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Abstract

In this paper we present the system we sub-
mitted to the WMT12 shared task on Quality
Estimation. Each translated sentence is given
a score between 1 and 5. The score is ob-
tained using several numerical or boolean fea-
tures calculated according to the source and
target sentences. We perform a linear regres-
sion of the feature space against scores in the
range [1:5]. To this end, we use a Support Vec-
tor Machine. We experiment with two kernels:
linear and radial basis function. In our submis-
sion we use the features from the shared task
baseline system and our own features. This
leads to 66 features. To deal with this large
number of features, we propose an in-house
feature selection algorithm. Our results show
that a lot of information is already present in
baseline features, and that our feature selec-
tion algorithm discards features which are lin-
early correlated.
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measures at word-level could be also useful for a
machine translation system to automatically correct

parts of output: for example, a translation system

translates the source sentence, then, this output is
translated with another translation system (Simard

etal., 2007). This last step could be driven by confi-

dence measures.

In previous works (Raybaud et al., 2011; Raybaud
et al., 2009a; Raybaud et al., 2009b) we used state-
of-the-art features to predict the quality of a transla-
tion at sentence- and word-level. Moreover, we pro-
posed our own features based on previous works on
cross-lingual triggers (Lavecchia et al., 2008; Latiri
etal., 2011). We evaluated our work in terms of Dis-
crimination Error Trade-off, Equal Error Rate and
Normalised Mutual Information.

In this article, we compare the features used in the
shared task baseline system and our own features.
This leads to 66 features which will be detailed in
sections 3 and 4. We therefore deal with many fea-
tures. We used a machine learning approach to per-
form regression of the feature space against scores

Machine translation systems are not reliable enougdiven by humans. Machine learning algorithms may
to be used directly. They can only be used to graspot efficiently deal with high dimensional spaces.
the general meaning of texts or help human transl&oreover, some features may be less discriminant
tors. Confidence measures detect erroneous wordescriptors and then in some cases could add more
or sentences. Such information could be useful foroise than information. That is why, in this article
users to decide whether or not to post-edit translatetfe propose an in-house feature selection algorithm
sentences (Specia, 2011; Specia et al., 2010) or $e-remove useless features.

lect documents mostly correctly translated (Soricut The article is structured as follows. In Section 2,
and Echihabi, 2010). Moreover, it is possible to usae give an overview of our quality estimation sys-
confidence measures to compare outputs from difem. Then, in Sections 3 and 4, we describe the
ferent systems and to recommend the best one (Heatures we experimented with. In section 6, we de-
et al., 2010). One can also imagine that confidencgeribe the algorithm we propose for feature selec-
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tion. Then we give the results of several configura- e Weighted average number of translations per
tions in Section 7.

2 Overview of our quality estimation

Each translated sentence is assigned a score between
1 and 5. 5 means that the machine translation output

submission

is perfectly clear and intelligible and 1 means that it
is incomprehensible. The score is calculated using

several numerical or boolean features extracted ac-
cording to the source and target sentences. We per-

form a regression of the feature space agdinsb|.

3 The baseline features

The quality estimation shared task organizers pro-
vided a baseline system including several interesting
features. Among them, several are yet used in (Ray- .
baud et al., 2011) but we give below a brief review ©OVverall, the baseline system proposes 17 features.

of the whole baseline features ket

source word in the sentence: this feature is sim-
ilar to the previous one, but a frequent word is
given a low weight in the averaging.

n-gram frequency based features: the baseline
system proposes to group the n-gram frequen-
cies into 4 quartiles. The features indicate how
many n-gram (unigram to trigram) in source
sentence are in quartiles 1 and 4. These fea-
tures indicate if the source sentence contains
n-grams relevant to the training corpus.

Punctuation based features: there may exist a
correlation between punctuation of source and
target sentences. The count of punctuation
marks in both sentences may then be useful.

4 The LORIA features

Source and target sentences lengths: there i
correlation between the sizes of source and tar-
get sentences.

3fa previous work (Raybaud et al., 2011), we tested
several confidence measures. The Quality Measure
Task campaign constitutes a good opportunity for us

Average source token length: this is the averag® compare our approach to others. We give below
number of letters of the words in the sentence brief review of our features (we cite again features
We guess that this feature can be useful becau¥dlich are yet presented in baseline features because
short words have more chance to be tool word§ometimes, we use a variant of them):

Language model likelihood of source and target e lengths: three features are generated, lengths of

sentences: a source sentence with low likeli-
hood is certainly far from training corpus statis-
tics. There is arisk it is badly translated. A tar-
get sentence with low likelihood is not suitable
in terms of target language.

Average number of occurrences of the words

within the target sentence: too many occur-

rences of the same word in the target sentence
may indicate a bad translation.

Average number of translations per source
word in the sentence: for each word in the

source sentence, the feature indicates how

many words of the target sentence are indeed
translations of this word in the IBM1 table
(with probability higher than 0.2).

!Indeed, our system takes into input a set of features, and is
able to discard redundant features (see Section 6).
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source and target sentences (already presented
in baseline features), and ratio of target over
source length

n-gram based features (Duchateau et al., 2002):
each word in the source and target sentences
is given its 5-gram probability. Then, the
sentence-level score is the average of the scores
across all words in the sentence. There are 4
features: one for each language (source and tar-
get) and one for each direction (left-to-right and
right-to-left 5-gram).

backoff n-gram based features: in the same
way, a score is assigned to a word according
to how many times the language model had to
back off in order to assign a probability to the

sequence (Uhrik and Ward, 1997). Here too,
word scores are averaged and we get 4 scores.



e averaged features: a common property ofall e out-of-vocabulary: this generates two scores,
gram based and backoff based features is thata the number of out-of-vocabulary words in the
word can get a low score if it is actually correct sentence, and the same one but normalized by
but its neighbours are wrong. To compensate the length of the sentence. These scores are
for this phenomenon we took into account the  used for both sides.

average score of the neighbours of the word be- __ .
ing considered. More precisely, for every rele- This leads to 49 features. A few ones are equiv-

vant featurer defined at word level we also alent to or are strongly correlated to baseline ones.
' As we want to be able to integrate several sets of fea-

computed: . . :
tures without prior knowledge, our system is able to
M w;)) = x(wi_p)*x (w;_1)*z (w;) discard redundant features (see Section 6).
centred ) _ . . .
v ht(wl) = zwia)rz(w) e (i) g Regression
" (w;) =z (wy * w (wi1) * T (Wit2)

Our system predicts a score between 1 and 5 for each

A sentence level feature is then calculated adest sentence. For that, we used the training corpus

Cording to the average of each new "averagea) perform the linear regrESSion of the input features
feature”. against scores given by humans. We used SVM al-

_ _ _ _ gorithm to perform this regression (LibSVM toolkit
. mtra-llnguql features: thg intra-lingual score(Chang and Lin, 2011)). We experimented two ker-
of a word in a sentence is the average of thgels: linear, and radial basis function. For the radial

mutual information between that word and th%asis function, we used gnd Search to optimise pa_
other words in that sentence. Mutual informaygmeters.

tion is defined by:

6 Feature Selection
P(w;,ws)

I(wy,wa) = P(w, wz)xlog (m) We experimented with many features. Some of them
(1) may be very poor predictors. Then, these features

The intra-lingual score of a sentence is the awnay disturb the convergence of the training algo-

erage of the intra-lingual scores of the words inithm of SVM. To prevent this drawback, we applied
this sentence. There are two features, one f@n in-house feature selection algorithm. A feature
each language. selection algorithm selects the most relevant features

_ _ by maximizing a criterion. Feature selection algo-

* cross—lmgl_JaI features: the cro_ss—llngual SCOMBthms can be divided into two classes: backward
of a word Ina targe’F sentence is the average céfnd forward (Guyon and Elisseeff, 2003). Backward
the mutual_mformatlon between that word andalgorithms remove useless features from a set. For-
the words in the source sentence. The CroSg;, .y aigorithms start with an empty feature set and
"”9“3' Score of a target sentence is the averagfisert useful features. We implemented a greedy

of its constituents. backward elimination algorithm for feature selec-

« IBM1 features: the score of the target sentenclon- It discards features until a quality criterion

by the IBM1 model. erage Error (MAE) calculated on the development
corpus:
e basic parser: this produces two scores, a bi-
nary flag indicating Wheth_er any bracketing in- MAE(s,r) = Yo |si — il @)
side the target sentence is correct, and one in- n

dicating if the sentence ends with an end of wheres is the list of scores predicted by the sys-
sentence symbol (period, colon, semi-colontem,r is the list of scores given by experts|s the
guestion/exclamation/quotation mark, commasize of these lists.

apostrophe, close parenthese) The algorithm is described below:
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Algorithm 1: Feature Selection algorithm tion, we used the files provided by the organizers:
1832 source english sentences, their translations by

the baseline translation system, and the score given
by humans to these translations. We split these files
into a training part (1000 sentences) and a develop-

begin
Start with a sefS of features
while two features inS are linearly

correlated (more than 0.99%o

L discard one of them frord ment part (832 sentences). We used the train part
CalculateMAE for S to perform the regression between the features and
repeat the scores. We used the development corpus to opti-

Decr easeMax < 0 mise the parameters of the regression and for feature
forall the featuref € S do selection. We did not use additional provided infor-
S'—S\f mation such as phrase alignment, word alignment,
CalculatenewMAE for S’ word graph, etc.
if MAE- newMAE > Table 1 presents our results in terms of MAE
Decéeecarseea'\éaé(l\}gfl and Root Mean Squared Error (RMSE). MAE is de-
L MAE- neWVAE scribed in Formula 2, and RMSE is defined by:
fchosen — f
e _ 2?21(% —1;)?
if Decr easeMax > Othen RMSE(s,r) = == 0
S« S\ fchosen
L MAE «— MAE- Decr easeMax Each line of Table 1 gives the performance for a
until Decr easeMax=0; set of features. BASELINE+LORIA constitutes the

— union of both features BASELINE (Section 3) and
LORIA (Section 4). the 'feature selection’ column

ilndicates if feature selection algorithm is applied.

For calculating the MAE for a feature set, severa, experimented the SVM with two kernels: lin-

teps are necessary: performing the regression be- . . . .
Steps ssafy. p 'ng gressi ear (LIN in Table 1) and radial basis function (RBF

tween the features and the expert scores on the train- . ) .
P In Table 1). As the radial basis function uses pa-

ing corpus, using this regression to predict the scores )
g corp 9 9 P rameters, we proposed results with default values

on the development corpus, calculate the MAE be_DEF) and with values optimised by grid search on

tween the predicted scores and the expert scorest % development corpus (OPT). MAE and RMSE are
this development corpus. .
given for development corpus and for the test cor-

7 Results pus. This test corpus (and its reference scores given

. by humans) is the one released for the shared 2012
We used the data provided by the shared taghsi. MAE and RMSE has been computed against
on Quality Estimatiofi, without additional corpus. the scores given by humans to the translations in this
This data is composed of a parallel English-Spanisfst corpus.
training corpus. This corpus is made of the con- The results show that the performance on devel-
catenation of europarl-v5 and news-commentaryl§sment corpus are always confirmed by those of the
corpora (from WMT-2010), followed by tokeniza- et corpus. The BASELINE features alone achieve
tion, cleaning (senten(_:es with more than 80 t°ke”§1ready good performance, better than ours. Al-
removed) and truecasing. It has been used for basgy,ygh the differences are well inside the confidence
line models provided in the baseline package by thgterval, the fusion of both sets outperforms slightly
shared task organizers. We used the same traifiis BASELINE. The feature selection algorithm al-

ing corpus to train additional language models (forjgys to gain 0.01 point. The gain is the same for
ward and backward 5-gram with kneyser-ney dis-

counting, obtained with the SRILM toolkit) and trig-  3https://github.com/Ispecia/QualityEstimation/blokster/

gers required for our features. For feature extradestsettar.gz
4available at https://github.com/Ispecia/Quality E stiioa/

2http://dl.dropbox.com/u/6447503/resources.thz blob/master/tesset.likert
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the optimisation of the radial basis function param- > 0.9 > 0.8 > 0.7

eters. Surprisingly, the linear kernel, simpler than | +/- | 64 103 127

other kernels, yields the same performance as radial | + | 56/49/3/4| 94/87/3/4| 117/105/6/6
basis function. - 8/0/4/4 | 9/0/4/5 10/0/4/6

In addition to MAE and RMSE results, we stud- o ) )
ied the linear correlations between features: our opaP!e 2: Statistics on the linear correlations between LO-
N . ) IA+BASELINE features
jective is to check if BASELINE and LORIA com-
plement each other. We computed the linear cor-

relation between all features (BASELINE+LORIA). by the number of tokens: the more tokens, the lower

This leads to 2145 values. Table 2 shows in line +i5ropapility. Second, the more OOV in the sentence,
the number of features pairs which correlate with aghe fewer known unigrams.

absolute score higher than thresholds 0.9, 0.8 or 0'7'Last, we present the set of features discarded by

Among these pairs we give in line + the number of \; feature selection algorithm. We give only this
pairs Wlth_posn_lve corre_lanon, and in Ime—the_' NUM-gescription for the LORIA+BASELINE set, with

ber of pairs with negative correlation. For lines Hnear kernel, The algorithm discards 18 LORIA
and -, we give 4 numbers: number of pairs, NUMgeayres out of 49 (37%) and 3 BASELINE out of
ber of LORIA-LORIA (e.g. the number of correla- 17 (1g05) The features discarded from LORIA are

tions between a LORIA feature and another LOR'Amostly averaged features basedsgram and back-
feature) pairs, number of BASELINE-BASELINE o« Ths is consistent with the fact that these fea-

pairs, number of LORIA-BASELINE pairs. We re- a5 are strongly correlated withgram and back-

mark that only6% of the pairs correlates (column o foatres. We remark that very few BASELINE
0.7, line +/-) and that the correlations are mostly beg 5 res are discarded: lengths of source and target
tween LORIA features. This last point is not sur3nq,age because these features are yet included in

prising because there are more LORIA feature; tharoriA features, and "average number of transla-
BASELINE ones. There are very few correlatlon%onS per source word in the sentence” maybe be-

between LORIA and BASELINE features. We StUd'cause the LORIA feature giving the average IBM1

ied precisely the correlated pairs. There is a StroNgobabilities is more precise. Last, we remark that

(more than 0.9) positive correlation between n-graffhe target length feature is discarded, and only ratio
and backoff based features and their averaged fegsnyeen target and source length is kept.

ture versions. Sometimes, there is also a strong cor-

relation between *forward’ and 'backward’ featuresg  conclusion

Source and target sentences lengths linearly corre-

late (0.98). This is the same case for source and tdn this paper, we present our system to evaluate the
get language model likelihoods. There is also a highuality of machine translated sentences. A sentence
correlation between forward and backward 5-grans given a score between 1 and 5. This score is pre-
scores (0.89). There are very few negative correlalicted using a machine learning approach. We use
tions between features. As they are not numeroute training data provided by the organizers to per-
one can list these pairs with correlation between form the regression between numerical features cal-
1 and -0.7: target sentence length and target lanulated from source and target sentences and scores
guage model probability; source sentence length amgiven by human experts. The features are the base-
source language model probability; ratio of OOMine ones provided by the organizers and our own
words over sentence length in source sentence afehtures. We proposed a feature selection algorithm
percentage of unigrams in the source sentence sdendiscard useless features. Our results show that
in the SMT training corpus; and number of OOVbaseline features contain already the main part of in-
words in source sentence and percentage of urirmation for prediction. Concerning our own fea-
grams in the source sentence seen in the SMT traitures, a study of the linear correlations shows that
ing corpus. These correlations are not surprisingveraged features do not provide new information
First, language model probability is not normalizeccompared to:-gram and backoff features. This last
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Dev Test
Set of features feature | kernel MAE | RMSE | MAE | RMSE
selection
BASELINE no RBF DEF| 0.63 | 0.79 0.69 | 0.83
LORIA no RBF DEF| 0.66 | 0.82 0.73 | 0.87
BASELINE+LORIA | no RBF DEF| 0.62 | 0.78 0.69 | 0.82
BASELINE+LORIA | yes RBF DEF| 0.61 | 0.77 0.69 | 0.83
BASELINE+LORIA | no RBF OPT| 0.62 | 0.77 0.68 | 0.82
BASELINE+LORIA | no LIN 0.62 | 0.78 0.69 | 0.83
BASELINE+LORIA | yes LIN 0.61 | 0.77 0.68 | 0.82

Table 1: Results of the various sets of features in terms oEMAd RMSE
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