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Abstract
This paper reports a classification based approach to translation memory (TM) cleaning as part of our participation in the shared
task on cleaning translation memories organized in NLP4TM-2016. The classification task is based on how much the target TM
segment is proper translation of the source TM segment. Among the three subtasks proposed in the shared task – binary classification
(I), binary classification (II) and fine-grained classification, we took part in the first two subtasks. Among the three language pairs
involved in the shared task – English-Spanish (EN–ES), English-Italian (EN–IT) and English-German (EN–DE), our EN–IT classifi-
cation system performed better than the other language pairs and it produced the best results among all the participanting teams in EN–IT.
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1. Introduction
Translation memory (TM) is a simple but widely used tech-
nology in the translation industry which helps the transla-
tors to improve their productivity. Translators are no longer
focused on translating texts from scratch; they rely on recy-
cling or reusing the previously translated texts. A TM is es-
sentially an aligned bilingual text database containing texts
that have been previously translated by translators. Conven-
tional TM tools divide and align each text into smaller units
called segments which usually correspond to sentences or
sentence-like units (e.g. titles, headings etc.).
With time, TM database volumes increase with new prod-
ucts and services, contents from new domains, new clients,
new translators, old translation memories inherited by new
agencies, etc. However, with the increase in size of TM, it
gradually becomes inconsistent and full of irrelevant con-
tents which slow down the translation process as well as
diminish translation quality. Therefore, to maintain suffi-
cient quality, TMs often need to be cleaned.
With TM cleaning, the translation quality improves and the
better quality of TM segments reduces the post-editing cost
and efforts. In this shared task, the TM cleaning process is
presented as a classification problem based on three scales:

• Scale 1: The corresponding translation is correct

• Scale 2: The corresponding translation is correct,
however, there are a few ortho-typographic mistakes
(i.e., minor post-editing is required)

• Scale 3: The translation is incorrect (i.e., content
missing/added, wrong meaning, etc.)

To determine whether the TM segment is correct or wrong,
three types of classification are considered in the shared
task:

• Binary Classification (I): TM segments marked by
scale 1 are considered as correct whereas scale 2 and
3 are considered as wrong.

Scale 1 Scale 2 Scale 2
EN-DE 1086 100 210
EN-IT 690 254 466
EN-ES 942 128 313

Table 1: Statistics of the training dataset

• Binary Classification (II): It is only required to de-
termine if the TM segment is correct or wrong. TM
segments marked by scale 1 and 2 should be consid-
ered as correct whie TM segments marked by scale 3
should be considered as wrong. For the test set data,
we need to mark the correct TM segments by scale 1
and wrong segmenst by scale 3.

• Fine-grained Classification: Here the task is to mark
the TM segments by fine-grained scales, i.e., scale 1,
2 and 3.

We have designed a rule based classifier which was used
to classify the test set TM segments for the Binary Clas-
sification (I) and Binary Classification (II) subtasks. The
released training TM segments are labeled with scale 1, 2
and 3. The statistics of the training set is shown in Table 1.

2. Our Approach
We used machine learning based classification technique
for the TM segment classification task. We divided the re-
leased training dataset into 2 sets – development test set
(15%) and training set (85%). The dataset was split in such
a way that both the training set and development test set
contain proportional amount of TM segments from all the
three scales – 1, 2 and 3. For the classification task, we
identified some features like TM segment length, number of
punctuations, case of first letter etc. Feature values are ex-
tracted from the training set. Case of first letter feature was
made numeric by representing it as a Boolean variable as to
whether or not the case of first letters in the source and the
corresponding target segments are same or not. This train-



ing data was fed to Weka tool1 for learning. We tried differ-
ent classification algorithms, e.g., linear regression, logistic
regression, decision tree, etc and and tested the models on
the development test set. However, from the confusion ma-
trix we found that the results were not satisfactory as most
of the wrong TM segments were being classified as correct
ones.
Then we switched to rule based classification. We mainly
tried to identify the errors in those TM segments for which
the translation was classified as wrong and based on them
we have framed some rules which we mentioned in later
part. We have used those rules to classify the entire TM
segments. Some of those features are listed below:

• Ratio of length of source and target segment should lie
in the range 0.7 – 1.2 for valid TM segments. Other-
wise there is a high chance that the segment is not a
valid translation. This range was found after analyz-
ing the lengths for all the training TM segments which
are correct translations.

• The case of the first character of source segment and
target segment should match for a valid TM segment.
If the first letter in the source segment is capital, then
the first letter of the target segment must also be capi-
tal, and vice-versa.

• If there is a word whose all characters are in capital in
the source segment, then the same word must exist in
the target segment in fully capital form for a valid TM
segment.

• For a valid TM segment, if a number is present in the
source segment then it must exist in the target segment
as well.

• Let m be the length of longest word in source segment
and M be the length of longest word in the target seg-
ment. Then, M <= 2×m for a valid TM segment.

• The same end of segment delimiter must exist at the
end of both source and target segments for a valid TM
segment.

• If hyphen (-), comma (,), colon (:), semi-colon (;), per-
cent (%), single quote (’) or double quote (”) exist as
a separate token in the source segment then the same
token must also exist in the target segment as well for
a valid TM segment.

• If hyphen (‘-’) exists as the first character in the source
segment then it must also exist in the target one for a
valid TM segment.

These features were identified and applied on the training
data. Since we used rule based classification, we do not
need any separate training data as there is no training as
such in our system; therefore, we used the entire training
data as development test set. Tables 2-4 present the results
of our experiments on the development data set.

1http://www.cs.waikato.ac.nz/ml/weka/downloading.html

Tables 3 and 4 show that the recall for ‘Positive Class’
is almost more than 10% higher than the recall for ‘Nega-
tive Class’ for Binary Classification I task in all the three
language pairs. However, for Binary Classification II task
the corresponding recall values are very close, except for
EN–IT. This is mainly because the TM segments which are
marked as scale 2 are very difficult to classify. These TM
segments typically contain some very minor errors which
make them undetectable.
Thus when scale 2 TM segments are considered as wrong
in Binary Classification I task, rather than they are classi-
fied as scale 3, they are getting classified as scale 1 by our
system and getting added to ‘Positve Class’. So the recall
for the ‘Negative Class’ reduces significantly. However, in
the Binary Classification II task, the TM segments marked
as scale 2 are considered as correct translations and they are
also classified as correct by our system as well. Only those
TM segments which are marked as scale 3 are considered
as wrong. Therefore, no error is introduced due to the TM
segments belonging to scale 2. Hence the recall values for
‘Positive Class’ and ‘Negative Class’ are very close in the
second task. The experimental results of our system on the
test set data are presented in Table 5 and Table 6.

3. Conclusions
The proposed rule based classifier2 performed best in Bi-
nary classification I task for EN-IT language pair among
all the participants. For the other two language pairs it
also performed quite well beating the two baseline systems
significantly. The use of language specific resources like
dictionary, gazetteers, NE taggers, POS taggers to extract
more features for the classification task should result in bet-
ter performance. However, these resources are costly and
are not widely available for many languages. Therefore,
instead of using language dependent features, we rely on
language independent features for this shared task.
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Language Pairs Task Name Actual Correct Actual Wrong

EN-DE
Binary Classification I Classified Correct 821 118

Classified Wrong 265 192

Binary Classification II Classified Correct 879 60
Classified Wrong 307 150

EN-IT
Binary Classification I Classified Correct 671 202

Classified Wrong 201 336

Binary Classification II Classified Correct 796 77
Classified Wrong 330 207

EN-ES
Binary Classification I Classified Correct 767 122

Classified Wrong 175 319

Binary Classification II Classified Correct 817 72
Classified Wrong 253 241

Table 2: Confusion Matrix for Training data

Language
pairs

Class Negative Class F AveragePrecision Recall F1 score Precision Recall F1 score
EN-DE 0.874 0.755 0.81 0.42 0.619 0.50 0.655
EN-IT 0.768 0.769 0.768 0.624 0.624 0.62 0.695
EN-ES 0.862 0.814 0.83 0.645 0.723 0.68 0.755

Table 3: Precision and Recall for Binary Classification I on Training data, Positive class: Scale 1 and Negative class: Scale
2 or 3

Language
pairs

Positive Class Negative Class F AveragePrecision Recall F1 score Precision Recall F1 score
EN-DE 0.936 0.741 0.82 0.328 0.714 0.45 0.635
EN-IT 0.728 0.706 0.71 0.385 0.911 0.54 0.625
EN-ES 0.919 0.763 0.83 0.878 0.769 0.82 0.825

Table 4: Precision and Recall for Binary Classification II on Training data, Positive class: Scale 1 or 2 and Negative class:
Scale 3

Language
pairs

Positive Class Negative Class F AveragePrecision Recall F1 score Precision Recall F1 score
EN-DE 0.86 0.74 0.79 0.619 0.56 0.48 0.62
EN-IT 0.81 0.81 0.81 0.7 0.7 0.7 0.755
EN-ES 0.84 0.77 0.81 0.59 0.69 0.64 0.725

Table 5: Precision and Recall for Binary Classification I on Test data, Positive call: Scale 1 and Negative class: Scale 2 or
3

Language
pairs

Positive Class Negative Class F AveragePrecision Recall F1 score Precision Recall F1 score
EN-DE 0.9 0.71 0.8 0.26 0.56 0.35 0.575
EN-IT 0.94 0.73 0.82 0.44 0.83 0.57 0.695
EN-ES 0.89 0.72 0.79 0.42 0.69 0.52 0.655

Table 6: Precision and Recall for Binary Classification II on Test data, Positive call: Scale 1 or 2 and Negative class: Scale
3


