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Abstract

Quality estimation for machine translation systems has become an important task. There are automatic evaluation methods for machine
translation that use reference translations created by human translators. The creation of these reference translations is very expensive
and time-consuming. Furthermore, these automatic evaluation methods are not real-time and the correlation between the results of these
methods and that of human evaluation is very low in the case of translations from English to Hungarian. The other kind of evaluation
approach is quality estimation. These methods address the task by estimating the quality of translations as a prediction task for which
features are extracted from only the source and translated sentences. This approach has not been used for evaluating English to Hungarian
translations before. In this study, a corpus is created, which contains human judgements. Using these human evaluated scores, different
quality estimation models are described. These models are evaluated and optimized based on human scores for English-Hungarian
translations. We developed 27 new features and created a feature set, which produced better results than the baseline feature set for
Hungarian.

1. Introduction Hungarian is an agglutinating and compounding lan-
guage. There are significant differences between English
and Hungarian, regarding their morphology, syntax and
word order or number. Furthermore, the free order of
grammatical constituents, and different word orders in
noun phrases (NPs) and prepositional phrases (PPs) are
also characteristics of Hungarian. Thus, features used in
a QE task for English-Spanish or English-German, which
produced good results, perform much worse for English-
Hungarian. Thus, if we would like to use linguistic features
in QuEst, we need to integrate the available Hungarian lin-

As machine translation (MT) has become popular
among people and companies, the measurement of the
translation output has become necessary. A quality indi-
cator for MT could save a lot of time and money for users.
Knowing the quality scores of machine translated seg-
ments can help human annotators in their post-edit tasks,
or help MT systems to find and combine the best transla-
tions. Last but not least, quality indicators can filter out
and inform about unreliable translations.

There are two kinds of evaluati.on m.etho.ds for MT. guistic tools into it.
The first type uses reference translations, i.e. it compares The structure of this paper is as follows: First we will
machine translated sentences to human translated refer- shortly introduce the quality estimation approach. Then,
ence sentences, and measures the similarities or differ- we will present our experiments in the task of quality esti-
ences between them. These methods are automatic evalu- mation and the optimization of these models are described.
ation approaches such as BLEU, and other methods based
on BLEU, TER, HTER etc. The problem is that automatic 2. Related Work

evaluation methods cannot perform well enough in this
task, because these need reference translations. It means
that after the automatic translation, we also have to create
a human translated sentence (for the sentences of the test
set) to compare it to the machine translated output. Creat-
ing human translations is very expensive and slow. Thus,
a completely new approach is needed to solve these prob-
lems, i.e. a method which can predict translation quality in
real-time and does not need reference translations.

QE is a prediction task, where different quality indica-
tors are extracted from the source and the machine trans-
lated segments. The QE model is built with machine learn-
ing algorithms based on these indicators. Then the QE
model is used to predict the quality of unseen translations.
The aim is that the QE model correlates with human judg-
ments, thus the QE model is trained on human judgments.
In the last couple of years there have been many WMT
workshops with quality estimation shared tasks,! which

The other type of evaluation methods does not use ref- provided datasets for QE researches. The datasets are eval-
erence translations. This supervised approach is called uated with HTER, METEOR, ranking or post-editing ef-
Quality Estimation (QE) of MT. This method addresses fort scores. But unfortunately there is no dataset for Hun-
the problem by evaluating the quality of machine trans- garian. In this research we created a dataset for Hungarian
lated segments as a prediction task. Using QE we can and for human judgement we used a general scoring scale.
save considerable time and money for human annotators, Recently, in the field of QE, research has focused on
researchers and companies. feature selection (Bigici, 2013) using a variety of machine

In this study, we use the QuEst framework (Specia learning algorithms and feature engineering (Camargo de
et al., 2013), developed by Specia et al., to train and apply
QE models for Hungarian, which to our knowledge has not 'nttp://www.statmt.org/wmt15/
been done before. quality-estimation-task.html
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Figure 1: QE algorithm

Souza et al., 2013). In feature selection task, Beck et al.
tried more than 160 features in an experiment for English-
Spanish to predict HTER (Beck et al., 2013). There is a
language independent baseline set which contains 17 fea-
tures. In our research we did experiments for Hungarian in
both fields.

3. Quality Estimation

In the quality estimation task (see Fig. 1), using var-
ious features, we extract different kinds of quality indi-
cators from the source and translated sentences without
using reference translations. From the source sentences,
complexity features can be extracted (e.g. number of to-
kens in the source segment). From the translated sen-
tences, QuEst extracts fluency features (e.g. percentage
of verbs in the target sentences). From the comparison be-
tween the source and the translated sentences, adequacy
features are extracted (e.g. ratio of percentage of nouns in
the source and target). We can also extract features from
the decoder of the MT system. These are the confidence
features (e.g. features and global score of the SMT sys-
tem). We can divide the features into two more main cat-
egories: “black-box”features (independent from the MT
system) and “glass-box”features (MT system-dependent).
Since in our experiments we have translations from differ-
ent MT systems, we did use only the “black-box”features.
After the feature extraction, using these quality indicators,
we can build QE model with machine learning methods.
The aim is that the predictions of the QE model are highly
correlated with human evaluations. Thus, the extracted
quality indicators need to be trained on human judgments.

4. Datasets

In our experiments, we used two corpora. The first cor-
pus (C1) contains 1950 English sentences of mixed top-
ics from the Hunglish corpus (Haldcsy et al., 2005). Be-
side the human-translated sentence pairs in this corpus,
each segment was also translated by Google translate, Bing
translate, the MetaMorpho (Novék et al., 2008) rule based
MT system and the MOSES statistical MT toolkit (Koehn
et al., 2007). The reference sentences are human translated
sentences from the Hunglish corpus. In order to get the
best performance of the QE model prediction, this train-
ing corpus was created by selecting sentences from the
Hunglish corpus, which had perfect human translations.

Fluency

1: incomprehensible

2: disfluent Hungarian
3: non-native Hungarian
4: good Hungarian

5: flawless Hungarian

1: none

2: little meaning
3: much meaning
4: most meaning
5: all meaning
0: I do not understand
this English sentence

Table 1: Adequacy and fluency scales for human evalua-
tion

The second corpus (C2) is a subset of the first one, which
contains 550 segments with human evaluated scores.

For creating human scores, we developed a website?
with a form for human annotators to evaluate the transla-
tions. In this website we can see an English source sen-
tence, and a translated Hungarian sentence. People can
give quality scores from 1 to 5, from two points of view
(Koehn, 2010): adequacy and fluency (see Table 1). We
added a 0 score (I do not understand the English sentence)
to filter out wrong evaluations. 550 sentences were evalu-
ated by at least 3 human translators. The translators were
Hungarian people who have minimum B2 level English
language skill. For building the QE model, we used the
mean of the Adequacy and the Fluency scores.

5. Methods and Experiments

For building the QE model, features as quality indi-
cators are needed, which are extracted from the corpora.
Then, with a machine learning method, human or auto-
matic evaluation scores are used to build the QE model
(see Figure 1). To create the quality indicators from fea-
tures, we used the QuEst framework. In this study, 103
features (103F) were extracted from the corpora. The set
of 103 features contains 76 features (76F) implemented by
Specia et al. and 27 additional features developed by us
(27F). In the 76F, there are adequacy features (e.g. ratio of
percentage of nouns in the source and target, ratio of num-
ber of tokens in source and target, etc.), fluency features
(e.g. perplexity of the target, percentage of verbs in the
target, etc.) and complexity features (e.g. average source
token length, source sentence log probability, etc.). The
27F contains 3 dictionary features and 24 WordNet fea-
tures.

The first task was trying features developed by Spe-
cia et al (Specia et al., 2013). First, we tried the 17 base-
line feature set (17F) (Specia et al., 2013) for Hungarian.
The 17F is language and language tool independent. Then
we performed experiments with the 76F (17F is subset
of 76F). The problem was that the 76F contains features
that use language dependent linguistic tools (e.g. Stanford
parser (De Marneffe et al., 2006), Berkeley Parser (Petrov
et al., 2006) etc.). The most commonly used linguistic
tools could not be used for Hungarian. Thus, we inte-
grated the available Hungarian linguistic tools into QuEst:
For Part-of-Speech (POS) tagging and lemmatization, we

’http://nlpg.itk.ppke.hu/node/65



used PurePos 2.0 (Orosz and Novak, 2013), which is an
open source, HMM-based morphological disambiguation
tool. Purepos2 has the state-of-the-art performance for
Hungarian. It has the possibility to integrate a morpho-
logical analyzer. Thus, to get the best performance, we
used Humor (Prészéky, 1994), a Hungarian morphologi-
cal analyzer. For NP-chunking, we used HunTag (Recski
and Varga, 2009) that was trained on the Szeged Treebank
(Csendes et al., 2005). HunTag is a maximum entropy
Markov-model based sequential tagger. There are many
language specific features that could not be extracted, be-
cause there are no Hungarian language tools for them.

5.1. Dictionary and WordNet

We used 3 features extracted from an English-
Hungarian dictionary (Novik et al., 2008):

number of matches

1
length of source sentence M
number of matches @
length of target sentence
harmonic mean of (1) and (2) 3)

We developed 24 features extracted from WordNet. We
used the Princeton WordNet 3.0 (Fellbaum, 1998) and the
Hungarian WordNet (Mihdltz et al., 2008). We collected
the synsets of the words in the source and the target sen-
tence. Then, we collected the hypernyms of the synsets
in two levels. Using the collected synsets and hypernym
synsets we counted the intersection of synsets of the source
and the target words. Features are extracted from the result
synsets:

number of weighted (x matches)

4
length of source sentence “)
number of weighted (x matches) )

number of x in source sentence
number of weighted (x matches) ©)

length of target sentence

number of weighted (x matches)
. (N

number of x in target sentence
harmonic mean of (4) and (6) 8)
harmonic mean of (5) and (7) ©)

where:

x = nouns, verbs, adjectives, adverbs

. x match
weighted (x matches) = Z ~—Teral
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TER 0.6107
BLEU | 0.3038
NIST | 5.1359

Table 2: Evaluation of T1

5.2. Machine learning

For the machine learning task, we used the Weka sys-
tem (Hall et al., 2009) to create 6 classifiers with 10
fold cross-validation: Gausian Processes with RBF kernel
(GP), Support vector machine for regression with Normal-
izedPolyKernel (SMOreg), Bagging (with M5P classifier),
Linear regression, M5Rules and M5P Tree. Further on, we
show only the results of the first two classifiers, because
these methods gain the best scores. For evaluating the per-
formance of our methods, we used the statistical correla-
tion, the MAE (Mean absolute error) and the RMSE (Root
mean-squared error) evaluation metrics. The correlation
ranges from -1 to +1, and the closer the correlation to -1 or
+1 is, the better it is. In the case of MAE and RMSE the
closer the value to 0, the better.

5.3. Experiments and optimization

We carried out experiments for four different settings:

First task (T1): C1 is evaluated using automatic eval-
uation methods: TER, BLEU and NIST(Lin and Och,
2004).

Second task (T2): using the automatic evaluation met-
rics (segment-level TER, BLEU and NIST), the 103F
and C1, QE models were built and evaluated.

Third task (T3): using C2 and the 103F, we built and
evaluated QE models trained on adequacy scores, flu-
ency scores and mean score of adequacy and fluency
scores (A+F).

Fourth task (T4): using C2, 17F, 76F and 103F, we
built the QE model, then optimized the 103F for Hun-
garian.

The experiment with human scores needed to be opti-
mized for English-Hungarian. For optimizing, we used the
forward selection method. First, we separately extracted
and evaluated each feature. Then we chose the feature
that produced the best result. Thereafter, we combined the
chosen feature with each remaining feature, and we added
the feature that produced the best combined result in each
round. Then, we continued adding features until the com-
bined result did not improve further. With this attribute
selection algorithm, we could create a feature set that con-
tains 23 features (23F).

6. Results and Evaluation

The results of T1 describe the quality of the C1 corpus.
According to the TER and the BLEU scores, 30% of the
C1 corpus are correct translations. The system-level result
of the T1 evaluation can be found in Table 2.



To predict the automatic evaluation scores with QuEst,
as we can see in Table 3, the GP method achieved the best
results in TER evaluation, in all cases. In BLEU and NIST
evaluations, the SMOreg method won in correlation and
MAE scores, but in the RMSE, the GP method was the
best.

TER | BLEU | NIST
Corr | 0.3672 | 0.4028 | 0.3254
GP MAE | 0.3202 | 0.2598 | 2.7680
RMSE | 0.4277 | 0.3335 | 3.4438
Corr | 0.3550 | 0.4404 | 0.3669
SMOreg | MAE | 03275 | 0.2201 | 2.6695
RMSE | 0.4357 | 0.3474 | 3.4777

Table 3: Evaluation of T2

In the T3 experiment, the SMOreg methods gained the
best results. As we can see in Table 4, the models trained
on Fluency scores achieved the best results. It is interest-
ing to note that during the SMOreg experiment, the fea-
tures having the highest weights, are mostly complexity
features.

Adequacy | Fluency | A+F
Corr 0.4934 | 05705 | 0.5536
GP MAE | 1.0347 | 09407 | 0.9279
RMSE | 1.1975 | 1.1208 | 1.0952

Corr 05058 | 0.6147 | 0.5851

SMOreg | MAE | 09642 | 0.8514 | 0.8621
RMSE | 12064 | 1.0827 | 1.0739

Table 4: Evaluation of T3

During T4, first, we used the 103F and A+F human
scores to build and evaluate the QE models. Then, using
the forward selection method, 23 features were selected,
and using these 23F, we built the QE models and evaluated
them. We also evaluated the C2 with the 17F and 76F. As
we can see in Table 5, using SMOreg, with the 103F we
could achieve 1% better correlation than with the 76F and
~7% better correlation than with the 17F. Using our forward
selection method, we could gain "11% better correlation
than with the 17 baseline features set. Even more the 23F
could produce “4% higher correlation than the 103F.

In Table 6, we can see the 23 features for Hungarian.
The 3 features in bold has just been developed in this re-
search.

7. Conclusion

First, we created a training corpus for English-
Hungarian translation quality estimation. The corpus con-
tains quality scores of translations, which are evaluated
by human translators. Then using the human judgements,
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Corr MAE | RMSE

17E GP 0.5101 | 0.9333 | 1.1217
SMOreg | 0.5112 | 0.912 | 1.1353

76F GP 0.5763 | 0.9076 | 1.0925
SMOreg | 0.5784 | 0.9036 | 1.1214

103F GP 0.5536 | 0.9279 | 1.0952
SMOreg | 0.5851 | 0.8621 | 1.0739

23F GP 0.5859 | 0.8704 | 1.0578
SMOreg | 0.6275 | 0.795 | 1.0292

Table 5: QE model optimization for Hungarian (T4)

we built different QE models for English-Hungarian trans-
lations. In our experiments, we used automatic metrics
and human judgements as well. In the experiment we
tried 103 features which contains 27 newly developed fea-
tures. Then, we optimized the quality model to English-
Hungarian. In the optimization task, we used the forward
selection to find the best features. We could produce a
sorted feature set which contains 23 features. These 23 fea-
tures produced 11% higher correlation than the 17F base-
line feature set, furthermore this 23F produced better re-
sults than the 103F. We propose that these 23 features can
be the baseline set for English-Hungarian translations. In
our experiments, we built different QE models, which can
be used for predicting the quality of machine translation
outputs for English-Hungarian.

In the future, we plan to try more features implemented
by Specia at al. and also further investigate the addition of
our own features. We also plan to increase the size of the
C2 corpus. Our goal is to build a stable and reliable QE
model for English-Hungarian.
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