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1 Introduction

We describe our metric, ATEC?, for automatic ma-
chine translation evaluation via two essential fea-
tures of translation quality: word choice and word
position. Its computation is based on unigram F-
measure to rate the matching of words between
candidate and reference translations, and average
difference of relative position of the matched
words.

2 The ATEC Metric
2.1  Unigram-based measure of word choice

We measure the word choice of a translation by
unigram matching rate, which can be represented
by the standard measures of precision (P) and re-
call (R), where the number of matched unigram
(M) between a candidate translation (c) and a ref-
erence translation (r) is divided by the length of
candidate translation (|c|) and reference translation
(Jr]) respectively:

P(c,r) = % R(c,r) = MTTCN'lr)

As to rely on precision or recall in isolation may be
over- or under-rate a candidate translation with less
or more words than its reference translation, the
use of their average F-measure (F) can avoid this:

2P(c,m)R(c,1)
(P(c,m) + R(c,1))

F(c,7) =

To avoid double-counting, every candidate word
is considered exhausted once it matches a refer-
ence word. We further adopt the idea of METEOR

1 ATEC: Assessment of Text Essential Characteristics

(Banerjee & Lavie, 2005) for the use of WordNet
to enhance the matching of synonyms. After an
exact matching is performed, a WordNet module
tries to search for synonyms from the remaining
words.

When multiple reference translations are availa-
ble, we try to maximize the matches between a
candidate and its references. As in example 12, the
candidate shares 8 words with reference 1 (in un-
derline) and 6 words with reference 2 (in italic)
respectively. If we extend the matching to both
references, there will be 9 matched words. We
think that this is a better way to utilize reference
translations as to provide more variation of possi-
ble word choices.

In the computation of recall under the situation
of multiple references, the average reference length
is used as the denominator, which also serves as an
upper limit of the number of matches. Extra
matches will not be counted. This avoids the case
of a recall larger than 1.

Example 1:

Reference 1: US treasury offers 14 billion of 30
year treasury bonds

Reference 2: American treasury department
auctions 14 million dollars' worth of 30 year
maturity bonds

Candidate: The US treasury offers 14 billion
dollars of bonds with a due term for 30 years

It may be the case that an MT system tries to
game the metric by generating more synonyms in
its outputs to match more words of multiple refer-
ences, such as in example 2. This will be penalized
by its longer length in precision, and a larger pe-

2 Excerpted from the development data of MATRO08 with
some modifications.



nalty of word position difference which will be
illustrated in next subsection.

Example 2:

Candidate: The American US treasury department
offers auctions 14 billion dollars worth of
treasury maturity bonds with a due term for 30
years

2.2 Penalty of word position difference

Instead of strictly requiring those matched words
in consecutive order as n-gram based metrics such
as BLEU (Papineni et al., 2001) does, we propose
another measurement based on word position. We
think that every word has its proper word position
in a sentence to contribute to a particular sentence
meaning. For instance, in example 3a, candidate 1
has a different meaning from the reference al-
though they share the same words. Candidate 2
shares many consecutive words with the reference
(i.e., “chases a thief”, “the police”), but it is un-
grammatical. Candidate 3 shares the least words
and none of bigrams or above with the reference,
but it has the closest meaning to it.

Example 3a:

Reference: the police chase the thief
Candidate 1: the thief chase the police
Candidate 2:  chase the thief the police
Candidate 3:  a police quickly chase a thief

To account for their variances in word order, we
first assign an absolute position to each of the
words of both candidates and references. The abso-
lute positions are then converted to relative posi-
tions by dividing them to the lengths of candidate
or reference in order to normalize the length differ-
ence of each sentence, as shown in example 3b.

Example 3b:

Reference: the police chase the thief
Absolute position: 1 2 3 4 5
Relative position: 0.2 0.4 06 08 10

Candidate 1: the thief chase the police
Absolute position: 1 2 3 4 5
Relative position: 0.2 0.4 06 08 1.0

Candidate 2:  chase the thief the police
Absolute position: 1 2 3 4 5
Relative position: 02 04 06 08 1.0

Candidate 3:  a police quickly chase a thief
Absolute position: 1 2 3 4 5 6
Relative position: 0.17 0.33 0.5 0.67 0.83 1.0

For each candidate, their words are aligned to
corresponding words in the reference. If a candi-
date word can be aligned to more than one refer-
ence words, like the word “the” in C1 and C2 of
example 3c, the reference word in its closest rela-
tive position is chosen. After this alignment
process, a word position difference between a can-
didate and a reference is then calculated by divid-
ing the summation of the differences of relative
position of each candidate-reference word align-
ment with candidate sentence length, like the cal-
culations in example 3c.

Example 3c:

R: the police chase the thief

02 04 06 08 10
PosDiff = (0+0.6+0+0+0.6) /5

|
C1.: the thief chase the police =0.24
02 04 06 08 10

R: the police chase the thief
02 04 06 08 10

W POSDiff = (0.4+0.2+0.4+0+0.6) /5
C2: chase the thiéf the police =0.32

02 04 06 08 10

R: the police chase the thief
02 04 06 08 10 PosDiff=(0.07+0.07+0) /6
=0.02

C3: a police quickly chase a thief
017 033 05 067 083 1.0

In the case of multiple references, each candi-
date word is aligned to a corresponding reference
word of any references in its closest relative posi-
tion. As shown in example 3d, the candidate words
“the”, “police” and “thief” are aligned to their
closest counterparts in R1 (in black lines) rather
than in R2 (in grey lines).

Example 3d:

R1: the police chase a thief
02 04 06 08 1.0

I
R2: thlef is chased by \the police
04 0. |9 043 057\ 0.71 |.6 1.0

\

C: the police quickly chsse the thief
017 033 05 067 083 10

After a word position difference between a can-
didate and one or more references is calculated, it
is then converted to a penalty rate for the candi-
date. According to our empirical experiment, the



word position difference has to be multiplied by a
coefficient 4 as follows for the highest correlation
with human judgment.

Penalty =1 — (PosDiff x 4)

If the word position difference (PosDiff) of a can-
didate is larger than 0.25, like C2 of example 3c,
the penalty will be smaller than 0. In this case the
penalty will be adjusted to 0.

2.3  Formulation of ATEC

Currently the computation of ATEC is on sentence
level. By default, punctuations are removed from
each candidate and reference translation, and the
measurement is performed in a case insensitive
manner. For each candidate sentence, the ATEC
score is computed by combining the unigram F-
measure and the penalty of word position differ-
ence in the following formula:

ATEC = F(c,r) * Penalty

After the ATEC scores of each candidate sentences
of a system are calculated, they are averaged into a
corpus level score for that system.

3 Conclusion

We have presented an MT evaluation metric,
ATEC, which tries to model two essential features
of translation quality, i.e., word choice and word
position. We try to provide independent measures
of them such that each feature can be manipulated
and optimized in a flexible way. In this way, the
resultant score is intuitive. We can easily relate
between unigram F-measure and word choice, and
between average word position difference and
word position; hence understand the performance
of a system in more details apart from merely a
system ranking.

The current ATEC metric only encodes two fea-
tures of translation quality. We are sure that there
are many others that can be included. In our view-
point, a holistic perspective of MT evaluation
based on multiple facets of translation quality is
the final solution of MT evaluation. Now we al-
ready have many useful evaluation metrics operat-
ing on the words shared by candidate and reference
translations. Our current focus is on the unmatched

words which is still an explored field waiting for
harvest. Besides, we will continue the study of the
performance of ATEC in different languages as
well as in the evaluation of other language tech-
nologies.

For further information about ATEC and its im-
plemented version, please visit the following site:

http://144.214.20.216:8080/ctbwong/ATEC/index.
html
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