, by using the cor-
rect direction translated documents as a training corpus for a statistical machine translation

system, an improvement of 0.6 BLEU points was achieved.

In order to determine the characteristic features of translationese, Ilisei & Inkpen [21]

also trained a system to distinguish between translated and non-translated text, while ex-
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amining which features influence the classifiers. They presented a comparison of the clas-
sification performance with or without features related to the simplification universal in
translation. To do so, they trained an SVM, using general features such as the proportion
in texts of grammatical words, nouns, finite verbs, auxiliary verbs, adjectives, adverbs,
numerals, pronouns, prepositions, determiners, conjunctions; the proportion of grammati-
cal words to lexical words; and other features, such as average sentence length, parse tree
depth, proportion of simple sentences, complex sentences and sentences without any finite
verb, ambiguity as measured by the average of senses per word, word length as measured
by the proportion of syllables per word, lexical richness, and information load as measured
by the proportion of lexical words to tokens. They used several translated corpora in the

medical and technical field, resulting a success rate of up to 97.62%.

Investigating other universals using text categorization experiments, Koppel & Ordan
[25] show that both interference from a source language spilling over into translation in a
source-language-specific way, and general effects of the process of translation that are in-
dependent of source language, exist. For the first claim (interference), they used Bayesian
logistic regression [30] as the learning method, in order to train a classifier that labels a
given text with one of five classes representing the different source languages (Finnish,
French, German, Italian and Spanish). To represent the documents, they used a list of 300
function words taken from LIWC [32], wherein each document is represented as a vector
of size 300 in which each entry is the frequency of the corresponding word in the doc-
ument. For the second claim (language independent), they used the same feature space
and learning method, but classified the texts as original (O) or translated (T), while train-
ing the classifier on a corpus translated from one language, and applying it to a corpus
translated from another language. An accuracy of 92.7% was obtained when classifying
the source languages of translations from the EUROPARL corpus. Classifying O/T on a
cross-language corpus resulted in an accuracy of 96.7%, and similar results were seen on
a combination of EUROPARL and articles from the International Herald Tribune and its

supplements, translated from Greek, Hebrew and Korean.



A thorough study regarding translation universals by Volansky et al. [41] tested various
different hypotheses using supervised machine learning. In practice, they trained SVM’s
using 32 different linguistically-informed features, and assessed the degree to which dif-
ferent sets of features can distinguish between translated and original texts. They demon-
strated that some feature sets are indeed good indicators of translationese, thereby cor-
roborating some hypotheses, whereas others perform much worse (sometimes at chance
level), indicating that some assumptions of universality must be reconsidered. The four
main translation universals investigated were simplification, explicitation, normalization
and interference. For example, the simplification universal was tested using lexical vari-
ety, mean word length (in characters), syllable ratio, lexical density, mean sentence length,
mean word rank and most frequent words as features for the learning method. Interesting
results were obtained, such as contradiction of the simplification assumption that translated
text has shorter sentences: in most language pairs used, the sentences in the translated text
were actually longer. Another important finding was the fact that interference from source
language is by far the strongest, most robust translation universal: use of features relevant

to this universal resulted in 85%-100% accuracy in detecting translated sentences.

Popescu [34] presented a set of preliminary experiments which showed that identifying
translationese is possible with machine learning methods that work at the character level,
specifically methods which use string kernels. For this task, a corpus of literary works was
assembled, ranging from the end of the eighteenth century to the beginning of twentieth
century: 108 texts which were originally written in English by both American and British
authors, while 106 were translated into English - 76 which were originally French and 30
which were German. The classification was done with an SVM using a p-spectrum nor-
malized kernel of length 5. The first experiment performed a cross validation on the entire
corpus. The 10-fold cross-validation accuracy was 99.53% and the leave-one-out cross-
validation accuracy was 100%, raising suspicions of over-fitting. This was confirmed with
a challenging experiment: training on all the French translated text and British original
text, while testing the obtained classifier on texts translated from German and American

original text, which achieved a poor 45.83% accuracy. To avoid over-fitting, he collected
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the French original of all the works of French authors in the corpus, and modified the p-
spectrum kernel to exclude all substrings that appear in the reference corpus. Repeating the
previous experiment, training on texts from French and British authors and testing on texts

from German and American authors with the new kernel, obtained an accuracy of 77.08%.

2.2 Machine Translation Detection

The previous section shows that human translated text can be characterized by special fea-
tures that makes automatic detection possible for it. This section discusses works that in-
vestigate such features within machine translated text. Carter & Inkpen [10] translated the
Hansards of the 36th Parliament of Canada using the Bing machine translation service. The
resulting corpus was categorized as original and machine translated English and French, la-
belled hu-e, hu-f, mt-e, and mt-f. They conducted three classification experiments, using
SVM as the learning method, and unigrams, average token length, and type-token ratio as
features. In the first experiment, training data drawn from the Canadian Hansards was clas-
sified using 10-fold cross-validation with LibSVM. An accuracy of 99.89% was achieved
overall. To make sure that over-fitting did not occur, a decision tree classifier was trained
and examined to verify that there were no extraneous unigrams introduced during data pro-
cessing that could give the SVM classifier strong hints. The decision tree model appeared
to choose common words in both English and French, which suggests that the SVM, de-

spite its strong performance, did not have a trivial task.

In another experiment by Carter & Inkpen [10], the training data drawn from six Gov-
ernment of Canada web sites was classified using 10-fold cross-validation with the previ-
ously described setting. The classifier performed well, achieving an average F-measure of
0.98. A final experiment was performed in order to determine whether the somewhat suc-
cessful Government of Canada prediction models could be applied to find machine trans-
lated text on Government of Ontario web sites. The training data drawn from six federal

web sites was used to create a model that was tested on Ontario data that was not machine



translated for classification. The results of this last experiment were negative, and demon-
strated that the models trained on one set of web sites and its translations are not applicable

to web sites in a similar domain with substantially different vocabulary.

Another work in automatic machine translation detection is by Arase & Zhou [1], fo-
cusing on the "phrase salad" phenomenon [29] in which each phrase in a sentence is seman-
tically and syntactically correct, but becomes incorrect when combined with other phrases
in the sentence. They used three types of features: fluency features, which are language
models on both a machine translated corpus and on a human generated corpus, grammat-
icality features, which are language models of POS tags and function words on both a
machine translated corpus and on a human generated corpus, and gappy-phrase features,
which are features based on the frequencies of common-word patterns in the text, extracted
by the PrefixSpan tool [19]. Using the above features, they trained an SVM classifier to
differentiate machine translated text from human generated text in English and Japanese
corpora, translated by Google Translate, Bing, and a self trained MT system, resulting in

up to 95.8% accuracy at sentence level, using 10-fold cross validation.

While Arase and Zhou [1] considered MT detection at the sentence level, as this work
does, they did not study the correlation between the translation quality of the MT text and
the ability to detect it. This work shows that such detection is possible with very high ac-

curacy only on low-quality translations.

2.3 Machine Translation Evaluation and Quality Estima-
tion
There are many methods for evaluating the quality of a given machine translation output,

which are mainly based on comparing the MT output sentences to human translations of

the same source sentences. These methods can be arranged into three families.
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The first is the family of precision-based methods. The most prominent method in this
family, which became the standard for estimating MT quality in research and industry, is
BLEU [31]. This method is based on the assumption that the closer a machine translation
is to a professional human translation, the better it is. The main idea in BLEU is to use
a weighted average of variable length phrase matches against reference translations, while
taking into account the length of the candidate sentences in comparison to the length of the

reference sentences.

The NIST metric [13] is based on the BLEU metric, but with some alterations. While
BLEU simply calculates n-gram precision, giving equal weight to each one, NIST also
calculates how informative a particular n-gram is. That is to say, the rarer an n-gram is,
the more weight it is given when it is found to match. For example, if the bigram "on the"
correctly matches, it receives lower weight than the correct matching of bigram "interesting
calculations", as this is less likely to occur. NIST also differs from BLEU in its calculation
of the brevity penalty, insofar as small variations in translation length do not impact the

overall score as much.

The second family of MT evaluation methods is the family of F-score based meth-
ods. The main method in this family is METEOR [4, 27, 12]. METEOR scores machine
translation hypotheses by aligning them to one or more reference translations. Alignments
are based on exact, stem, synonym, and paraphrase matches between words and phrases.
Segment and system level metric scores are calculated based on the alignments between
hypothesis-reference pairs. This metric includes several free parameters that are tuned to
emulate various human judgment tasks including WMT ranking and NIST adequacy, and
is more complex than BLEU in terms of the required pre-processing per language, which,

in turn, may result in a better correlation with human judgements.

The third family of MT evaluation methods is the family of error-rate based methods.
The most common metric in this family is the word error rate (WER) metric. This method

resembles the Levenshtein distance between the candidate sentence and the reference sen-
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tence, except that while the Levenshtein distance works at the character level, WER works
at the word level. It was originally used for measuring the performance of speech recogni-
tion systems, but has been adopted for use in the evaluation of machine translation. A re-
lated metric is the position-independent word error rate (PER), which allows for re-ordering
of words and sequences of words between a translated text and a reference translation. An-
other popular member of this family is the translation edit rate (TER) metric [36], which
measures the amount of editing that a human would have to perform to change a system

output so it exactly matches a reference translation.

Another relevant topic of increasing interest is the task of translation quality estimation.
Different from MT evaluation, quality estimation (QE) systems do not rely on reference
translations, but rather estimate the quality of an unseen translated text (document, sen-
tence, phrase) at system run-time. This topic is receiving substantial attention since it was
introduced as a shared task in the 7th, 8th and 9th annual Machine Translation Workshops
[9,8,7].

There are several flavors of tasks in this field. For example, in the 9th annual Machine
Translation Workshop [7] there were four different QE tasks: the first was titled "predict-
ing post-editing effort". In this task, the data was labelled with discrete and absolute scores
for perceived post-editing effort, according to the following scale: 1, perfect translation,
no post-editing needed at all; 2, near miss translation, translation contains maximum of
2-3 errors, and possibly additional errors that can be easily fixed (capitalization, punctu-
ation, etc.); and 3, very low quality translation, cannot be easily fixed. In this task the
participants could either label new sentence pairs with one of the three labels, or rank the

source-translation pairs according to a ranking of their choice.

The second task was titled "predicting percentage of edits". HTER [36] was used as
quality score. This score is the minimum edit distance between the machine translation and
its manually post-edited version, and its range is [0, 1] (O when no edit needs to be made,

and 1 when all words need to be edited). Here again, the participants could either label
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new sentence pairs with the HTER score, or rank the source-translation pairs according to

a ranking of their choice.

The third task was titled "predicting post-editing time". Systems were required to pro-
duce for each translation a real valued estimate of the time (in milliseconds) it takes a
translator to post-edit the translation. The fourth task was titled "word-level quality esti-
mation". Participants were asked to produce for each token a label that indicates quality
at different levels of granularity: binary classification, an OK / bad label, where bad indi-
cates the need for editing the token; level 1 classification, an OK / accuracy / fluency label,
specifying coarser level categories of errors for each token, or "OK" for tokens with no
error; and multi-class classification, one of the labels specifying the error type for the token

(terminology, mistranslation, missing word, etc.).

The most common baseline system in the field is the QUEST system [37], which is
used to extract 17 system-independent features from source and translation sentences and
parallel corpora. The feature sets it uses are the number of tokens in the source and target
sentences, the average source token length, the average number of occurrences of the target
word within the target sentence, the number of punctuation marks in the source and target
sentences, language model (LM) probability of source and target sentences based on mod-
els for the WMT News Commentary corpus, the average number of translations per source
word in the sentence as given by IBM Model 1 extracted from the WMT News Commentary
parallel corpus, the percentage of unigrams, bigrams and trigrams in frequency quartiles 1
(lower frequency words) and 4 (higher frequency words) in the source language extracted
from the WMT News Commentary corpus, and the percentage of unigrams in the source
sentence seen in the source side of the WMT News Commentary corpus. These features
are used to train a support vector machine (SVM) using a radial basis kernel function from
within the SCIKIT-LEARN toolkit. The parameters are optimized via grid search with 5-
fold cross validation on the training set. Although the system is referred to as "baseline",
it is in fact a strong system and proved as robust across a range of language pairs, MT

systems, and text domains for predicting various forms of post-editing effort [9, 8].
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As can be seen above, MT evaluation methods require reference translations. Our ap-
proach obviates the need for such reference translations which are many times unavailable
or hard to achieve. Moreover, it is shown that QE methods use various features which
are based on the source (input) and target (output) sentences of a given MT system. Our
approach differs from this in that we only use the output sentences of the system, and com-
pare them to random, non-reference sentences, which are easy to obtain. This makes our

method independent of the source language involved.
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Chapter 3

Our Approach

The following chapter describes the details of our approach. We begin with an overview
of the method, followed by a description of the different feature combinations and clas-
sification techniques we examined, and conclude with the experimental framework and

measurements we used.

3.1 Opverview

Our objective is to estimate the quality of a given MT system’s output. An MT system’s
output is a set of sentences produced by translating a set of sentences in one language, the
source language (e.g. French), into another language, the target language (e.g. English),
using the MT system. The set of translated sentences is called the test set, since it is used to
test the quality of the MT system. In this work, a classifier is trained to tell apart the test set
sentences from human-generated sentences. This means that in order to use this method,
another set of sentences is needed in addition to the test set. This set will contain natural
language sentences which are not an output of an MT system. We call this set the human
sentence set, and it consists entirely of human-generated sentences in the same language as
the test set. It is important to note that the human sentence set does not necessarily consist
of reference translations aligned to the test set sentences, but instead contains random nat-
ural language sentences which are very easy to acquire. Once those two sets of sentences

are obtained, we continue to the next step of our method, feature extraction.
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In the feature extraction phase, feature representations are extracted for every sen-
tence in the test set and human sentence set described above. Those features are content-
independent linguistic features, which are inspired by the previous work on translationese
and MT detection. Once the various features are extracted from every sentence in the data,
the most relevant features are selected, as we will describe further. Eventually, a sparse
feature vector is created for every sentence in the data using the selected features, which

enables us to begin the detection or classification experiment.

In the classification experiment phase, a classifier is trained to detect whether a sentence
was generated by an MT system or by a human. This is done in a supervised manner, as
labeled data is available: the test set sentences are labeled as MT, and the human sentences
as non-MT. With this labeled data, a 10-fold cross-validation classification experiment is
performed. In this experiment the data is divided into 10 separate sets, nine sets are used for
training a model, and the 10th set is used to test this model; this procedure is repeated 10
times, with each iteration using a different test set, in order to create a diverse experiment
and avoid overfitting in the model. Finally, the results of the different iterations are averaged
into a single classification accuracy result. With this result in hand, the quality of the
translation is estimated. It is hypothesized that a low classification accuracy will signify a
high translation quality, as the closer the translations are to human language the harder it
will be to the classifier to detect them. When classification accuracy is high, we hypothesize
that the quality of the translation will be low, as it is easier for the classifier to tell it apart

from the human sentences.

3.2 MT Detection Details

3.2.1 Features

As part of this work, we need to classify sentences as MT or human. To do so, various

feature sets are used and tested, inspired by the previous work on translationese and MT
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Figure 3-1: Detailed Methodological Flow Chart
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detection. The data at the sentence level is very sparse, as there is a relatively small amount
of words in a single sentence instance. In order to cope with this sparsity and enable accu-
rate classification, common, content-independent linguistic features are used to model the

data. This section will describe these different feature sets and their properties.

Part-of-Speech Tags First, automatic part-of-speech (POS) tags are acquired for each
sentence in the data using the Stanford POS tagger [39]. Using these POS tags, a "bag of
words"-style vector representation is created, in which each entry represents the presence
or absence of a specific POS tag type in the corresponding sentence. Two representations
are used: a boolean representation, in which the vector is filled with either 1’s or 0’s ac-
cording to the presence or absence of a specific tag, and an implicit count representation,
in which each entry in the vector holds the amount of a specific tag-type instances in the

sentence.

Function Words Another feature set is based on the presence or absence of each of the
467 function words taken from the LIWC software [32], inspired by the work of Koppel
and Ordan [25], which used a similar feature set to classify text chunks as native human text
or human-translated text. As in the POS-based feature set, a "bag of words"-style vector
representation was used, again with both the boolean representation and the implicit counts

representation. The list of function words is detailed in table A.3

Syntactic Features A third feature set is based on the syntactic structure of the sen-
tence. It is created using automatic parse trees tagged by the Berkeley constituency parser
[33], from which the one-level context free grammar (CFG) rules are extracted as features.
Again, each sentence is represented as a boolean vector in which each entry represents the
presence or absence of the CFG rule in the parse-tree of the sentence. Another way to use
the syntactic data in a feature representation is to represent only the presence or absence of

the different syntactic labels in the sentence parse tree, as described above for POS tags.

Handling Feature Sparsity Since the data is very sparse at the sentence level, a sim-
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ple preprocessing procedure is performed on the features in order to improve classification
performance. In the chosen approach, only the features that appear at least ¢ times in the
entire corpus are considered. A comparison of the classification performance for different
sparsity thresholds is detailed in the next chapter, as can be seen in figure 4-9), where it is
shown that a low threshold, for example at ¢ = 5, gives an inferior classification accuracy

when compared to higher thresholds such as ¢ = 30 or ¢ = 50.

3.2.2 C(lassifiers

Several classifiers and classifier configurations are used and compared during the exper-
iments in this work. The first is the Naive Bayes classifier, which is considered a base-
line given its fast execution and simple approach, followed by Logistic Regression [28],
both implemented in the WEKA machine learning toolkit [18]. The support vector ma-
chine (SVM) classifier is employed using different implementations. The first is SVM
with sequential minimal optimization (SMO) [22], also taken from WEKA. Additional
SVM implementations are LibSVM [11] and LibLinear [14], which utilize a linear kernel
function. A comparison of the classifiers is described in the next chapter, measuring their
performance in the task of classifying whether a sentence is an MT sentence or a human

generated sentence. The results are shown in figure B-5 and in table 4.2.

3.3 From Classification to Quality Estimation

As the final goal of this work is to infer a quality estimation score for an MT system, there
is a need to convert a classification result in an MT detection experiment into a translation

quality estimation score. This section will focus on this step.

The classification accuracy itself can be measured in several ways. The data can be
divided into a training set which will be used to train a model and a test set over which a
classification experiment will be performed using the learned model. This experiment is

where the classification accuracy will be measured. Another option is to perform a k-fold
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cross validation experiment and measure the average classification accuracy.

Once the classification experiment is conducted and an accuracy score is measured, we
propose it to be used as a proxy for translation quality. This is performed by assuming
that lower classification accuracy implies higher translation quality. In this scenario, when
a low classification accuracy is obtained, it is harder for the classifier to tell apart the MT
sentences from the human sentences, implying that the MT system produces high quality
translations that have much in common with human generated sentences. Conversely, high
classification accuracy implies the classifier did not confuse MT sentences to be human
sentences, meaning that the underlying MT system produces low quality sentences which

are very different in their properties from fluent, human generated sentences.

As can be seen, this method does not take the source sentences nor the reference trans-
lations into account when evaluating a test set, yet it is still meant to estimate the translation
quality. This is explained by the fact that it measures the fluency of the MT sentences, and
that there is a strong correlation between the fluency and the overall translation quality,
given that the sentences are MT output. The fluency factor is indeed emphasized by this
method, since the features used to model a sentence are linguistic, content-independent fea-
tures, which are designed specifically to capture fluency and non-fluency phenomena. This
ensures that non-fluent MT sentences will be classified as MT and fluent high quality MT
sentences will be misclassified as human sentences, resulting in a proper quality estimation

according to this approach.

In order to measure the accuracy of this approach as a quality estimation method, sim-
ple linear regression is obtained over the values of the detection accuracy and the values
of the expected translation quality, as measured by BLEU, METEOR or by human judge-
ments. This is done in order to measure the R? value, which is a statistical measure of how
close the data are to the fitted regression line. This score is also known as the coefficient
of determination, as it is a square of the coefficient of multiple correlation or the Pearson

correlation coefficient between the predicted (in our case, the detection accuracy score) and
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the actual (in our case, the expected translation quality) values in a linear regression model

that includes an intercept. The mathematical formula for computing R? is:

2= ny ey — () (3 y) ?
R = <\/7”L(Z z?) = (52 x)2\/n(z ) — (> y)2> 3.1

With = denoting the values of the first variable, y denoting the values of the second variable,
and n being the amount of (z,y) pairs in the data. The R? value is measured in every
experiment in this work which compares the detection accuracy to the expected translation
quality. This is made in order to confirm our hypothesis regarding the strong correlation

between the two.
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Chapter 4

Experiments

Various experiments are conducted in order to test our hypotheses in different settings.
First, a set of preliminary experiments is made in order to fine-tune the different parameters
of our method, such as classifier selection and threshold values for feature selection. The
second experiment set tests the ability to use our method in order to estimate the quality
of commercial MT systems by comparing its results to those of BLEU [31] and METEOR
[27]. The third experiment set does the same with in-house MT systems created using the
Moses MT toolkit [24]. The fourth experiment set tests our method as a QE technique in

comparison with human quality estimation, using the WMT13’ [8] annotated corpus.

4.1 Data Sets

The experiments in this work utilize several data sets of two kinds: the first represents
the output of an MT system, and the second represents fluent human generated text. In
order to learn the features of poorly or properly translated text, this variety of data sets
is used to investigate the general performance of our approach under different parameters
and domains. This section will describe the different data sets used in this work and their

special properties.

23



4.1.1 The Commercial MT Systems corpus

The first corpus presented here contains outputs from 6 different commercial MT systems.
This data is treated as black box data, since the technical details behind those MT systems
(training data, algorithms, etc.) are not disclosed. In order to build this corpus a portion
of the Canadian Hansard corpus [17] is used, containing 48,914 parallel sentences trans-
lated manually from French to English by professional translators. The French portion
of the corpus is then translated using a set of commercial MT systems: Google Trans-
late, Systran, ProMT, Linguatec, Skycode and Trident. The latter five are available at the
website http://itranslate4 .eu, through which example MT systems built by several european
MT companies can be queried in various language pairs. This results in 8 sets of 48,914
sentences each, all parallel to each other, with the first being the native French source sen-
tences, the second being fluent English translation, and the other six being English outputs
from each of the black box MT systems for the same source sentences. This data set enables
us to explore the difference between MT and human text, and compare these differences
with several independent MT systems. It is important to note that for this corpus there
are no human quality estimation scores available, so automatic evaluation methods such
as BLEU and METEOR are used. Example translations from those systems for the same

source sentence are shown in table 4.1.

4.1.2 The In-House MT Systems corpus

As mentioned above, the first corpus contains black box data, meaning the exact details of
each MT system are not known to us. In order to explore the effectiveness of our method
with respect to the exact algorithms that are used, the exact training data, model parame-
ters etc., seven different statistical machine translation systems are created, while changing
several parameters for each system in order to create various translation quality levels. For
this task the Moses statistical machine translation toolkit [24] is used. Specifically, these
MT systems use a phrase-based translation model and a 5-gram language model using the
KenLLM toolkit [20]. For parallel training data, a portion of the Europarl corpus [23] is

used. In order to create differing quality levels, different amounts of training data are used
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MT Engine Example

Google Translate "These days, all but one were subject to a vote,
and all had a direct link to the post September 11th."
Moses "these days , except one were the subject of a vote ,
and all had a direct link with the after 11 September ."
Systran "From these days, all except one were the object of a vote,
and all were connected a direct link with after September 11th."
Linguatec "Of these days, all except one were making the object of a vote
and all had a straightforward tie with after September 11."
ProMT "These days, very safe one all made object a vote,
and had a direct link with after September 11th."
Trident "From these all days, except one operated object voting,
and all had a direct rope with after 11 septembre."
Skycode "In these days, all safe one made the object in a vote

and all had a direct connection with him after 11 of September."

Table 4.1: Outputs from several MT systems for the same source sentence (function words
marked in bold)

for both the translation model and the language model, as described in table 4.6. Once the
seven tailor-made MT systems are ready, each of them is used to translate 20,000 sentences
from the Hansard corpus, resulting in 8 sets of 20,000 sentences each, with the first being
fluent English, and the other seven being statistical machine translation output with differ-
ent levels of quality. Here again, there are no human quality estimation scores available for
the translations, so automatic evaluation methods such as BLEU and METEOR are used in

order to measure the translation quality.

4.1.3 The WMT corpus

While in the case of the in-house MT systems corpus there is absolute control over the
details of each MT system, it still lacks of human evaluation for the quality of the transla-
tions, which is very useful when evaluating a new quality estimation technique. In order
to use such data in our experimental framework, the publicly available data from the an-
nual machine translation workshop (WMT) is used. Since the workshop holds a machine
translation competition based on that data, it is evaluated using human judgements. Specif-

ically, the French-English data from the 8th Workshop on Statistical Machine Translation
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(WMT13’) [8] is used, containing outputs from 13 different MT systems and their human
evaluations, all in the news domain. This human evaluation score is based on bootstrap
resampling, in which a set of pairwise rankings is randomly sampled from human pairwise
rankings (allowing for multiple drawings of the same pairwise ranking). This set is then
used to compute the expected wins score and the rank of each system. By repeating this
procedure 1000 times, one can determine a range of ranks into which each system falls in at
least 95% of the time (i.e., at least 950 times) corresponding to a p-level of p < 0.05. This
corpus contains 3000 output sentences from each of the 13 MT systems presented in the
workshop, along with their reference translations and rank, computed as described above.
In order to have non-reference human generated sentences suitable for this corpus, 3000

sentences are kept from the newstest 2011-2012 corpora, published in WMT12’ [9].

4.2 Preliminary Experiments

4.2.1 Classifier Selection

Several preliminary experiments are conducted in order to tune the various parameters of
our method. The first is performed to compare and choose the most appropriate classi-
fier for the task out of several candidates, detailed in section 3.2.2. For this comparison,
the WMT corpus is used, containing 3000 sentences from each of the 13 MT systems and
another 3000 human non-reference sentences from the newstest corpus. The CFG based
feature set is extracted from that dataset as described in section 3.2.1 in order to conduct the
classification experiment several times, each time with a different classifier, selected from
among the Naive Bayes, LibSVM, SMO, LibLinear and Logistic Regression classifier im-
plementations, as detailed in section 3.2.2. The results are described in table 4.2. As can
be seen in the results, SMO, LibLinear and Logistic Regression are better than the rest in
terms of classification accuracy, with LibLinear being also the fastest method to train and
test. Concluding from the results, the LibLinear SVM implementation is primarily used for

the following experiments.
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MT System  Naive Bayes LibSVM SMO LibLinear Logistic Regression

uedin-heafield 66.82 7199  73.62 73.96 74.14
uedin 66.84 7196 7387 73.66 73.82
online-b 66.46 7147  73.59 73.87 73.69
limsi-soul 66.67 7144  73.29 7347 73.19
kit 66.62 7154  73.89 73.51 73.52
online-a 66.37 71.86  73.62 73.99 73.79
mes-simplified 67.14 7229  73.62 73.79 73.89
dcu 67.19 7154 7396 73.86 7391
rwth 67.54 72.01 74.04 74.11 74.22
cmu-t2t 67.02 7296 7457 74.52 74.64
cu-zeman 67.76 73.29 74.87 75.02 74.92
JHU 66.96 7137 7327 73.79 73.67
SHEF 69.47 7434  76.39 76.67 76.84

Table 4.2: Classifier comparison, comparing detection accuracy on systems from
WMT13’

4.2.2 Sparsity Threshold

The second preliminary experiment is conducted in order to determine the sparsity thresh-
old to use for feature selection in the classification experiments, meaning the value ¢, where
each feature is used only if it appeared at least ¢ times in the data. In order to find the appro-
priate value a classification experiment is conducted, again with the WMT data and CFG
based features but with different sparsity thresholds, ranging from ¢ = 5 up to ¢ = 50.
The results are shown in table 4.3. As can be seen in the results, a threshold of ¢ = 30
gives the best results; for values from ¢ = 30 up to ¢ = 50 we see a convergence to similar
detection accuracy values for most systems, and a minor decrease for few. Therefore, the

value ¢ = 30 is used for the remaining experiments.

4.3 Commercial MT Systems

4.3.1 Detection Experiments

The second experiment set explores the ability to detect outputs of MT text from differ-
ent black-box MT systems, in an environment containing both human generated (reference

and non-reference) and machine translated text, using the linguistic content-independent
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MT System t=5 t=10 t=20 t=30 t=250
uedin-heafield 5997 6096 6189 6221 62.29
uedin 6034 61.67 6274 63.07 63.54
online-b 61.84 6249 6334 63776 64.06
limsi-soul 61.69 6321 6372 6376 63.94
kit 61.17 6246 63.19 6341 63.76
online-a 62.11 6326 6406 64.67 64.61
mes-simplified 6259 6381 64.89 65.01 64387
dcu 61.74 62779 6351 6406 64.16
rwth 62.82 64.09 6529 6536 65.11
cmu-t2t 63.69 6472 65.11 6539 6544
cu-zeman 6571 6684 6771 6791 68.11
JHU 6434 6524 6609 66.19 66.21
SHEF 6442 6602 6697 67.12 6692

Table 4.3: Sparsity threshold comparison, comparing detection accuracy on systems from
WMT13’

features proposed previously in this work. For this purpose, the commercial MT systems
corpus is used, containing 48,914 parallel sentences from French to English which are also
translated using the commercial MT systems as described in section 4.1. From this corpus,
20,000 sentences are taken from each system output, and a detection experiment is con-
ducted by labeling these sentences as MT sentences, and another 20,000 sentences, which
are the human reference translations, as reference sentences. This creates 7 sets of 40,000
sentences per experiment, one experiment per MT system. A 10-fold cross-validation clas-
sification experiment is performed over every one of the 7 sets. These experiments are then
performed once more, this time using 20,000 random, non-reference sentences from the
Hansard corpus instead of the reference sentences. The detection accuracy results of those
experiments are shown in Table 4 4.

As can be seen in the results, MT sentences can be distinguished from human sentences
with very high accuracy while using our method - up to 89.36% when running a 10-fold
cross-validation experiment. It is also clear that the highest detection accuracy values are
obtained when using the combined feature set, with both function word and POS tag based
features. Another finding is that it is easier to distinguish machine-translated sentences
from non-reference sentences than from the reference sentences set, as might be expected.

This is explained by the fact that the data in the reference sentences is far more similar to
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Features Data Google Systran ProMT Linguatec Skycode Trident

mixed  MT + non-ref  63.34 72.36 78.2 79.57 80.9 89.36
mixed MT + ref 59.51 69.77 75.86 78.11 79.24 88.85
func. w. MT + non-ref  60.43 69.87 69.78 71.38 75.46 84.97
func. w. MT + ref 57.27 6748 67.06 68.58 73.37 84.79
POS MT + non-ref  60.32 66.61 73 739 74.33 79.6
POS MT + ref 57.21 64.12 70.29 73.06 73.04 78.84

Table 4.4: Classifier detection accuracy over each of the commercial MT system outputs

the MT sentences in its structure and content than the non-reference data, hence making it

harder for the classifier to distinguish between the two classes of sentences.

4.3.2 Correlation with Translation Quality

It is hypothesized that using this approach it is possible to detect the MT sentences with
high accuracy when the translation quality is low, and with low accuracy when it is high.
We measure the translation quality of the commercial MT systems with BLEU and ME-
TEOR to examine this hypothesis. This will be the first step towards ranking the translation
quality of MT systems using our method, without using reference sentences or source sen-

tences in the process.

In order to measure the correlation between the detection accuracy values and the ex-
pected quality as measured by BLEU or METEOR, an R? value is obtained using a simple
linear regression over the measurements of detection accuracy and BLEU or METEOR
score for every MT system, as described in section 3.3. This is performed for each of
the three feature set combinations (function words, POS tags and mixed) and the two data
combinations (MT vs. reference and MT vs. non reference sentences). The R? values
measuring the correlation of the detection accuracy with BLEU or METEOR are shown in
table 4.5 and the general correlation is detailed in figures 4-1 and 4-2.

Figure 4-1 shows the correlation between the observed detection accuracy for each sys-
tem, ranging from 57.21% up to 89.36%, and the BLEU score of that system, ranging from
8.39 BLEU points up to 36 BLEU points. Figure 4-2 does similarly with the METEOR
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Figure 4-1: Correlation between detection accuracy and BLEU score on commercial MT
systems, using POS, function words and mixed features against reference and
non-reference sentences.
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Figure 4-2: Correlation between detection accuracy and METEOR score on commercial
MT systems, using POS, function words and mixed features against reference and
non-reference sentences.
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Features Data R?w.BLEU R?w. METEOR

mixed  MT + non-ref 0.946 0.871
mixed MT + ref 0.944 0.869
POS MT + non-ref 0.978 0917
POS MT + ref 0.948 0.867
func. w.  MT + non-ref 0.798 0.755
func. w. MT + ref 0.779 0.742

Table 4.5: R? values measuring the correlation of the detection accuracy with the BLEU
& METEOR scores measured for each of the commercial MT system outputs

scores for those systems, ranging from 0.2204 up to 0.3622. As is evident, regardless of
the feature set or non-MT sentences used, the correlation between detection accuracy and
BLEU or METEOR scores is very high, as we can also see from the R? values in Table
4.5: from 0.779 up to 0.978 for BLEU and from 0.742 up to 0.917 for METEOR. The
highest correlation with BLEU at R? = 0.978 was obtained with POS based features and
non-reference sentences, and the same goes for correlation with METEOR at R? = 0.9179.
This confirms the hypothesis regarding the strong correlation between the detection accu-
racy and the translation quality (as measured here by the automatic evaluation methods)

while using our approach over the commercial MT systems output.

4.4 In-House SMT Systems

44.1 Detection Experiments

The third experiment set tests our approach with SMT systems created in-house, for which
there is control over the internal details and expected overall relative translation quality.
This will help to test the hypothesis regarding the correlation between detection accuracy
and translation quality, this time in a more general and robust way, as the systems are not
black-box as in the previous experiment, but rather controlled in terms of implementation,

training data, configuration, and expected translation quality.

In order to do so, the Moses statistical machine translation toolkit [24] is used in to

32



create the MT systems, as detailed in section 4.1 and in table 4.6. For purposes of classifi-
cation, similar content-independent features are used as in the previous experiment, based
on function words and POS tags, again with SMO-based SVM as the classifier. For data,
20,000 random, non-reference sentences are taken from the Hansard corpus as human sen-
tences, against 20,000 sentences from one MT system per experiment, again resulting in
40,000 sentence instances per experiment. The results of the detection experiments are

detailed in table 4.6.

Parallel Monolingual BLEU METEOR Detection Accuracy

SMT-1 2000k 2000k 28.54 0.3485 73.10
SMT-2 1000k 1000k 27.76 0.3434 73.90
SMT-3 500k 500k 29.18 0.346 72.33
SMT-4 100k 100k 23.83 0.3219 73.59
SMT-5 50k 50k 24.34 0.3204 74.12
SMT-6 25k 25k 22.46 0.3093 74.78
SMT-7 10k 10k 20.72 0.294 75.98

Table 4.6: Details for in-house Moses based SMT systems

As can be seen in the detection accuracy results, it is also possible to detect machine
translated text coming from in-house MT systems, for which we know the general de-
tails and implementation. The accuracy ranges between 73.10% and 75.98%, which is a
narrower range than the one we saw with the commercial MT systems data. It is also inter-
esting to see the disagreement between BLEU and METEOR regarding the quality of the

top-ranked systems.

44.2 Correlation with Translation Quality

It interesting to see how the correlation between detection accuracy and translation quality
holds in this case, given the narrow detection accuracy range. The relationship between
the detection results for each MT system and the BLEU score for that system is shown in
figure 4-3, and the same is shown with the METEOR scores for those systems in figure 4-4.

As can be seen in the results in figure 4-3, the correlation between the detection ac-

curacy and the translation quality as measured by BLEU resulted in R? = 0.774, with
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Figure 4-4: Correlation between detection accuracy and METEOR score on in-house
Moses-based SMT systems against non-reference sentences using content independent
features.

34



only one outlier breaking the monotony of the correlation. As expected, this correlation
is present even though the result range is much narrower then in the previous experiment,
with BLEU scores ranging from 20.72 to 29.18, and detection accuracy ranging from 72.33
up to 75.98. When repeating a similar measurement with METEOR, again we find an even
higher correlation between the detection accuracy and the expected translation quality, this
time resulting in k2 = 0.803. This again strengthens the hypothesis regarding the ability to
detect the MT sentences with high accuracy when the translation quality is low, and with
low accuracy when the translation quality is high, allowing us to offer this method as a

translation quality estimation technique.

4.5 Human Evaluation Experiments

4.5.1 Detection Experiments

As can be seen in the above experiments, there is a strong correlation between the BLEU
or METEOR scores and the MT detection accuracy of our method. In fact, results are
linearly and negatively correlated with those scores, as can be seen both with commercial
systems and with in-house SMT systems. We also wish to consider the relationship be-
tween detection accuracy and a human quality estimation score, as it is the gold standard
when measuring translation quality. We hypothesize that a similar correlation will be found
between detection accuracy and human quality estimation scores, which will validate our

approach as a well-functioning quality estimation technique as we propose.

To test this hypothesis, the French-English data from the 8th Workshop on Statisti-
cal Machine Translation (WMT13’) [8] is used, containing outputs from 13 different MT
systems and their human evaluations, as detailed in section 4.1. The same classification ex-
periment is performed as before, with features based on function words and POS tags, and
SMO-based SVM as the classifier. The data set consists of 3000 reference sentences taken
from WMT13” against the matching 3000 output sentences from one MT system at a time,

resulting in 6000 sentence instances per experiment. In the second phase of the experiment,
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3000 random, non-reference sentences are taken from the newstest 2011-2012 corpora pub-
lished in WMT12’ [9] against 3000 output sentences from one MT system at a time, again
resulting in 6000 sentence instances per experiment. It is important to notice that the data
in this experiment set is much smaller than the data in the previous experiments, with only
3000 samples per class in comparison to 20,000 samples per class previously. The detec-

tion accuracy results are shown in table 4.7.

MT System  Det. Acc. - Reference Det. Acc. - Non Reference

uedin-heafield 58.58 74.05
uedin 58.61 73.56
online-b 57.63 73.36
limsi-soul 58.78 73.63
kit 59.38 73.83
online-a 58.63 74.10
mes-simplified 59.86 74.36
dcu 58.53 73.80

rwth 60.46 74.55
cmu-t2t 61.65 75.10
cu-zeman 62.66 75.65
JHU 60.83 73.71
SHEF 64.10 76.68

Table 4.7: Detection accuracy results on systems from WMT13’, using reference and
non-reference sentences as human data

As can be seen in the results in table 4.7, it is quite hard for the classifier to distinguish
the reference sentences from the MT sentences in this case, as shown by the relatively low
detection accuracy ranging in 57.63 up to 64.1. As for the non-reference sentences, the
detection accuracy is higher as we saw in the previous experiment sets but narrower in
range, with accuracies from 73.36 up to 76.68. Those low detection accuracy scores may

also be a result of the significantly smaller dataset in this experiment.

4.5.2 Correlation with Translation Quality

Despite the relatively low detection accuracy results, our goal is to measure the correlation

between the detection accuracy and the translation quality of the MT systems. In order to
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Figure 4-5: Correlation between detection accuracy and human evaluation scores on
systems from WMT13’ against reference sentences.

do so we calculate the R? value as described in section 3.3, this time against the human
evaluation scores which are measured as described in section 4.1. The results are shown in

figure 4-5 for the reference sentences and in figure 4-6 for the non-reference sentences.

As can be seen in the results in Figure 4-5, the detection accuracy is strongly correlated
with the human evaluation scores, yielding R? = 0.774 when using the reference sentences,
despite the low detection accuracy values. To provide another measure of correlation, ev-
ery pair of data points in the experiment is compared in order to get the proportion of pairs
ordered identically by the human judgements and by our method, with a result of 0.846 (66
of 78). Regarding the non-reference data, while applying the same classification method
as with the reference sentences, the detection accuracy rises, while the correlation with the
translation quality yields R? = 0.556, as can be seen in Figure 4-6. Here, the proportion of
identically ordered pairs is 0.782 (61 of 78). The measurement of the correlation between
detection accuracy and quality estimation resulting in R? = 0.556 does not sit well with

our hypothesis, so we seek further for an explanation in the next experiment.

37



R?* = 0.556

777\ I I 1
S :
>
Q
s
3t
g T :
=
g
3
© (4| :
o]

L |

| | |
3 0.4 0.5 0.6
human evaluation score

Figure 4-6: Correlation between detection accuracy and human evaluation scores on
systems from WMT 13’ against non-reference sentences.

4.5.3 Using Syntactic Knowledge

It can be seen that the second leftmost point in Figures 4-5 and 4-6 is an outlier: that is,
our method has a hard time detecting sentences produced by this system, although it is not
highly ranked by human evaluators. This point represents the Joshua [35] SMT system.
This system is syntax-based, which apparently confounds our POS and function word-
based classifier, despite its low human evaluation score. It is hypothesized that the use of

syntax-based features within our method might improve the result.

To verify this intuition, the same data is taken from WMT13’, and parse trees are cre-
ated using the Berkeley parser [33] for every sentence in the data. The one-level CFG rules
are then extracted as features as detailed in section 3.2.1, and a boolean vector is created
for every sentence, in which each entry represents the presence or absence of the CFG rule

in the parse-tree of the sentence. These features alone are used in this experiment in order
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Figure 4-7: Correlation between detection accuracy and human evaluation scores on
systems from WMT 13’ against non-reference sentences, using the syntactic CFG features
described in section 4.2

to prevent the outlier observed in the previous experiment. The results for this experiment

are shown in figure 4-7

Using this setup, an R? = (.829 is obtained, and the proportion of identically ordered
pairs is 0.923 (72 of 78), as shown in Figure 4-7. The increased correlation score is indeed
a direct result of the absence of the outlier we saw in the previous experiment. With such
high correlation in hand, we verify that our hypothesis regarding the strong correlation be-

tween detection accuracy and human evaluation of the translation quality holds as expected.

We further explore the performance of this feature set while tuning the different param-
eters of our method, such as classifier type as shown in figure 4-8 and sparsity threshold
as shown in figure 4-9, in attempt to increase the correlation of the detection accuracy and
the translation quality. Those attempts mainly affected the detection accuracy but did not

improve the correlation score.
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Figure 4-8: Classifier comparison, measuring correlation between detection accuracy and
human evaluation scores on systems from WMT13’ against non-reference sentences from
WMT12’, with CFG rules as features and sparsity threshold set at 30.
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Figure 4-9: Sparsity threshold comparison, measuring correlation between detection
accuracy and human evaluation scores on systems from WMT13” against non-reference
sentences from WMT12’, using the LibSVM classifier and CFG rule features

41



42



Chapter 5

Discussion and Future Work

This work has shown that it is possible to detect machine translation from monolingual cor-
pora containing both machine translated text and natural language human generated text.
This detection is performed at the sentence level, using a text classification approach based
on content-independent linguistic features, many times inspired by the features used in the

detection of so called "translationese".

It is also shown that there is a strong correlation between the detection accuracy that
can be obtained when detecting a specific MT system output and the BLEU, METEOR, or
the human evaluation score of the MT system itself, whether it is a black-box MT system
whose details are not familiar to us, an SMT system which we create ourselves, or one of

the state-of-the-art systems which participate in a research workshop such as WMT.

An important feature of the result is that this correlation holds whether or not a ref-
erence set is used as the human generated data. This suggests that our method can be
used as a quality estimation method when no reference sentences are available, such as
for resource-poor source languages and for new domains. This also enables us to conduct

quality estimation on very large test sets, as no human translation is required in the process.

Further work might include applying our method to other language pairs; while we ex-

amined only the French to English language pair, it would be interesting to see the perfor-
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mance of this approach on other languages and language types, such as morphologically-
rich languages. This is important as we utilize target-language specific feature sets and

tools: function word lists, part-of-speech taggers and parsers.

Another important aspect which we did not investigate thoroughly is domain adapta-
tion. As is widely known, domain adaptation has a large influence in the process of building
high quality MT systems. As our method requires only random human generated data, it is
interesting to see the influence of this data being in-domain or out-of-domain in compari-

son to the relevant test set.

Another field of growing interest which may benefit from future work related to this
method is word-level quality estimation. It is interesting to use the data sets and features
we offer in this work while zooming in to classification at the word level, in favor of error

detection etc.

As our method does not require human supervision, one can also integrate it into a
statistical machine translation system, whether in the decoding phase or in the hypothesis
re-ranking phase. Furthermore, additional features and feature selection techniques can be
applied, both for improving detection accuracy and for strengthening the correlation with

human quality estimation.
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Appendix A

Supplementary Tables

Measurement  Naive Bayes LibSVM  SMO LibLinear Logistic Regression

R? 0.6231 08107 0.6821 0.6625 0.6647
uedin-heafield 61.49 62.21 65.29 65.24 65.37
uedin 62.34 63.07 65.37 65.92 65.84
online-b 63.09 63.76 66.06 66.72 66.92
limsi-soul 62.71 63.76 66.26 66.89 66.67
kit 62.46 63.41 66.54 66.56 66.21
online-a 6291 64.67 6741 67.44 67.37
mes-simplified 62.96 65.01 66.67 66.27 66.61
dcu 63.34 64.06 67.17 66.91 67.06
rwth 64.62 65.36 68.11 68.26 68.07
cmu-t2t 63.29 65.39 67.27 6741 67.34
cu-zeman 67.64 67.91 70.87 70.74 70.76
JHU 64.69 66.19 67.62 67.64 67.57
SHEF 65.52 67.12 69.61 70.34 70.39

Table A.1: Classifier comparison, comparing detection accuracy on systems from
WMT13’, including the R? coefficient describing the correlation of the detection accuracy
with human quality estimations, using CFG rules as features.
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a back does exeunt hasn’t its ninthly
about be doesn’t exit hast itself no
above bear doing fact hath last nobody

according because don’t fair have lastly none
accordingly been done far haven’t later noone
actual before dost farewell having less nor
actually being doth few he let not
after below doubtful fewer he’d let’s nothing
afterward beneath doubtfully fifteen he’ll like now
afterwards beside down fifteenth he’s likely nowhere
again besides due fifth hence many 0
against better during fifthly her matter occasionally
ago between e.g. fiftieth here may of
ah beyond each fifty hers maybe off
ain’t bid earlier finally herself me oft
all billion early first him might often
almost billionth eight firstly himself million oh
along both eighteen five his millionth on
already bring eighteenth for hither mine once
also but eighth forever ho more one
although by eighthly forgo how moreover only
always came eightieth forth how’s most or
am can eighty fortieth however much order
among can’t either forty hundred must other
an cannot eleven four hundredth mustn’t others
and canst eleventh fourteen i my ought
another certain else fourteenth i'd myself our
any certainly enough fourth i'm nay ours
anybody come enter fourthly i’ve near ourselves
anyone comes ere from if nearby out
anything  consequently erst furthermore in nearly over
anywhere could even generally indeed neither perhaps
are couldn’t eventually get instance never possible
aren’t couldst ever gets instead  nevertheless possibly
around dear every getting into next presumable
art definite everybody give is nine presumably
as definitely everyone g0 isn’t nineteen previous
aside despite everything good it nineteenth previously
at did everywhere got it’d ninetieth prior
away didn’t example had it’ll ninety probably
ay do except has it’s ninth quite

Table A.2: List of function words as used for features in the classification experiments
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rare should ten thirteen twentieth we're wil
rarely shouldn’t tenth thirteenth twenty we’ve will
rather shouldst tenthly thirtieth twice welcome wilst
result similarly than thirty twill well wilt
resulting since that this two were with
round SiX that’s thither under weren’t within
said sixteen the those undergo what without
same sixteenth thee thou underneath what’s won’t
say sixth their though undoubtedly ~ whatever would
second sixthly theirs thousand unless when wouldn’t
secondly sixtieth them thousandth unlikely whence wouldst
seldom sixty themselves three until where ye
seven S0 then thrice unto where’s yes
seventeen soever thence through unusual whereas  yesterday
seventeenth some there thus unusually  wherefore yet
seventh somebody there’s thy up whether you
seventhly someone therefore till upon which you’d
seventieth something these tis us while you’ll
seventy sometimes they to very whiles you’re
shall somewhere they’d today was whither you’ve
shalt soon they’ll tomorrow wasn’t who your
shan’t still they’re too wast who’s yours
she subsequently they’ve towards way whoever yourself
she’d such thine twas we whom yourselves
she’ll sure third twelfth we’d whose
she’s tell thirdly twelve we’ll why
Table A.3: List of function words as used for features in the classification experiments,
continued
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Appendix B

Supplementary Figures
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Figure B-1: Feature comparison, measuring correlation between detection accuracy and
human evaluation scores on systems from WMT13’ against non-reference sentences from
WMT12’, using the LibLinear classifier with sparsity threshold set at ¢ = 30
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Figure B-2: Classifier comparison, measuring correlation between detection accuracy and
human evaluation scores on systems from WMT13’ against non-reference sentences from
WMT12’, with CFG rules as features and sparsity threshold set at 20.
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Figure B-3: Classifier comparison, measuring correlation between detection accuracy and
human evaluation scores on systems from WMT13’ against non-reference sentences from
WMT12’, with CFG rules as features and sparsity threshold set at 10.
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Figure B-4: Classifier comparison, measuring correlation between detection accuracy and
human evaluation scores on systems from WMT13’ against non-reference sentences from
WMT12’, with CFG rules as features and sparsity threshold set at 5.
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Figure B-5: Classifier comparison, measuring correlation between detection accuracy and
human evaluation scores on systems from WMT13’ against non-reference sentences from
WMTI12’ with function word and POS features and a sparsity threshold set at ¢ = 30.
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Figure B-6: BLEU score vs. detection accuracy over the commercial MT systems dataset,
using POS unigram features & SVM classifier, MT sentences vs. Reference sentences
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Figure B-7: BLEU score vs. detection accuracy over the commercial MT systems dataset,
using word unigram features & Naive Bayes classifier, MT sentences vs. Reference

sentences
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Figure B-8: BLEU score vs. detection accuracy over the commercial MT systems dataset,
using POS unigram features & SVM classifier, MT sentences vs. Non-Reference
sentences
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Figure B-9: BLEU score vs. detection accuracy over the commercial MT systems dataset,
using word unigram features & Naive Bayes classifier, MT sentences vs. Non-Reference
sentences
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Figure B-10: BLEU score vs. detection accuracy over the commercial MT systems
dataset, using function word features & Naive Bayes classifier, MT sentences vs.
Non-Reference sentences
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Figure B-11: BLEU score vs. detection accuracy over the commercial MT systems
dataset, using function word features & SVM classifier, MT sentences vs. Non-Reference
sentences
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Figure B-12: Correlation between detection accuracy and human evaluation scores on
systems from WMT 13’ against non-reference sentences, using only tree-based features
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Figure B-13: Correlation between detection accuracy and human evaluation scores on
systems from WMT 13’ against non-reference sentences, using all tree features besides
non-terminal features, and a threshold of 30
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Figure B-14: Correlation between detection accuracy and human evaluation scores on
systems from WMT 13’ against non-reference sentences, using the parsing-based CFG
one-level rules feature set with LibLINEAR classifier
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Figure B-15: Correlation between detection accuracy and human evaluation scores on
systems from WMT 13’ against non-reference sentences, using all the feature sets with a
threshold of 30 and LibLINEAR classifier
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Figure B-16: Correlation between detection accuracy and human evaluation scores on
systems from WMT 13’ against non-reference sentences, using non-terminal rules feature
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Figure B-17: Correlation between detection accuracy and human evaluation scores on
systems from WMT 13’ against non-reference sentences, using all the feature sets and a
threshold of 20
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